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Abstract
Name ambiguity is a common problem in many bibliographic repositories affecting data integrity and validity. This article
presents an author name disambiguation (AND) literature review using the theory of the consolidated meta-analytic approach,
including quantitative techniques and bibliometric aspects. The literature review covers information from 211 documents of
theWeb of Science and Scopus databases in the period 2003 to 2022. A taxonomy based on the literature was used to organize
the identified approaches to solve the AND problem. We identified that the most widely used AND solving approaches are
author grouping associated with similarity functions and clustering methods and some works using author assignment allied
to classification methods. The countries that publish most in AND are the USA, China, Germany, and Brazil with 21%, 19%,
13% and 8% of the total papers, respectively. The review results provide an overview of AND state-of-the-art research that
can direct further investigation based on the quantitative and qualitative information from the AND research history.

Keywords Name ambiguity · Author name disambiguation · Bibliographic repository · Theory of the consolidated
meta-analytic approach · Literature review

1 Introduction

Scientific digital bibliographic repositories, such as DBLP
[1], AMiner [2], and CiteSeerX [3], provide bibliographic
information offering features that allow the identification
of scientific research, authors, and their respective commu-
nities. Such repositories can list millions of bibliographic
records presenting a vital source of information for aca-
demic communities and allowing relevant publication search
in a centralized way [4]. In addition to the literature search
facility, these digital libraries provide functional analysis and
information used for decision-making by funding agencies

B Natan S. Rodrigues
natan5souza@gmail.com

Ari M. Mariano
arimariano@unb.br

Celia G. Ralha
ghedini@unb.br

1 Computer Science Department, Exact Sciences Institute,
University of Brasilia, Campus Universitário Darcy Ribeiro,
Federal District, Brasília 70910-900, Brazil

2 Production Engineering Department, Faculty of Technology,
University of Brasilia, Campus Universitário Darcy Ribeiro,
Federal District, Brasília 70910-900, Brazil

and academic institutions for grants and individual promo-
tion decisions [5].

Name ambiguity may arise in citation records when an
author’s name is not accurately identified. This situation can
occur when an author is listed in the bibliography using dif-
ferent names or when two or more authors have the same
name.

This problem can be due to many reasons, including name
changes due to personal reasons, variations in the translitera-
tion of non-Roman names, typographical errors, the absence
of standard practices, and decentralized content generation,
such as through automatic harvesting. These aspects have
been discussed in various studies, as evidenced in previous
literature [6–8].

Consequently, the effectiveness of the primary functions
of digital bibliographic repositories, including searching,
navigating, and suggesting content, can be significantly
impacted by the uncertainty surrounding author names.
These issues may impact significantly the accuracy and reli-
ability of citation records, which can affect the quality of
scientific research [4].

However, developing effectivemethods forAND is a chal-
lenging task. In the literature, there are different approaches
to solving this problem, with techniques varying from
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Fig. 1 The taxonomy used in this literature review [4, 11]

heuristic-based to more complex methods that leverage arti-
ficial intelligence with supervised and unsupervised learning
[9]. This set of methods forms an area of study known as
Author Name Disambiguation (AND) [10].

With the scientific interest and concern for AND, litera-
ture reviews presenting different methods are emerging. The
review of [5] provides techniques available in the literature
from 2010 to 2016, comparing them at an abstract level, dis-
cussing limitations, and classifying them into five categories.
But these categories only classify the techniques, unlike
other review approaches that classify the type of evidence
explored. The authors in [11] presented a brief survey of
AND automatic methods and proposed a taxonomy for clas-
sifying the techniques, including explored evidence types. In
[4], the authors updated the review emphasizing the previ-
ous taxonomy and sorting automatic techniques for AND in
bibliographic repositories (2003–2020).

In [12], the literature review focuses on approaches that
applied AND methods in the PubMed bibliographic reposi-
tory until 2019. The authors proposed a new taxonomy with
a subdivision of the category author grouping based on the
taxonomy presented in [4, 11] with similar evidence types
explored. A recent review analyzes the development of incre-
mental ANDmethods using similarity comparison strategies
from 2011 to 2020 [13].

In this literature review work, we use the hierarchical tax-
onomy proposed by [4, 11] to classify AND approaches.
The documents found during this review fit adequately in the
taxonomy classifications according to the diagram shown in
Fig. 1. In the sequence, ANDmethods and techniques of this
taxonomy are detailed.

1.1 Type of approach

• Author Grouping aims to group references of the same
author using a type of similarity by analyzing the
attributes of these references. Usually, these methods use
clustering techniques, pre-defined similarity functions,
or machine learning techniques, extracting information

from co-authorship relationships or a set of heuristic
rules.

• Author Assignment methods assign each author record
using the construction of a model that represents the
author. Thesemethods aim todirectly attribute the author-
ship record to their respective authors, adopting some
classification or clustering technique.

1.1.1 Explored evidence

• Citation Information extracts information directly from
the citation records, such as author and co-author names,
paper titles, year of publication, and other information.
These attributes are themost commonly usedANDmeth-
ods available in the literature. However, sometimes they
do not provide enough information about the approaches
used.

• Web Information is extracted from the Web and used as
supplementary information about an author’s publication
profile. This obtained information is used as attributes to
calculate the authorship record similarity.

• Implicit Evidence is obtained from visible attribute ele-
ments, such as the latent topics of a citation which returns
each topic probability given a particular citation. This
value is used as an attribute or evidence to calculate the
similarity between authorship records.

