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Abstract

Considering the vast number of papers published daily
and the shortcomings of ‘subjective’ methods, such as
peer review, citation analysis presents an ‘objective’
alternative for research evaluation. When analysing
citation data, a crucial aspect to consider is the se-
lection of appropriate data sources. A detailed study
of citation data sources and various methods of data
extraction is presented. Until recently, many of the
commonly used citation databases were proprietary.
However, the emergence of new open data sources
is transforming the research landscape. Moreover,
the studies conducted on some of the more recently
established data sources, such as Semantic Scholar
and Open Alex, are comparatively few in number.

While a variety of tools are available for extracting
data from citation databases, a majority of these
tools lack the ability to extract data from multiple
databases. As a solution to this problem, we propose
the tool “CitaTrack”, which provides a uniform
interface for extracting and aggregating citation data
from multiple databases. To create this tool, five
different data sources were utilised, including recently
established ones, such as Open Alex and Semantic
Scholar, along with Crossref, Open Citations Corpus,
and Scopus. The sources were selected based on their
multidisciplinary nature, as this enables the extraction
of citation data across a wide range of research fields
and topics.

An analysis was conducted to rank 20 journals in the
field of economics using the Stigler model based on the
citation data extracted using the tool. This serves as
an illustration of the potential application of the tool in
the field of bibliometrics. There is a general consensus
regarding the top 5 journals in the field of economics,
and this consensus was used as a benchmark to assess
and compare the obtained rankings. The rankings were
mostly in agreement with the consensus. The rank-
ing generated by Scopus listed all of the top journals
among the top 5, while the rankings from the other
data sources had four out of the top 5 journals ranked
in the top 4 positions.
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1. Introduction

In the ever-expanding world of information science, more and more scientific
papers are being written and published by scholars from different domains.
In evaluating scientific performance, publications are considered to be an ef-
fective indicator due to their ability to capture the many different facets of
research (Retzer & Jurasinski, 2009). The publication records of researchers
are, therefore, the primary means for assessing their scientific performance.
However, it is not an easy task to identify papers of excellence from these
innumerable works. The question is: how can one measure the impact of a pa-
per in a particular domain? What are the various tools available for research
assessment, and how effective are they in measuring the influence of research
works and providing a reliable result?

Traditionally, the research output was evaluated using ‘subjective’ methods
like peer reviews. However, owing to limited resources and increased bureau-
cratisation in science, peer review is progressively being replaced or comple-
mented with bibliometric methods (Haustein & Larivière, 2014). Moreover,
information technology has helped the field of bibliometrics to evolve as an
alternative solution to the questions raised above to some extent. Bibliometric
analysis can be used to quantify the impact of scholarly works or journals to a
certain degree. The field of bibliometrics includes a broad range of techniques
and methods such as citation analysis, bibliographical coupling, co-citation
analysis, and coauthor analysis (Zupic & Čater, 2015). Citation analysis is
one of the main methods used in bibliometrics that studies the relationship
between a scientific work and its bibliographic references (the citations) (De-
backere et al., 2002). In simple terms, it can be defined as the examination of
downstream citation frequency and pattern (Cooper, 2015). In this context,
downstream refers to articles produced (in the future) that are influenced by
the cited (source) article.

Citation analysis rests on the notion that when a work is referenced in a sub-
sequent paper, it indicates the influence of the cited work on the paper that
cites it (Haustein & Larivière, 2014). The citation indexes or databases are
the primary resources used for citation analysis. Traditionally, the indexes
created by Thomson Reuters have been the main source of citation data used
for this purpose (Neuhaus & Daniel, 2008). However, the organisation is no
longer the exclusive provider of citation databases as there are other providers
like Google Scholar and Scopus now available in the market. Some citation
databases are free to use, while others require paid subscriptions. To ensure
the reproducibility and complete transparency of scientometric analyses, it is
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Chapter 1: Introduction

imperative that citation data is openly available (Sugimoto et al., 2017). How-
ever, the leading sources of citation data, such as the Web of Science (WoS)
database and Scopus, still remain proprietary, limiting data access. A large
number of researchers are at a disadvantage if they or the institution they
are affiliated with cannot afford subscriptions to these data sources. Hutchins
(2021) notes that, in the early years of citation indexing, maintaining the index
was an arduous task and required substantial outlier funds. It was not feasible
to provide free access to the data source due to insufficient public investment.
Of late, data indexing is no longer a laborious process, and the cost involved
has come down considerably.

There is a general acceptance that the papers cited by many others have had
a more significant impact on other researchers than those with fewer citations.
As Belter (2015) points out, the fundamental concept behind all bibliometric
indicators or citation-based metrics is that we can assess the impact of a paper
by quantifying the number of other papers that have referenced it. Lisciandra
(2022) defines citation-based metrics as “statistical measures of scientific out-
puts that draw on citation indexes”. According to Mason and Singh (2022),
citation-based metrics are frequently employed as a proxy for the prestige,
quality and impact of academic journals, papers published in these journals,
and the scholars who produce those papers. Though citation metrics are tra-
ditionally used in natural sciences, Lisciandra (2022) mentions that they are
becoming increasingly relevant in the humanities, as well. However, there is
a lot of controversy surrounding the bibliometric indicators and a debate over
what they actually measure (D. W. Aksnes et al., 2019; Belter, 2015; Besselaar
& Sandström, 2019).