Analyzing the reviews presented, we note they classify
AND approaches, describe the main characteristics, and pro-
pose a taxonomy for classification. In contrast, our review
work imposes questions focusing on the most cited works,
most relevant authors, most-used approaches, and pursued
lines of research. To answer such questions, we use meta-
analysis based on statistics to summarize the work results.
TheTheory ofConsolidatedMeta-analyticApproach (Teoria
do Enfoque Meta-analítico Consolidado - TEMAC [14], in
Portuguese) is used to collect data on AND area with quan-
titative information available in bibliographic repositories,
such as the Web of Science (WoS) and Scopus. However, a
systematic review answers research questions by collecting
and summarizing empirical evidence that fits pre-specified
eligibility criteria as suggested by [15, 16]. We think a sys-
tematic review would add investigation threads to our work
in a complementary way but not replaceable. In addition, a
meta-analytical AND review has not been conducted to date,
creating a foundation for forthcoming research endeavors
that will contribute to the existing body of knowledge built
upon prior review studies [5, 11, 12].

The following sections present the literature review
methodology, results and analysis, and conclusions with
future work.
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2 Methodology

Traditionally, systematic literature reviews focus on access-
ingmany different digital bibliographic repositories to enrich
the findings [15, 16]. In this work, a consolidated meta-
analytic approach was chosen to carry out a literature review
because of the methodological advantage, as its process
reduces the access to private scientific digital bibliographic
repositories minimizing bias and maximizing the coverage
possibility. Specifically, considering the Brazilian Public
Universities, there is a free access tomajor scientific reposito-
ries such as Scopus andWoS through the Periodicos portal of
the Coordination for the Improvement of Higher Education
Personnel (Coordenação de Aperfeiçoamento de Pessoal de
Nível Superior - CAPES), institution linked to the Ministry
of Education in Brazil.

The TEMAC [14] emerged as an exploratory solution,
supported by prior strategies and grounded in bibliometric
principles focusing on the need to unify various systematic
methodswith ameta-analytical frameworkwith recent publi-
cations [17, 18]. Moreover, the AND meta-analytical review
studies have not yet been conducted, starting a point for future
research work adding to the body of knowledge of existing
systematic review studies.

The TEMAC consists of three steps, the research prepara-
tion, data presentation and interrelation, detailing integration
model, and validation by evidence as presented in the
sequence.

2.1 Research preparation

The reviewpreparation step is vital aswrong choices generate
unsatisfactory results (e.g., inadequate search strings). The
work of [19], using meta-analytic analysis, states that one of
the essential stages in review studies is the reading of articles
to define specific criteria to include and exclude studies. We
defined specific criteria for inclusion (IC) and exclusion (EC)
to guide the selection of academic works as follows:

• IC-1: primarily addressing AND as an integral compo-
nent of the study.

• IC-2: published in peer-reviewed conferences or journals,
available in major bibliographic repositories.

• EC-1: works that are not available in online repositories.
• EC-2: primarily associated with domains other than
information systems, computer science, and engineering.

• EC-3: published beyond the timeframe of 2003–2022.

These choices were substantiated by addressing four fun-
damental questions during the selection process:

1. What is the search descriptor, string, or keyword?

The string “author name disambiguation" is used without
and/or connectives to include studies in different contexts
and scientific bibliographic repositories.

2. Which are the databases?
TheWoSandScopus bibliographic repositories, esteemed
within numerous academic communities, were chosen
due to the fact that the works within these databases
emanate frompeer-reviewed conferences or journals. This
decision was grounded in WoS’s extensive temporal cov-
erage and Scopus’s comprehensive scope of science and
technology journals. These databases are complementary
and widely employed in literature reviews.

3. What is the space-time field of the research?
Temporal delineation is crucial, as databases have vary-
ing time coverage. These documents ranged from 2003,
which marked the first work on AND on the web, to 2022.

4. Which are the knowledge areas?
We determined the knowledge domains after examining
the documents included in theWoS and Scopus databases.
After this examination, the domains were categorized
into Computer Science, Social and Information Sci-
ences, Medicine, Engineering, and Mathematics. Table 1
presents AND knowledge areas in both databases.

Using a meta-analytic review approach establishes a
foundation for conducting an exploratory study, ensuring
the inclusion of relevant works for constructing up-to-date
knowledge of the research AND area.

2.2 Data presentation and interrelation

This section covers the data presentation and interrelation
aspects of TEMACmeta-analytical framework, including the
laws and tools used in the exploratory study of the AND
research area.

2.2.1 Laws

The TEMAC meta-analytical overall framework includes
quantitative techniques and bibliometric aspects based on
three laws.

• Bradford’s law [20] allows finding journals that publish
the most on the topic. The scientific journals of an area
should be ordered in a decreasing manner according to
their productivity, generating nuclei where appear few
journals usually account for a high share of total publi-
cations. While a high number of journals publish fewer
articles in the area [21]. This law also measures biblio-
graphic dispersion, how much knowledge is dispersed in
journals. The Bradford’s law is computed from the jour-
nals n that have published themost articles on the subject,
which would be the core. As one moves away from the
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Table 1 Knowledge areas in WoS and Scopus databases

WoS Scopus

Information Science & Library Science Computer Science

Computer Science Information Systems Social Sciences

Computer Science Interdisciplinary Applications Mathematics

Computer Science Theory Methods Engineering

Computer Science Artificial Intelligence Decision Sciences

Engineering Electrical Electronic Medicine

Computer Science Software Engineering Multidisciplinary

Multidisciplinary Sciences Business, Management and Accounting

Telecommunications Arts and Humanities

Computer Science Hardware Architecture Materials Sciences

Medical Informatics Agricultural and Biological Sciences

Health Care Sciences Services Biochemistry, Genetics and Molecular Biology

Mathematics Interdisciplinary Applications Energy

Medicine General Internal Neuroscience

Operations Research Management Science Physics and Astronomy

Physics Multidisciplinary

Business

Cardiac Cardiovascular Systems

Computer Science Cybernetics

Education Educational Research

Education Scientific Disciplines

Engineering Mechanical

Management

Mathematical Computational Biology

Medicine Research Experimental

Physics of Fluids and Plasmas

Physics Mathematical

Regional Urban Planning

Social Sciences Mathematical Methods

Statistics Probability

core, an increasing proportion of the articles in the subse-
quent zones is observed 1:n:n2:n3. In the context of this
study, Bradford’s law facilitates citing a limited number
of scientific journals in the AND area, which collectively
account for a substantial portion of the total publications.

• The Elitism or Prince law is born from Lotka’s Law
[22], one of the most discussed models under biblio-
metrics, which states that the number of authors making
n contributions is about 1/n2 of those making a single
publication. The Elitism law seeks to reveal the most
important (most-cited) authors and papers employing the
square root of the total number of authors, unveiling what
is considered an elite. If n represents the total number
of authors,

√
n would represent the elite of the studied

area. In this study, the most cited authors reveal the most

important authors and documents responsible for more
than half of the contributions in the AND area.

• The 80/20 law (Pareto rule) [23] is inspired by informa-
tion systems used in commerce and industry, where 80%
of information demand is satisfied by 20% of the set of
information sources. In this work, this law searches for
more relevant journals, conferences, countries, and uni-
versities that publish the most in the AND area, and the
choice of more representative keywords.

2.2.2 Tools

Thedata presentation and interrelation using the consolidated
meta-analytic approach of TEMAC allows for a review of the
most relevant authors and citations, journals, countries, orga-
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nizations, or universities, and knowledge areas most related
to the research field. To perform the data analysis review,
we used the VOSviewer bibliometric tool [24], and the Bib-
lioTools [25, 26].

The VOSviewer tool for visualizing and analyzing bib-
liometric networks provides insights into patterns, relation-
ships, and trends in the research literature. The VOSviewer
allowed the production of visual representations of biblio-
metric data. The co-authorship and co-citation networks’
visualization with research clusters, influential authors, and
new research directions help reveal relationships between
authors and documents in review works. In summary, the
VOSviewer tool helps to explore large bibliometric datasets,
contributing to understanding the landscape of research
fields.

BiblioTools is a suite of Python scripts for bibliomet-
ric analysis integrable to different digital repositories, with
numerous functions, such as data mining, data processing,
data analysis, keyword visualization, and automated report
generation. BiblioTools makes it possible to refine and clean
raw data with a preprocessing script preparing the dataset
for analysis. We explored our data, producing a variety
of co-occurrence networks, such as co-words, co-authors,
and co-citations. The BiblioTools allows the visualization
of bibliographic coupling networks and clusters, providing
information about publications, authors, and research topic
connections.

Using theBiblioTools andVOSviewer,we extracted infor-
mation as follows.

1. An analysis of journals and conferences with the largest
number of documents on the topic;

2. Journals with the largest number of documents;
3. Publications in journals and conferences per year;
4. Authors who published the most versus most cited

authors;
5. The countries that published the most;
6. Organizations or Universities that published the most;
7. Knowledge areas that most publish;
8. Keyword frequency.

2.3 Detailing, integratingmodel and validation by
evidence

In the third step, deeper analyses allow a better understanding
of the topic, selecting principal authors, approaches, lines of
research, and validation by evidence with a comparison of
results from the different databases.

This evidence is obtained with the analysis of co-citations
and bibliographic coupling maps. The co-citation method
connects different authors and documents based on their
appearance together in the lists of references obtained in

Fig. 2 Documents obtained in the Scopus, WoS, and the merged
databases

Table 2 Document types in the databases

Document type WoS Scopus Merged

Journal Article 81 90 98

Conference Article 62 85 87

Conference Review 0 14 14

Review 3 5 5

Book Chapter 0 1 1

Data Paper 1 1 1

Erratum 2 1 3

Early Access Article 2 0 2

Total 151 197 211

the bibliographic repositories. On the other hand, the bibli-
ographic coupling method connects authors and documents
based on the number of references they share between them.
In other words, while the co-citation presents works con-
stantly cited together and may show similarities between
studies, the coupling uses the premise that works that quote
the same articles have similar contexts, but indicate the cur-
rent research fronts using up-to-date space-time.

Co-citation and coupling analyses are commonly used
in systematic reviews [27–31]. They fulfill the functions
of revealing the main research approaches, establishing the
fronts, and revealing future research directions [14]. By
establishing a link between references (past) and the most
prominent works (future), they fulfill the function of snow-
balling in an automated way. Thus, through co-citation, one
can understand the main approaches of the past while the
coupling identifies the primary current studies. Also, the
keyword cloud is essential for revealing lines of research
demonstrating the different applications in certain areas [19].
The keyword cloud is usually carried out using the frequency
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Table 3 Journals with the largest number of documents

Journal h-index SJR WoS Scopus Merged

Scientometrics 123 0.929 21 19 21

Journal of the Association for Information Science and Technology 150 0.848 8 8 8

Journal of the American Society for Information Science and Technology 18 4 4 4

Journal of Information Science 69 0.761 3 3 3

Journal of Informetrics 77 1.437 4 3 4

IEEE Access 158 927 2 3 4

Fig. 3 Evolution of journal and conference publications per year

of keywords and can be enhanced by using the co-occurrence
of these words.