Joshi (2014) classifies bibliometric indicators into three types, namely, quan-
titative, performance and structural indicators. The quality of journals and
researchers is measured by performance indicators. These indicators are often
used to determine rankings for entities like journals (Pajić, 2015). Various
methods for ranking have been proposed, but there is no universally accepted
method. However, the most popular method is considered to be the Impact
Factor (IF) (Ritzberger, 2008). Many critics (e.g. McKiernan et al., 2019;
Setti, 2013; Varin et al., 2016) have pointed out the limitations of using IFs
as a tool for research evaluation. This metric will be discussed in detail in the
coming chapters.

1.1. Motivation

Given the growing number of academics engaged in research and the sub-
stantial volume of academic papers published worldwide, citation analysis has
become increasingly challenging. Citation analysis may appear straightfor-
ward. However, it involves several prerequisites and challenges.

As we will demonstrate in later sections, selecting the right citation database
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1.1. Motivation

is crucial for citation analysis. Technological advancements have led to the
development of several citation databases in recent years. It is imperative to
note that each database has its own characteristics regarding coverage, the ac-
curacy of the data indexed, the subjects covered and the timeliness of the data.

As part of the ‘Initiative for Open Citations’, scholarly publishers are urged to
release the cited references in their journal articles to the public without any
restrictions (Sugimoto et al., 2017). This initiative has promoted the devel-
opment of a number of so-called ‘open’ sources of citation data. Also, due to
the affordability and accessibility of open citation data sources, a recent shift
towards these databases has been observed. Even though there are a num-
ber of studies involving older open sources of citation data, such as Crossref,
studies on recently developed ones, such as Semantic Scholar and OpenAlex,
are relatively few in number (e.g. Arum, 2016; Fricke, 2018; Kamińska, 2017;
Scheidsteger & Haunschild, 2022).

The process of gathering relevant citation data is an important step in cita-
tion analysis. The data can be extracted from citation databases in a variety
of ways, as we will see later. An efficient method to extract large amounts
of data is to use Application Programming Interfaces (APIs). Organisations
maintaining the data sources typically provide Representational State Trans-
fer (REST) APIs to support data extraction. As each database has its own
format for creating queries, different request parameters, and response for-
mats, large-scale extraction of citation data from multiple databases is time-
consuming and challenging without automation. Moreover, obtaining data
using APIs requires familiarity with the data source’s documentation on API
usage. Several tools that support automated citation data retrieval (mostly
developed by third parties) are available for use. But, these tools are mostly
database specific and have different interfaces. Apart from having to install
multiple tools, a significant drawback is that the user also needs to acquaint
themselves with all of the database-specific tools they intend to use.

As we shall see in Chapter 4, most of the existing tools do not support the
aggregation of citation counts at an entity level i.e., produce comprehensive
citation reports for a set of entities like journals or authors for a specific time
period. In these cases, a cross-citation matrix or table of cross-citations can
be a useful format for the aggregation of citation counts and the generation
of detailed reports. There is a cross-citation relationship between entity A
and entity B if one of A’s papers is cited by one of B’s. A cross-citation
matrix can be used to analyse and visualise the number of citations between
entities. The matrices are a useful tool for measuring and characterising the
information flow among entities (such as journals or authors) at various levels
of aggregation (L. Zhang & Glänzel, 2004). The cross-citation matrices have
been in use for the past several years for deriving citation-based metrics for
ranking journals. As observed by Todorov and Glänzel (1988), “the tabulation
of journal references to other journal titles (or the recording of the article-to-
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Chapter 1: Introduction

article links) in a cross-citing matrix is used (implicitly and explicitly) for
deriving appropriate measures for journal interactivity and impact within an
area of science and for specified periods of time”. The author mentions that
the matrix consists of rows and columns containing entity names (for example,
journal titles), and each cell contains information about how many times a
particular entity has been cited by another entity. The process of generation of
a journal-to-journal cross-citation matrix involves, for example, searching for
the required journals, retrieving the works in the selected journals, identifying
the works that cite the works in the specified set of journals and finally, the
aggregation of citation counts at a journal level. There is no denying that all of
these processes are time-consuming and resource-intensive. Performing these
procedures manually, that is, without automation, has a high probability of
producing incorrect results. As a result, the development of a new tool that
can overcome the challenges associated with the extraction and aggregation
of citation data is essential in order to simplify, enhance, and improve the
process.

1.2. Aim

The number of studies focusing on the open citation data sources developed
recently is relatively small (e.g. Arum, 2016; Fricke, 2018; Kamińska, 2017;
Scheidsteger & Haunschild, 2022). We aim to explore the use of newly de-
veloped open data sources to determine whether they compare with tradi-
tional/established sources of data such as Scopus. There may be different
definitions of the term ‘open data sources’ among different individuals. For
the purpose of this dissertation, ‘open data sources’ refer to those sources
that provide citation data for free to the public through web services or in
bulk, often under permissive licenses (Hutchins, 2021). While there are vari-
ous licenses available, the most liberal option is a public domain license, which
allows for unrestricted use and distribution of the data without any copyright
restrictions. Commercial use may be restricted depending on the license, as
per the author.

We developed ‘CitaTrack’, a Python-based package, to fill the void of a tool
capable of extracting citation information across multiple data sources. The
package also provides a uniform interface for metadata retrieval, thereby ad-
dressing the lack of a common interface for retrieving data from multiple
sources. The primary purpose of the tool is to automate the extraction of
citation data and to aggregate citation counts between different entities, such
as journals or authors. Five different citation databases are used as sources of
data for the development of the tool, namely Scopus, Crossref, OpenCitations
Corpus, OpenAlex, and Semantic Scholar. The selection of sources was made
considering their multidisciplinary nature, which allowed for the retrieval of
citation data from a broad spectrum of research areas and subjects.