3 Results and analysis

The database search results returned 197 documents in Sco-
pus, where 137 were also in the WoS. The data export
included the complete work records, including fields of
Author, Title, Abstract, Keywords, Addresses, and Cited Ref-
erences. For a broad literature review investigation, we
handled a merge with the documents obtained in the WoS
and Scopus databases when 14 unique ones compose the

WoS database. Figure2 presents a Venn Diagram with 211
documents recovered in both bibliographic databases. Addi-
tional informationon the literature review results and analysis
using BiblioTools [25] is available.1

3.1 Data presentation and interrelation

In this step, we present the literature review interrelation-
ship of data and quantitative information. Table 2 presents
document types in WoS and Scopus databases. On the WoS,
approximately 53% (81) are journal articles, 41% (62) con-
ference articles, 2% (3) reviews, 2.6% (4) erratum and early

1 https://adan2and.site/.
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Fig. 4 Distribution of documents by knowledge area in the merged
databases

Table 4 Number of Authors versus Number of Publications (merged
database)

Number of documents Number of authors

13 2

12 1

11 1

7 1

6 2

5 6

4 8

3 13

2 53

1 351

access, and 0.6% (1) data paper. According to the Scopus
database, approximately 45.6% (90) of documents are jour-
nal articles, 43.1% (85) conference papers, and the remainder
divided into conference reviews 7.1% (14), review 2.5%
(5), book chapter 0.5% (1), data paper 0.5% (1), and erra-
tum 0.5% (1). Considering the documents obtained from the
databasesmerged, 46.4%(98) are journal articles, 41.2%(87)
conference articles, 6.6% (14) conference reviews, 2.3% (5)
reviews, 3.3% (7) are divided into book chapters, data paper,
erratum, and early access.

According to Table 3, most documents are journal-type.
The Scientometrics, h-index of 123, and SJR of 0.929 is the
one with the most publications in the AND area with 21
publications in the WoS and the merged databases. The rest
of the journals have 23 publications in the merged database.
The IEEE Access has the highest h-index of 158 and an SJR
of 927, but only four publications in the merged databases.
It is also possible to verify that in this set of documents, the
journals related to the Information Science area are in the
majority.

The document distribution among the databases is simi-
lar, where we can see that most are journal and conference
articles. Figure3 presents the evolution of publications in
journals and conferences per year. Note that in all cases,
journals and conference documents have alternated over the

years. However, considering recent years 2020 to 2022, the
amount of journal articles has increased.

As shown in Fig. 4, the knowledge area of Computer Sci-
ence (34.1%), Social Sciences (13.8%), and Engineering
(10.8%) are related to more than half of the total num-
ber of AND documents in the WoS and Scopus merged
database (58.7%). The leadership inComputer Sciencemight
be related to the fact that AND is an open problem in the
area, triggeringmethods and approaches to solve it. Although
some works use databases related to the Medicine domain
(PubMed [32]), this area corresponds to 3.8% of all docu-
ments.

Based on the literature review method, it is possible
to identify the authors with the most publications and the
most cited ones. Considering the WoS, Scopus, and merged
datasets, we empirically tested what number of publica-
tions would present an appropriate citation index to filter
authors. As presented in Table 4, the number of documents
decreases as the number of authors increases. We checked
through statistical observation, that 97% of the authors have
fewer than five publications. Using a well-established bib-
liometric principle (the Elitism or Prince law, presented in
Sect. 2.2), a small number of authors contribute to a large
number of publications. Thus, selecting authors with at least
five publications, we focus on the most prolific authors and,
presumably, the most influential in the field. With this filter,
theWoS database returned eight authors, and Scopus and the
merged returned 13. We analyzed these authors, comparing
the number of documents and citations.

As shown in Table 5, the author with the highest num-
ber of documents from the WoS database was Jinseok Kim
(12). However, the results for Scopus and merged databases
showed thatM. A. Gonçalves was the author with the highest
number of documents (13). This author was the most cited
in the WoS database (305). However, with authors not previ-
ously identified in theWoS database but found in Scopus and
the merged databases presented Torvik’s works [33–37] with
more citations (549). In addition, in the merged database,
Torvik’s work [36] is the most cited one (189).

As shown in Fig. 5,wemeasured the number of documents
and citations by countries using information from the WoS,
Scopus, and merged databases. Following the specification
of cited authors and document quantity per author (Table 5),
we filtered the countries of the merged databases with five
or more publications. Regarding documents by region, the
USA, China, Germany and Brazil lead the list of countries
that publish the most, considering the three databases. In the
WoS and Scopus merged databases, for example, the USA
has 45 (21.3%) documents, China 41 (19.4%), Germany 28
(13.2%), and Brazil 18 (8.5%).

According to the graph in Fig. 6, information about the
number of citations changes compared to the number of
documents. The USA, Brazil, and China present the most
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Table 5 Most cited authors and authors’ documents

Author Doc. WoS Citations WoS Doc. Scopus Citations Scopus Doc. Merged Citations Merged

Gonçalves, M. A. (Orcid: 0000-0002-2075-3363) 9 305 13 507 13 507

Kim, J. (Orcid: 0000-0001-6481-2065) 12 85 13 166 13 166

Ferreira, A. A (Orcid: 0000-0002-2487-6600) 8 302 12 500 12 500

Laender, A. H. F. (Orcid: 0000-0001-5032-2233) 7 297 11 499 11 499

Asghar, S. (Orcid: 0000-0001-6883-3584) 6 43 6 72 7 72

Hussain, I. (Orcid: 0000-0002-1586-1503) 6 43 6 72 6 72

Smalheiser, N. R. (Orcid: 0000-0003-1079-3406) 3 306 6 524 6 524

Chandra, J. (Orcid: 0000-0001-5994-9024) 5 13 5 18 5 18

Giles, C. L. (Orcid: 0000-0002-1931-585X) 4 35 5 168 5 168

Mondal, S. (Orcid: 0000-0002-2159-3410) 5 13 5 18 5 18

Torvik, V. I. (Orcid: 0000-0002-0035-1850) 3 340 5 549 5 549

Veloso, A. (Orcid: 0000-0002-9177-4954) 3 69 5 166 5 166

Zhang, L. (Orcid: 0000-0003-2104-0194) 2 5 5 10 5 10

Fig. 5 Documents by country

citations. The USA leads comfortably with 1337 document
citations. Also, it is possible to verify that Brazil (510) has
more document citations than China (311), with a lower doc-
ument number. China’s citation number is very close to the
amount fromGermany (51). ButGermany is the third country
that publishes the most.

We filtered the number of publications per year on the
three databases studied. As proposed in the literature review
method, the selected documents were from 2003 to 2022.
Analyzing Fig. 3 that uses the WoS, Scopus, and merged
databases, it is possible to observe a publication increase in
the AND area since 2003 but with a decrease in publications
in 2015, considering that in 2014 there was growth. It is also
important to note that even with a world pandemic scenario
in 2020 and 2021, there was a growth in publications com-
pared to previous years. In 2022, we did not obtain the total

number of publications, requiring a new survey in 2023 to
validate the annual growth.

We conducted the same analysis of publications and cita-
tions by organizations that publish studies in the AND area.
We included organizations with more than 20 citations in
each database (WoS and Scopus) as presented in Table 6.
Considering WoS and Scopus merged databases, we found
that North American and Brazilian organizations regularly
publish with good document citation scores.We checked that
most publications are done jointly in Brazil. The Departa-
mento de Ciência da Computação da Universidade Federal
de Minas Gerais and the Departamento de Computação
da Universidade Federal de Ouro Preto. These two orga-
nizations have 18 publications and 682 citations. Unlike
Brazilian organizations, North American organizations usu-
ally do not publish together. However, each organization has
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Fig. 6 Citations by country

Table 6 Documents and citations by organizations

Organization Country Doc. WoS Citation WoS Doc. Scopus Citation Scopus Doc. Merged Citation Merged

School of Information Sciences,
University of Illinois at
Urbana-Champaign

USA 11 482 2 58 11 498

Departamento de Ciência da
Computação, Universidade
Federal de Minas Gerais

Brazil 9 305 7 359 10 392

Departamento de Computação,
Universidade Federal de Ouro
Preto

Brazil 7 228 4 231 8 290

Institute for Research on
Innovation & Science, University
of Michigan

USA 12 176 6 76 12 192

School of Information
Management, Wuhan University

China 4 65 4 28 7 115

Heidelberg Institute for Theoretical
Studies (GGMBH)

Germany 4 58 4 65 4 65

Microsoft Research USA 3 25 2 32 4 44

Mathematics Department, Fiz
Karlsruhe, Berlin

Germany 2 36 2 41 2 41

Computer Science and
Engineering, Pennsylvania State
University, Univ. Park

USA 4 42 2 27 4 61

many publications. The Information Sciences School of Illi-
nois University at Urbana-Champaign has 11 publications
and 498 citations. The Institute for Research on Innovation
& Science of Michigan University has 12 publications with
192 citations.

Using the document titles and abstracts in the WoS and
Scopus merged databases, we generate a word cloud as

shown in Fig. 7.The cloud included words related to the
AND problem and solving approaches, such as data, clus-
tering, information, learning, similarity, publication, model
network, libraries, and graph. In the bibliographic co-citation
and coupling analysis, such approaches validate the recurrent
use of the methods in the AND area.
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Fig. 7 Word cloud considering document titles and abstracts in theWoS
and Scopus merged databases

Table 7 Correspondence references cited in Figs. 8 and 10

Co-citation analysis (Fig. 8) Coupling analysis (Fig. 10)

Shin [38]—Cluster 1 Zhang [39]—Cluster 1

Ferreira [40]—Cluster 1 Kim [41]—Cluster 1

Kim [42]—Cluster 2 Xu [33]—Cluster 2

Kim [43]—Cluster 2 Colavizza [44]—Cluster 3

Levin [45]—Cluster 3

Ferreira [11]—Cluster 3

Cota [46]—Cluster 3

Smalheiser [35]—Cluster 3

Torvik [36]—Cluster 4

Torvik [34]—Cluster 4

3.2 Detailing, integratingmodel and validation by
evidence

In this section,we present the third step of the reviewmethod-
ology, including the co-citation analysis, bibliographic cou-
pling analysis, and overview of AND publication.

Table 7 provides a direct relationship between the refer-
ences shown in the Figs. 8 and 10 and their corresponding
representations in the text, which helps to improve the read-
ability and clarity of our results.

3.2.1 Co-citation analysis

In the co-citation analysis of Fig. 8, we identify a similarity
between the authors’ contributions and their areas of study
interest. There are four dark red spots representing co-citation
cores. Below,wewill detail the leading studies of each cluster
and classify them according to the taxonomy used in this
literature review (Fig. 1).

Cluster 1
This cluster consists of two works, Shin et al. [38] and

Ferreira et al. [40], which use co-authorship information for

disambiguation. This similarity indicates the proximity in
the heat map and justifies the high co-citation of the cluster.
However, the computational approach for disambiguation is
different. The work of [38] has an approach based on graphs
constructed with co-authorship relations to solve the AND
problem using theDBLP andArnetminer databases. Accord-
ing to the taxonomy, we can classify the type of approach
as Author Grouping and the explored evidence as Citation
Information and Web Information.

The work presented by Ferreira et al. [40] uses a three-
step approach for AND. First, using a heuristic based on
co-authorship makes the citations clustered. Using similari-
ties, someof these clusterswill be selected to become training
data in the second step. In the third step, the selected clusters
are added into an associative name disambiguator with self-
training capabilities. This work is classified according to the
taxonomy in the type of approach as Author Assignment and
explored evidence as Citation Information andWeb Informa-
tion (i.e., data extracted from DBLP and BDBComp).