Citation analysis is a valuable research tool that can provide insights into the
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1.3. Structure

influence of scholarly works, but it comes with several challenges that must
be addressed. A few of these challenges include issues related to the coverage
of data, its availability, and the changing environment of research activities.
Therefore, CitaTrack was developed as a modest attempt to address some of
the challenges. The issue of varying coverage across databases is addressed to
some extent if we use data from multiple data sources. Availability of data is
yet another issue, as many of the widely used databases for citation analysis
are proprietary. To promote the use of open citation data sources, four out of
five sources of data used for the development of the tool are open. Moreover,
the tool has been designed to accommodate the inclusion of additional data
sources to address rapid changes in the research environment.

Additionally, citation analysis and ranking of journals were performed using
the data obtained from the tool to illustrate the potential application of the
tool or one like it in the field of bibliometrics. The main objective of this
particular example was to rank the top 20 economic journals based on the
cross-citation data obtained via CitaTrack using the Stigler model and to ex-
amine whether the resulting rankings agree with the general consensus about
the best journals in economics. In addition, the resulting rankings are com-
pared with other citation-based metrics, such as the IF and Article Influence
Score. We have also highlighted the benefits of using multiple databases and
citation-based metrics for research evaluation.

1.3. Structure

The thesis is divided into nine chapters. A brief introduction to bibliometrics
and citation analysis is presented in the first chapter. The second chapter of
the thesis gives the reader an overview of the topic and provides more insight
into the field of bibliometrics, its origin, importance and citation analysis.
Also discussed in detail are the criticisms and debates surrounding the use of
citation-based metrics to measure performance and impact.

As we will see in the following chapters, selecting a data source prior to con-
ducting citation analysis is a critical step. The third chapter provides an
overview of the different sources of citation data and methods of obtaining
citation data from these sources. A review of previous studies concerning
the comparison of different databases is also presented. In these studies,
the main characteristics and benefits/disadvantages of each database are dis-
cussed. This information is crucial for choosing the appropriate database for
conducting citation analysis.

A discussion of existing tools for citation data extraction is presented in Chap-
ter 4. These tools, however, have some limitations. In response, we developed
CitaTrack to address these limitations. CitaTrack is a tool for extracting cita-
tion data and aggregating citation counts between a set of journals/authors.
It offers several advantages over the pre-existing tools, and these advantages
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Chapter 1: Introduction

are explained in detail in Chapter 4.

Performing citation analyses is a common practice nowadays to determine
which researchers or journals are the most influential in a given field. An ob-
jective measure of the impact of scholarly works is provided by citation-based
metrics. The values of these metrics can then be used to rank different jour-
nals and authors. A discussion of various citation-based metrics and one of
the statistical models, namely, the Stigler model, is presented in Chapter 5.
Additionally, we explain why the Stigler model is superior to other citation-
based metrics.

CitaTrack, the tool developed in this dissertation, produces journal-to-journal
or author-to-author cross-citation tables as the output. Cross-citation data
is a valuable source of information for researchers, providing insights into the
relationships between different journals and authors within a particular field.
The data can be used for a number of purposes, e.g. to rank a set of journals
or authors or to perform a citation analysis. In chapters 6 and 7, a detailed
discussion of an example of citation analysis and journal ranking based on the
cross-citation data of 20 economic journals obtained with the tool is presented.
Chapter 6 talks about the citation analysis & distribution of works in the set
of journals, while Chapter 7 talks about the modelling of the cross-citation
data using the Stigler model. The output obtained from the tool, that is, the
journal-journal cross-citation data was fed into the Stigler model, and a set
of 20 economic journals was ranked based on the data obtained from different
citation databases.

Chapter 8 outlines the architecture of CitaTrack, its implementation and its
data sources. In addition, the tool’s usage and best practices considered dur-
ing its development are briefly described.

The last chapter talks about the limitations of the study, the implications of
this research for the academic community and concludes the dissertation.
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2. Background

The emergence of bibliometrics as a field of study can be traced back to the
1920s and has significantly advanced since the 1960s (Cox et al., 2019). An
overview of the field of bibliometrics & citation analysis, its origins and a brief
summary of open access journals are presented in this chapter.

2.1. Bibliometrics

The term ‘bibliometrics’ was coined by Pritchard (1969) and the author de-
scribes it as “the application of mathematical and statistical methods to books
and other media of communication”. Back in the early twentieth century, li-
brarians used bibliometrics and citation analysis for the management of journal
collections (Gingras, 2016). The bibliometric references were used to deter-
mine the usefulness of the papers and journals. Further, the rapid growth of
research literature led to the development of new methods of structuring it. A
pioneer in the field of bibliometrics, Eugene Garfield, introduced the idea of
citation indexing (Prathap, 2017). The development of the Science Citation
Index (SCI) by him revolutionised the way scientific literature was retrieved
& tracked, and the process of counting and tracking citations to individual
articles was also systematised (Thompson & Walker, 2015).

Zupic and Čater (2015) observe that bibliometric methods are used primarily
for science mapping as well as performance analysis. The main objective of
science mapping is to uncover the structure and dynamics of scientific fields,
whereas performance analysis is concerned with evaluating research, institu-
tions, and researchers. Nowadays, a scientific work’s impact or influence is
commonly estimated using bibliometric indicators/metrics and is based on
the number of citations it receives (Cooper, 2015). The most commonly used
citation-based metrics will be discussed in Chapter 5.

2.2. Citation Analysis

There has been an increasing interest in the field of bibliometrics regarding
citation analysis over the past few years (Qiu et al., 2017). Citation analysis
focuses on the relationship between a paper and its references and is based
on the assumption that these articles might be related (McBurney & Novak,
2002).

Scientific tradition requires that when a reputable scientist or technologist
documents their research, they should refer to earlier articles which relate to
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Chapter 2: Background

the subject of the documented work (Nicolaisen, 2007). According to the au-
thor, the scientist or technologist may have drawn inspiration from or used
the concepts, theories, and methods of earlier researchers while conducting and
presenting his or her research and the bibliographic references in work make it
possible to identify the influential researchers. Therefore, researchers often use
citations as a means to pay homage to pioneers, identify original publications,
correct the work of others, alert readers to forthcoming works, verify data,
provide background information or reading and give credit to related works
(Garfield, 1965). Also, citations bring in more transparency and reliability to
research work and are a useful tool to avoid plagiarism. It also provides them
with an opportunity to have a deeper look into the subject under discussion.

The main elements of the bibliometric analysis as observed by Thompson and
Walker (2015) are coverage of the database, data fields, search options, consis-
tency & accuracy of the data, and analysis and the usage of metrics. Database
coverage is an essential factor to be considered while choosing the data source
for citation analysis as each database may have different coverages relating to
subject areas covered, languages, etc. The accuracy of citation data is another
aspect to be considered. Many factors contribute to citation database errors,
including mistakes committed by the authors when listing their references
and errors made during the data entry process (Buchanan, 2006). Appropri-
ate database relevant to the subject of citation databases needs to be carefully
selected as data fields may differ from one citation database to another. The
different search options offered by each database should be assessed before-
hand to choose the most relevant database for the citation study. Yet another
element to be considered is the analysis and usage of citation-based metrics.
As Lisciandra (2022) notes, “citation metrics are statistical measures that
combine citation data with other variables, for instance, citations over periods
of time or citations over quantity of publications”. A detailed discussion of
the citation-based metrics is provided in Chapter 5.

Todorov and Glänzel (1988) note that citation-based metrics can be derived
from cross-citation matrices. According to the author, to obtain these met-
rics, one can either include or exclude the number of papers published by the
journal (i.e., the size of the journal) and vary the source journals, the cited
journals, and the time period of the matrix. Also, cross-citations between jour-
nals/authors are an important component of scientific research since it shows
how one author’s/journal’s work influences or impacts another’s. A cross-
citation matrix is a key tool for exploring the relationship between the set of
entities and their works. It provides a visual representation of the connections
between entities and their works, allowing us to better understand how their
works interact with each other. For instance, an author-to-author matrix can
be used to identify clusters of authors who cite each other frequently. Table
2.1 is an example of an author-to-author cross-citation matrix. An analysis
of the cross-citation matrix can also reveal which journals/authors are being
cited most frequently and which have the greatest influence. Moreover, these
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matrices are useful for tracking trends over time (Sainaghi et al., 2018).

Table 2.1.: An author-to-author cross-citation matrix for articles published in 2015-
2023

Bastian Greshake Tzovaras Daniel Himmelstein Jacob G. Levernier

Bastian Greshake Tzovaras 51 2 1
Daniel Himmelstein 8 146 2
Jacob G. Levernier 4 2 2

Over the past few decades, numerous citation indicators have been developed,
leading to an extensive debate surrounding the appropriate methods for cal-
culating these indicators, the coverage of the database used, the normalization
procedures used and the quality of the underlying data (D. W. Aksnes et al.,
2019). Ever since these indicators were used to evaluate scientific performance,
it has been the subject of significant discussion and there have been contro-
versial opinions regarding the acceptability of these metrics as performance
or impact indicators. Lisciandra (2022) suggests that rankings based on cita-
tion metrics, which can range from individual scientists and articles to entire
universities, rely on the idea that citations reflect specific positive aspects of
scientific research.

However, MacRoberts and MacRoberts (1989) draw attention to inherent
problems with citations like variation in citation rates, citations pointing out
incorrect results, citation practices that are biased, errors in citation data
sources and self-citations. Authors like Jensenius et al. (2018) believe that
citation practices put certain scholars at a disadvantage, including those with
innovative ideas, early-career academics, researchers working in smaller com-
munities, women, and solo authors. The citation count, therefore, in their
opinion, may exacerbate social hierarchies and inequalities by providing an
inaccurate assessment of the impact. On the other hand, there is a general
consensus within bibliometrics that citations are a good but not the perfect
measure of impact (D. W. Aksnes et al., 2019).