Cluster 2
While neither of the two works in this cluster suggests a

direct solution for the AND problem, they do provide strate-
gies that help resolution approaches. The cluster appearance
is justified by their high co-citation in the literature, serv-
ing as a basis for other studies. Kim et al. [42] introduce
a method for generating labeled data to compose machine
learning approaches. With test runs, the proposal achieved
high performance compared to works in the literature. Kim
[43] implements a framework integratingfivevalidationmea-
sures for AND approaches using clustering. This integration
may help scholars in the AND area to compare the simi-
larities and differences of the various validation measures
before selecting the ones that best characterize the clustering
performances of their AND methods.

Cluster 3
The authors in [35] present a brief literature review

focusing on the definition and challenges of the AND prob-
lem. Ferreira et al. [11] conducted a literature review with
approaches to AND resolution, suggesting a taxonomy for
classifying these approaches. We observed that the two
reviews are close compared to thewhole heatmap, evidencing
a large co-citation of these papers in the studied databases.

Two otherworks propose approaches toAND. First, Levin
et al. [45] present a self-supervised algorithm that uses boot-
strap techniques for clustering and a supervised training
algorithm. The work uses information from the authors’ cita-
tions and other attributes such as email, authors’ names, and
language. We classify this work in the type of approach as
AuthorGrouping and the explored evidence asCitation Infor-
mation.

The work presented by [46] uses a heuristic-based
approach for AND with similarity functions of authorship
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Fig. 8 Co-citation clusters
under heat map analysis. The
circular dotted lines with
explicit numbered labels
indicate each cluster

evidence records extracted from DBLP and BDBComp.
According to the taxonomy, the type of approach is Author
Grouping and explored evidence Citation Information.

Cluster 4
This cluster contains two papers by the same authors. The

first one of [36], a probabilistic approach, named Authority,
to solve the AND problem in the MEDLINE [32] database
using information such as title, journal name, co-authorship,
language, and other features. Authority computes the simi-
larity between two articles by analyzing the authors’ names
and emails. The model also presents ways of automatically
generating training sets, methods to estimate the probabil-
ity between author names, and an agglomerative clustering
algorithm based on maximum likelihood to compute clusters
of articles that represent the authors studied.

The second work of [34] also uses a probabilistic model
for AND, but it only used authors’ names, discarding other
information such as email addresses and affiliations. Thus, it
is evident that the 2009 work is an evolution of the 2005 one.
According to the taxonomy, both papers use the approach
type as Author Grouping and as explored evidence Citation
Information. The other clusters of co-citation presented by
the heat map in Fig. 8 did not present patterns detected by
this study.

Figure9 presents another co-citation analysis using cluster
density with clustering among all the co-citation papers and
allows insight into other similarities among the documents
in each group. Thus, we can analyze the other works not
so evident in Fig. 8. Note there are three general clusters:
green, blue, and red. A common characteristic is a space-

time between the documents. The red has papers from 2005
to 2010 and the blue from 2009 to 2015. This space-time
feature does not appear in the green cluster, as it is more
diverse with documents from 2004 to 2019. Note there are
works on the cluster edges, uniting groups based on the date
characteristic, such as [11] that link the blue and red clusters.

The green cluster is quite diverse as there are various types
of approaches, such as cognitive maps and network analysis
[47], probabilistic models [48], heuristic-based models [49],
agglomerative hierarchical clustering [50], and supervised
learning [51, 52].

The red cluster cover works using clustering approaches
[53–55]. The study conducted by [56] investigates the influ-
ence of co-authorship attributes for solving the AND prob-
lem.The blue cluster presents a similaritywith research using
cluster similarity and agglomerative clustering for AND [57,
58]. In contrast, Strotmann and Zhao [59] presents research
that indicates the influence of AND on citation and biblio-
graphic base analysis studies.

3.2.2 Bibliographic coupling analysis

The bibliographic coupling analysis allows insights into the
current state of the AND research area. We present in this
section the AND research fronts, including works from 2019
to 2022. The works are classified considering the AND
approach using the taxonomy presented in Fig. 1.

Figure10 presents a bibliographic coupling of works
using a heat map for the merged WoS and Scopus merged
databases. Note there are three clusters explicitly num-
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Fig. 9 Co-citation clusters
under cluster density analysis

bered, highlighting the current AND research fronts. In the
sequence, we present a summary of the works included in
the three clusters.

Cluster 1
The authors in [39] used a graph node embedding

approach to solve the AND problem. This type of solution
is inspired by the word embedding model but adapted for
a graph structure solution. A graph is constructed with co-
authorship relationships, using the random walk method for
learning graphs and assigning clusters to unique people in the
real world. The approach used CiteSeerX data with results
improved compared to similar approaches.

The authors in [41] propose a hybrid pairwise classifi-
cation method for estimating the probability that an author
record is correct in a bibliographic repository. This solu-
tion uses global features extracted from text using supervised
training on a dataset of an author’s citations. This text clas-
sification and the supervised training use word embedding
methods such as Bag of Words and TF-IDF with data from
PubMed and ArnetMiner. According to the taxonomy, [39,
41] can be classified asAuthor Grouping approaches because
they use similarity calculation with training and machine
learning. Authors use word embedding as basis for the AND
method, justifying the proximity of the studies observed in
the heat map presented in Fig. 10.

Cluster 2
In [33], the authors create a knowledge graph with infor-

mation from the PubMed repository extracting bio-entities
from abstracts. In this work, the authors do not propose a new

approach to solving the ANDproblem. However, approaches
already known in the literature were used together, such as
Authority (uses a graph approach) and Semantic Scholar
(uses a binary training classifier to join pairs of author names
and create author clusters). The constructed knowledge graph
allowed the creation of links between biological entities, arti-
cles, authors, and affiliations. In the AND step, the results
achieved F1 scores of 98.09%. We can classify the approach
of this work as Author Grouping and the explored evidence
as Citation Information and Web Information.