Even though a part of the scientific community views the measures for evalu-
ating journals or works derived from citation analysis with scepticism, it is still
considered an important and valuable tool to judge the quality and impact of
research work. Over the past three decades, citation analysis has gained pop-
ularity as a means of evaluating scientists and their research, in combination
with peer review practices (Meho, 2007). Many bibliometricians believe that
citation analysis or citation-based metrics should not be considered as a re-
placement for peer review due to the various limitations of the citation analysis
(D. W. Aksnes et al., 2019). Peer review methods have their own weaknesses
since this can be a time-consuming and costly process, and it often fails to
produce consistent or reproducible results (Belter, 2015). Accordingly, the
better alternative will be the complementary use of citation analysis methods
along with peer review methods.
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2.3. Open Access Journals

The term ‘Open Access’ (OA) refers to the free online access of peer-reviewed
research journal articles (Harnad, 2015). Researchers are subject to many re-
strictions when it comes to accessing scientific articles. A major issue is the
payment of subscriptions, which results in a financial burden to the individual
researcher unless he or she belongs to a prestigious institution that provides
access to a large number of journals. In addition, no institution can afford the
subscription fees for all journals. In the modern era, where large amounts of
data are available at our fingertips free of charge, the fact that a large number
of publications and articles are unavailable to researchers without subscrip-
tions to various journals is disappointing.

These issues have led to the emergence of the OA movement, and it is gaining
momentum in the research community (Piwowar et al., 2018; Suber, 2012;
Zhixiong et al., 2013). A key objective of the OA movement is free and un-
restricted access to primary research literature. OA has many advantages for
research, including increased visibility, fostering innovation in the industry,
and reducing financial constraints on academic and research libraries (Ten-
nant et al., 2016). Moreover, researchers and non-academics will have equal
access to research output and studies. According to the studies conducted by
Piwowar et al. (2018) and Eysenbach (2006), OA articles, in general, receive
more citations than non-OA articles.

OA models can be distinguished based on the type of access to scholarly ma-
terials provided to the reader. Articles published in Gold OA journals are
completely free for readers (Harnad, 2015). However, authors or institutions
must pay an article processing charge for the publication of articles in the Gold
OA journals. The author notes that investing in Gold OA can further increase
the financial strain on institutions that are already struggling to bear the sub-
scription costs of journals. In green OA, articles are self-archived in openly
accessible repositories. A hybrid OA journal combines OA and subscription-
based models, which means that the journal publishes non-OA articles but
offers authors the option to pay Gold OA fees and make their articles freely
available. Piwowar et al. (2018) observe that OA articles are more likely to
be recognized and referenced by peers compared to non-OA articles that are
published in the same journal. Diamond OA, on the other hand, does not
charge authors for publishing and is funded by alternative sources.

As Suber (2012) observes, OA benefits researchers and non-researchers alike.
It helps in the facilitation of research and the widespread dissemination of
results. OA supports readers to easily find and retrieve the information they
need and, on the other hand, helps the authors to reach out to readers who can
utilize, reference, and build upon their work. The advocates of OA journals
(e.g. Harnad, 2015; Piwowar et al., 2018; Suber, 2012) are of the opinion that
the articles have increased visibility, wider reach among the audience and have
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a citation advantage compared to non OA journals.

On the other hand, many scholars (e.g. Beall, 2013; Xia et al., 2014) believe
that the editorial standards of OA journals are often lower than those of tra-
ditional journals, and unscrupulous authors and publishers are more likely to
take advantage of them. They observed that many OA journals are of inferior
quality and lack transparency in terms of peer review and publication fees.
These journals are commonly referred to as ‘predatory’ journals. Bohannon
(2013) submitted 304 variations of one of his papers to OA journals as part of
his study. However, more than half of the journals accepted his paper without
noticing most of the flaws in his paper. According to the author, a significant
number of these journals do not conduct proper peer reviews.

Overall, there are differing opinions on the specifics of OA implementation and
a general consensus on the topic is yet to be reached. As the debate continues,
it is important to consider both the potential benefits and drawbacks of open
access.
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3. Sources of Citation Data

Citation databases are valuable resources for academics, as they provide ac-
cess to a vast collection of reliable and peer-reviewed research materials. In
this chapter, different sources of citation data will be discussed, as well as the
pros and cons of using each database. Additionally, we examine the different
methods of extracting data from them.

Citation databases contain information regarding scholarly materials and their
citations stored in a structured and consistent way. Citation data includes in-
formation such as journal name, date published, DOI, author, citation counts
etc. One of the first citation databases (WoS) was developed by ISI (now Clar-
ivate Analytics) during the 1950s. It was in the early 2000s that the Crossref
& Scopus databases were launched. For a long time, the market was dom-
inated by Elsevier’s Scopus and the WoS database. New citation databases
like OpenAlex, Semantic Scholar, Microsoft Academic etc., were developed in
recent years. However, access to proprietary databases like Scopus and WoS
is restricted, while the other databases can be accessed free of cost.

3.1. Extraction of Data

The three most common ways to extract metadata from a citation database
are the following:

• REST APIs: The infrastructure, specifically the API endpoints to re-
trieve data, is already set up by the organisation maintaining the citation
databases. The APIs can then be used to retrieve the required meta-
data. All the citation databases used for developing CitaTrack, the tool
developed, have the provision to retrieve metadata using APIs.

• Database Snapshot: Some organisations allow us to download the snap-
shot or copy of the entire database. The snapshots are updated regularly,
usually biweekly or monthly. However, additional tools are required for
the large-scale mining of the data.

• Website: Almost all organisations have a web interface where users can
retrieve the required data using a simple search. These web interfaces
can be used for data extraction and citation analysis on a relatively small
scale. It is, however, necessary to use either APIs or database snapshots
for data extraction on a larger scale.
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3.2. Study of Citation Databases

Database coverage heavily influences the citation data that can be retrieved
since the database can only include citations from items indexed by it (Bar-
Ilan et al., 2007). As these databases may have different coverages, there is
an increasing need to systematically compare the different citation databases.
Studies comparing the citation databases are discussed in detail in section 3.3.

Using CitaTrack, the tool developed in this dissertation, citation data of the
top 20 journals in Economics were retrieved from 5 different citation databases,
and the journals were then ranked based on the data obtained. The procedure
is discussed in more detail in Chapter 7. The following citation databases were
analysed in the initial phase to obtain the data for citation analysis.

3.2.1. Web of Science Database

WoS database is among the oldest and most widely used citation databases
within the field of bibliometrics. The idea of citation indexing for the sci-
ences was originally proposed by Dr Eugene Garfield, the founder of ISI (now
Clarivate Analytics) in 1955, and the first Science Citation Index (SCI) was
created by ISI in 1964 (Clarivate, 2022). Other indexes of WoS include So-
cial Sciences Citation Index, Arts & Humanities Citation Index, Conference
Proceedings Citation Index, Book Citation Index and Emerging Sources Ci-
tation Index (Singh et al., 2021). According to Clarivate (2022), the Journal
Citation Report was launched to collect information on citations between aca-
demic journals and this was done to aid publishers and librarians in gaining
a better understanding of the scientific and social sciences literature commu-
nication network, as well as the reputation and impact of particular journals.
With more than 5,600 journals spanning more than 150 scientific disciplines
(Clarivate, 2023), Clarivate Analytics (formerly Thomson Reuters; ISI) has
established itself as one of the domain leaders.

According to a study by Birkle et al. (2020), access to WoS data for institutions
and affiliated researchers is facilitated through various channels such as plat-
forms, APIs, and custom data set delivery. One can update and re-extract
these data sets once a year or as frequently as every two weeks, depending
on their needs. Furthermore, the authors observed that WoS provides three
types of API formats (basic, intermediate, and advanced formats) that can
be tailored to meet the specific requirements and technical expertise of the
customers in terms of call speeds and data volumes. The WoS data is the
source of several commonly used citation-based metrics, such as the IF and
Eigenfactor. Despite many criticisms, these metrics are still considered the
gold standard in traditional bibliometrics (Kovatcheva, 2022).

In our correspondence with the WoS team, we were informed that a subscrip-
tion to the database is required in order to utilise the APIs offered by them.
Data extraction from the WoS database could not be supported in CitaTrack
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due to the lack of a subscription to the database by the RPTU.

3.2.2. Crossref

The Crossref database was founded in January 2000 by a group of publishers
seeking an efficient means of linking journal articles (Hendricks et al., 2020).
Digital Object Identifiers (DOIs) were used to link references between articles,
making it easier for a reader to locate cited items (Collins, 2018). Persistent
identifiers, specifically, DOIs, contain a resolution service and metadata about
the resources being referred to and are primarily managed by Crossref through
a registration process (Chudlarský & Dvořák, 2017). Using a DOI to identify
an item provides a unique and permanent link that stays with the item even if
its website changes (Collins, 2018). The organisation’s current formal mission
statement reads (Crossref, 2023):

“Crossref makes research objects easy to find, cite, link, assess, and reuse.
We are a not-for-profit membership organisation that exists to make scholarly
communications better.”

In 2006, the service ‘cited by’ was released, enabling the members to retrieve
citation counts for their works and the APIs 1 were released in 2013, making
their metadata public and license-free (Hendricks et al., 2020). In order to
extract metadata, either their website can be used to look up a small number
of DOIs, or APIs can be used to search and retrieve metadata for a list of
DOIs. It is possible to download a database snapshot as well. However, it is
only available to metadata Plus users. Metadata Plus is a paid service offered
by Crossref, which gives the users enhanced access to the Crossref APIs, im-
proved service and additional features such as priority service/rate limits.

Today, Crossref is considered an important source for retrieving metadata
in the field of bibliometrics. With a growth rate averaging 11% per year,
Crossref’s database now boasts more than 106 million records. As a result,
the metadata provided by Crossref has emerged as a significant source of
scholarly data (Hendricks et al., 2020). Also, the number of open citations
in the database is on the increase, and more than 50% of the citations in the
Crossref database were classified as open (Shotton, 2017). Meanwhile, a study
conducted by Chudlarský and Dvořák (2017) suggests otherwise. It was found
that the coverage of the Crossref database was lesser than that of the WoS
databases. Contrary to the popular opinion they argued that the extent of
citation coverage offered by Crossref is insufficient to rely on it as the primary
source for the analyses of citations in research evaluations conducted at the
university and faculty levels.

1https://api.Crossref.org/swagger-ui/index.html
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3.2.3. Elsevier’s Scopus database

Elsevier launched Scopus in 2004 as a peer-reviewed abstract and citation
database that has continuously been updated since then. It began with around
27 million records and grew to 76 million by 2019, making it one of the largest
abstract and citation databases (Baas et al., 2020). Currently, only rigorously
selected publications are indexed in the database, which means the content is
highly curated.

A study by Singh et al. (2021) highlights that the Scopus platform provides
the option of searching, discovering, and analysing data. Various search op-
tions include document, author, and advanced searches. Users can utilise the
Discover feature on the Scopus platform to locate related publications using
metrics like author keywords & shared references and identify collaborators
and research organisations based on their research output. Moreover, the au-
thors state that the citations can be tracked, and search results can be analysed
based on criteria such as country-wise, affiliation-wise, and research area-wise
distribution using the analyse option.