Cluster 3
The work of [44] created an automatic system for data

availability declarations in bibliographic repositories using
PubMed.The authors comparefirst and last nameswith string
similarity techniques. It appears in the heat map of the liter-
ature because it cites several influential AND works.

With the literature coupling analysis, we note a current
use of grounded techniques for AND with Author Grouping
and Clustering methods. The first article found in the dataset
of this review dates back to 2003. Since the bibliographic
coupling seeks to obtain current research fronts, works from
2019 to 2022 were selected for the bibliographic coupling
analysis. Analysis was conducted to classify and present the
most recent articles (2020–2022), classifying themaccording
to the taxonomy in Table 8 and Fig. 11.

Based on the co-citation analysis performed across the
studied time-space (2003–2022), the works present mainly
the use of author grouping approaches. This analysis result is
consistent with the findings of [4]. Moreover, the conducted
coupling bibliographic analysis points to viable alternatives
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Fig. 10 Bibliographic coupling
in the WoS and Scopus merged
databases. The Circular dotted
lines with explicit numbered
labels indicate each cluster

to address AND-related problems, indicating a wide range
of research in the area.

3.2.3 Overview of AND publications

In this section, we present an overview of recent ANDworks
published between 2020 and 2022, arranged by the taxonomy
of Fig. 1 [4, 11]. The taxonomy is also used in the co-citation
(Sect. 3.2.1) and coupling analysis (Sect. 3.2.2) sections. This
time framewas chosen as earlier reviews covered works until
2019 [11, 12]. The coupling analysis includes some works
presented in this section.

The overview of current research works is essential to
complete the meta-analytical analysis by citing the partic-
ular techniques, strategies, and emerging themes within the
AND research area. To organize the works overview analysis
in a concise way, we guided it by the book devoted to AND
study in bibliographic repositories [4]. We present a synop-
sis of each work included in Table 8. The work synopsis
presents the AND approaches, including author grouping,
mainly through agglomerative clustering, standing out as
prevalent methods in recent studies.

The author grouping approach, as defined in Sect. 1, is
especially appropriate for datasets with lots of co-authorship
data. Large bibliographic datasets can benefit from this
approach, unlike the author assignment approach, as it does
not depend on time-consumingmanual labeling author anno-
tations. Agglomerative clustering in author grouping is a
common approach as it is simple to use and can produce hier-
archical clusters to be analyzed at different granularities. This
clustering method provides flexibility when creating author
groups. Figure11 shows how the works relate to each other
in the used taxonomy.

We identified a set of five works using tree-based learn-
ing models, such as Gradient Boosting, Random Forest, and

Decision Tree [60–64]. The works may use other Machine
Learning techniques in conjunctionwith thementioned, such
as Naive Bayes [62], Logistic Regression [60, 61], and Net-
work Graphs [63].

Some works address distinct supervised techniques, such
as [10] that use transfer learning. The authors in [65] show
thatORCIDcan validate the performance of supervisedAND
methods that use large-scale bibliographic data. The authors
in [66] used theDBLPdatabasewith a neural network to learn
the representations of coauthors and titles so AND could
consider the similarity between these attributes.

Li et al. [67] present an algorithm with multiple similarity
strategies for AND implementing using collaboration net-
work calculations, affiliation, and publications attributes of
authors.Anothermulti-strategy approach is presented by [68]
using string comparison with Jaccard similarity, Levenshtein
distance, and co-authorship network comparison. Waqas and
Qadir [69] propose a multilayer heuristic with a clustering
approach. The clustering uses attributes inherent to the author
and publication, such as title, abstract, keywords, email, and
affiliation. Word embedding Word2Vec is used to extract the
attributes.

D’angelo and van Eck [70] use a rule-based scoring
approach with author, publication, citation, and institution
attributes. Clusters with meta-data allow indexing of a par-
ticular author to disambiguate. Zhang et al. [71] use heuristic
rules combined with neural networks to analyze publication
attributes, such as title and affiliation. An advantage of this
method is the possibility of extending the method’s applica-
tion to other datasets.

Mozafari [72] proposes a genetic algorithm for determin-
ing the similarity coefficient between two authors for AND.
The algorithm determines the importance of the attributes in
the publications, electing an optimal coefficient for compar-
ison between authors.
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Fig. 11 Sankey diagram of approaches used for AND from 2020 to 2022

Jinqi et al. [73] propose an algorithm to put entities
and resources into a network graph to set the resource
node capacity-based sharing degree. The network graph uses
relationships between the author and publication nodes to
calculate the flow capacity between nodes which allows clus-
tering of the graph.

Zhang and Ban [64] use publication relationships to
construct the graph, with the strongly related publications
grouped, forming atomic clusters and reducing thegraph size.
At another stage, a rule-based similarity algorithm analyzes
and combines the feature information from the publication
graph to perform AND.

Zhou et al. [74] present an approach with five graphs
formed by publication attributes, co-authorship, location,
title, keywords, and affiliation. Each attribute creates the node
where the edges are the similarity weights between publica-
tion pairs. A fusion graph of the attributes is built. A random
walk algorithm is applied to the graph to determine paths that
represent the local node structural information. Then, a mul-
tilayer perceptron algorithm is applied to the graph structure.

Santini et al. [93] propose a Knowledge Graph Embed-
dings (KGE) using information from the AMiner database.
The KGE has three parts: multimodal information extrac-
tion from the KGE, a blocking procedure, and hierarchical
agglomerative clustering. Qiping et al. [92] use citation infor-
mation to construct a heterogeneous information network.
Representation learning for clustering the authors and disam-
biguation is applied, and cluster analysis with rule matching
is performed.