Scopus is a multidisciplinary database, and one can easily search for docu-
ments, authors or affiliations on their website. In order to programmatically
access data, an API key is required. Elsevier’s developer portal allows one to
generate an API key, which should be passed as part of the request header
while sending a request for data retrieval2. Elsevier’s policies regarding the use
of APIs and data can be found on their website. For non-commercial use, ev-
eryone can obtain API keys free of charge, subject to Elsevier’s API and Data
usage policies. However, anyone using the APIs for commercial purposes will
need a dedicated API subscription (B.V., 2022). However, non-subscribers
can only access limited metadata from the Scopus database and has access
only to basic search functionalities. Advanced search and information such as
citation count is provided only to subscribers of the database.

3.2.4. Microsoft Academic Graph

The Microsoft Academic graph was released in the year 2015. Sinha et al.
(2015) describe it as “a heterogeneous entity graph comprised of six types of
entities that model the scholarly activities: field of study, author, institution,
paper, venue, and event”. One could either download the database snapshot or
use the APIs provided by the organisation to extract the metadata. A number
of technologies were used to enhance the exploration of academic information,
including data mining, machine learning, and semantic analysis (Wan et al.,
2018).

The study by Herrmannova and Knoth (2016) found that the MAG has ex-

2https://dev.elsevier.com/apikey/create
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cellent coverage across different domains. The most prominent fields of study
were computer science & engineering, chemistry, physics and biology. As a
result, it was said to have a bias towards the technical disciplines. It could be
attributed to the reason that MAG uses web crawlers, and comparatively, more
works from the scientific disciplines are published online. In the study, certain
limitations were identified, including incomplete data, a lack of availability of
affiliation information, and the absence of normalisation for institution names.

The database had an extensive collection of metadata and comprehensive cov-
erage, making it a promising database (A. W. Harzing & Alakangas, 2017).
Herrmannova and Knoth (2016) argue that, with more than 120 million pub-
lications and related authors, venues, organisations, and fields of study, the
Microsoft Academic Graph was the largest publicly available dataset of schol-
arly works and the largest dataset of open citation data back in 2016. In
their opinion, “Microsoft Academic graph was the most comprehensive pub-
licly available dataset of its kind and represents an astonishing effort which
will prove useful in many areas of research where full-text access to publica-
tions is not required”.

However, in May 2021, the retirement of the Microsoft Academic website, as
well as its application programming interfaces and snapshots, by December 31,
2021, was announced via Microsoft Blog (Scheidsteger & Haunschild, 2022).
It was considered difficult to replace Microsoft Academic Graph with an al-
ternative. It received updates twice a week until the end of 2021.

Post the announcement of the retirement of MAG, a non-profit research organ-
isation called ‘OurResearch’ announced that they would preserve and incor-
porate the most recent complete MAG corpus, with the exception of patent
data, while also striving to enhance it (Scheidsteger & Haunschild, 2022).
Their motto was to provide “a fully open catalog of the global research sys-
tem” (OurResearch, 2021). Shortly after the MAG’s retirement in December,
a citation database called OpenAlex was launched in January 2022.

3.2.5. OpenAlex

OpenAlex is a relatively new database that was launched in 2022. The inspira-
tion behind the name ‘OpenAlex’ came from the ancient library of Alexandria
in Egypt, which was renowned for maintaining the world’s first catalog of
library collections (Piwowar et al., 2022). As mentioned in section 3.2.4, it
was launched as a replacement for the Microsoft Academic Graph post its
retirement. Replacing one of the largest open databases was considered diffi-
cult, and OpenAlex was developed to address this concern (Priem et al., 2022).

It mainly contains five types of entities - sources (venues), concepts, works,
authors and institutions, which are connected, forming a heterogeneous graph.
Figure 3.1 shows the OpenAlex graph illustrating the relationship between
entities. All entities have an OpenAlex ID - a unique, non-nullable identifier
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that acts as the database’s primary key. The ID is in the form of a URL,
which is both human and machine-readable. There are currently three ways
to retrieve the data from the database:

1. Downloading the entire data dump: The data dump is updated fort-
nightly

2. Using REST API calls: The metadata is updated daily and has no rate
limit.

3. Using a web-based GUI which is built on the REST API.

Figure 3.1.: Sketch of the OpenAlex graph data model (Priem et al., 2022)

The primary sources of the database are Microsoft Academic Graph and Cross-
ref. In a study conducted by Scheidsteger and Haunschild (2022), it was found
that almost all works from MAG have been transferred by OpenAlex while
maintaining their bibliographic data, first and last page, volume, publication
year, DOI, and the number of references which are crucial for citation anal-
ysis. The document types in OpenAlex were 90% similar to that of MAG.
Also, OpenAlex has introduced an additional document type, namely journal
article, which attributes to more than 7% of all document type specifications.
The authors point out that, overall, the OpenAlex database appeared to be
better suited for bibliometric analyses compared to MAG.

Priem et al. (2022) remark that OpenAlex has the potential to improve the
transparency of research, evaluation, navigation, representation, and discov-
ery despite being a fully open (100% open data, open API, open-source code)
source of scholarly metadata.