Ma et al. [76] propose incorporating a Word2Vec model
into aGhaph-Based approach. The algorithmextracts attribu-
tes and the relationships between publications, authors, and
co-authors. Word2Vec serves to obtain these features allow-

ing the insertion of other features that may appear in the
dataset. Subsequently, a graph with relationships between
publications and authors is built. Then, an algorithm for clus-
tering and similarity analysis between nodes and edges is
applied.

Pooja et al. work presents solutions using a graph-based
approach as a basis associatedwith other computational tech-
niques (e.g., Clustering). The work [80] uses a graph-based
clustering approach for AND. Jaccard and Cosine similarity
characterizes the relationships between authors and publica-
tions in the graphs, andWeb information refines the results. In
[85], the authors use graphs with publication attributes and a
Word2Vec embedding model to create vectors that will serve
as input to an agglomerative hierarchical clustering (HAC),
which is widely used in AND studies. In [9], the authors use
a graph-based approach configured with multi-hop neigh-
borhoods and apply HAC for AND in the final step of the
algorithm. The work in [95] uses graphs to build the network
of authors and publications and uses clustering for disam-
biguation. However, the differential of this new approach is
the ability to work with online information from digital bib-
liographic repositories.

The author in [75, 79, 82, 84] useword embedding, graphs,
and clustering respectively. Ma et al. [77] use the same
approach applied to robotic literature consultants.

The work of [78] proposes a technique with partial clas-
sification in three steps to solve the AND problem. The first
uses a probability propagation constraint to infer the distri-
bution of a given author’s name. In the second step, a portion
of the author name in the documents is linked to their respec-
tive authoring if the model exhibits high confidence. In the
last step, the initial classification algorithm parameters are
updated.
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Firdaus et al. [81] propose two methods for AND. In the
first work, the technique uses four steps for disambiguation:
data labeled, publication attributes extracted, deep neural
network, random forest, naive Bayes, and SVM classifica-
tion are done, and the validation of the result comparing the
classification techniques. In the second work, Firdaus et al.
[87] uses classificationwith deep neural network technique is
increased with cost-sensitive learning considering cost vari-
ation from unclassified data.

Manzoor et al. [90] use convolutional neural networks for
unbalanced and balanced dataset classification. According to
the authors, the solution is flexible by learning the attributes
without concatenating similaritymeasures. The samemethod
is also Single Citation Based which preprocesses the dataset
efficiently, decreasing computational costs.

Farber and Ao [91] do not propose a new approach
but use an unsupervised rule-based classification method.
The method does not require data training, adapted for the
authors’ proposal.

Correia et al. [83] propose a crowd-systems-based proto-
type allowing interaction and contribution from the Web for
the general public correcting name ambiguities,missing data,
and incorrect references in a digital bibliographic repository.
Backes and Dietze [89] present a technique for progressive
AND with lattice structures for name inclusion. Waqas and
Qadir [94] do not propose an AND resolution but present a
dataset to assist developers. The “CustAND” labeled dataset
with 7886 publication records is presented using data from
DBLP and Google Scholar.

4 Conclusion

This article presented AND literature review using the theory
of the consolidated meta-analytic approach with the WoS,
Scopus, and merged bibliographic repositories. A taxon-
omy was used to classify AND methods in the reviewed
works.With the bibliometric laws of analysis, it was possible
to present the most cited papers, authors, countries, orga-
nizations, knowledge areas, journals that publish the most
documents, and the frequency of keywords, highlighting the
evolution of AND from 2003 to 2022.

Summarising the key findings, we note that AND authors
publish more in journals than conferences and book chapters
(Table 2). The journal with the largest number of documents
is the Scientometrics (Table 3). The evolution of journal and
conference publications shows an increase over the years
from 2003 to 2022 accentuated from 2016 (Fig. 3). The
Computer Science knowledge area presents the highest con-
tribution in AND with 34%, followed by Social Sciences
(≈ 14%) and Engineering (≈ 11%) that together correspond
more than half of the total works (Fig. 4). The countries that
publish the most are the USA (21.3%), China (19.4%), Ger-

many (13.2%), and Brazil (8.5%) (Fig. 5). Considering the
number of citations in the merged databases (WoS and Sco-
pus), the USA leads with 1337 document citations, Brazil
with 510, and Chinawith 311 (Fig. 6), reinforced by the orga-
nizations that regularly publish with more than 20 citations
including the North American and Brazilian ones (Table 6).

During the co-citation and bibliographic coupling anal-
yses, we identified four and three clusters, respectively. In
the co-citation, four clusters show that graph, supervised
learning, and heuristic-based approaches with probability
applications for solving the AND problem are used. Further-
more, co-citation indicates the prevalence and effectiveness
of author grouping techniques in current AND literature,
particularly in addressing issues associated with large bib-
liographic databases. The bibliographic coupling indicates
current research for AND with word embedding and super-
vised learning. We note that most of the approaches use
AMiner and DBLP as bibliographic bases for information
extraction.

Presenting this literature review of the AND panorama,
we intend to help researchers direct current studies result-
ing in the creation of new techniques to solve the problem.
However, the meta-analytic approach used in this literature
review presents some limitations. The focus is an exploratory
overview of the research area grounded by bibliometric prin-
ciples, not including a protocol like a systematic literature
review with specific research questions. However, the results
of the meta-analytic approach are complementary to system-
atic literature review methods, adding knowledge of existing
studies in the AND research area. Another limitation is
related to the WoS and Scopus merged databases, which was
done using a script in Python language since the VOSviewer
tool allows only one database at a time.

In future work, we can use new bibliographic databases
in complement to other literature review approaches, such
as a systematic review. Additional WoS and Scopus database
knowledge areas can be used, to enlarge the scope of research
in the AND area, such as multidisciplinary sciences.
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