However, it is a relatively young database. Therefore it has some limita-
tions. The major contributors to the development of the database, Priem et
al. (2022), acknowledged the limitations of the OpenAlex database, specifi-
cally regarding the normalisation, parsing and disambiguation of entities such
as authors and institutions. In addition, there is a lack of metadata on funding
sources and corresponding authors in the database. The authors also point out
that the accuracy and completeness of the database are yet to be determined.
Despite its limitations, it remains a promising database.
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3.2.6. OpenCitations Corpus

OpenCitations was founded in 2010 at the University of Oxford with the aim
of providing open bibliographic citation information in the Resource Descrip-
tion Framework (RDF). RDF is used to describe resources and their relation-
ships, which can be stored in different sources, and linked together to form
a network of interconnected information called the Semantic Web (Peroni &
Shotton, 2020). It was initially started as a one-year OpenCitations project,
and later in 2015, following a formal agreement by the University of Bologna
and the University of Oxford, a newly created version of the OpenCitations
Corpus (OCC) based on a revised metadata schema was built from an initial
prototype by the University of Oxford (Peroni et al., 2017). OpenCitations
is an organisation focused on promoting open scholarship and making open
bibliographic and citation data available using Semantic Web technologies
(Heibi et al., 2019). The organisation has developed a scholarly infrastructure
to support these goals and continues to work towards greater openness and
transparency in scholarly research. Open data is beneficial, especially in the
research field, as other researchers can quickly reproduce results from other
previous research and investigate them further.

The COCI project is a valuable open alternative to commercial citation databases
like WoS (by Clarivate Analytics) and provides openly accessible citation links
from Crossref, which are marked as open and free to use (Chudlarský &
Dvořák, 2017). Unlike traditional databases, the access to which is often
limited by paid licenses, the COCI project offers an open source of citation
data that is available free of cost to researchers worldwide.

Peroni et al. (2017) note that the OCC stands out as the most extensive and
‘truly open’ compilation of citation data in RDF format accessible on the
internet. In this context, ’truly open’ refers to all citation data being freely
and publicly available, since publishers can make reference lists private in
some databases, such as Crossref. As noted by Peroni and Shotton (2020),
the methods using which the metadata in the OCC database can be extracted
are:

1. The metadata can be accessed through SPARQL endpoints using appro-
priate SPARQL queries.

2. One can download the data in JSON and CSV formats via the REST
APIs, which has been developed using RAMOSE (Restful API Manager
Over SPARQL Endpoints).

3. The data dumps, which are updated on a monthly basis, are maintained
in JSON-LD format and stored online with Figshare’s assistance.

4. The bibliographic entities can be obtained in multiple file formats through
content negotiation by utilizing the HTTP URI of each individual entity.
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5. To locate and browse bibliographic entities, OpenCitations has devised
OSCAR and LUCINDA, interfaces for search and browsing.

3.2.7. Google Scholar

Google Scholar was released in 2004. As a well-known academic search en-
gine, Google Scholar provides access to a vast array of scholarly literature from
various disciplines and databases (Arum, 2016). It works in a similar way to
Google’s main search engine, by producing search results that are determined
by the strength of the link between the search terms and how frequently and
recently a particular work has been referenced (Jensenius et al., 2018). Google
Scholar provides a simple and easy-to-use platform to explore the scholarly lit-
erature, allowing users to browse related works, citations, publications, and
authors, locate the full document online, and stay up-to-date with the latest
developments in any research field (Scholar, 2022).

Various advantages of the search engine were noted in a study conducted by
Jensenius et al. (2018). The main advantage of Google Scholar is that it is
easy to use. By providing a comprehensive list of a scholar’s publications
ranked by their number of citations, Google Scholar offers a convenient way
to get an overview of their work. Users can also click on the hyperlinks of
each publication to view abstracts and gain access to articles that are publicly
available. As observed by the authors, Google Scholar has several benefits
for research evaluation, including promoting consistency in evaluation prac-
tices, encouraging transparency, publicity, and openness in scholarly work. It
also facilitates access to scholarly materials, helps to connect scholars and en-
courages networking among them. Additionally, Google Scholar may provide
incentives for quality over quantity in research output. On the other hand, the
authors remark that google scholar’s citation counts tend to favour scholars
who produce incremental research, work in larger research communities, are
male (and likely white), collaborate with others on their research, and receive
strategic citations.
Other advantages as noted by Zientek et al. (2018) are:

1. One can easily track an academic’s research through their Google Scholar
Profile.

2. It can facilitate the identification of a set of articles that focus on a
particular subject.

3. It provides historical trends in research, that is, one can easily track
research over time for a publication or a scholar.

4. It promotes meta-analytic studies.

5. It helps to bridge the distance between scholarly research & social media.

Waltman (2016) points out various issues of Google Scholar. The search en-
gine suffers from a lack of quality control. It is observed that there are many
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reports of inaccuracies in Google Scholar in the literature, e.g., problems re-
lated to content gaps, incorrect citation counts, and phantom data. Cleaning
the data can be very time-consuming. Moreover, it is not feasible to get access
to the complete Google Scholar database. Zientek et al. (2018) remark that
conducting extensive citation analyses using Google Scholar can be challeng-
ing due to the fact that the database can only be accessed through its web
interface.

3.2.8. AMiner

AMiner, an academic search and mining system, was launched in December
2015 and is the second generation of the Arnet Miner System (J. T. J. Zhang
et al., 2008). Wan et al. (2018) mention that, the system’s main aim is to
provide a “systematic modelling approach to help researchers and scientists
gain a deeper understanding of the large and heterogeneous networks formed
by authors, papers, conferences, journals and organisations”. The profiles of
different researchers are extracted automatically from the web and are inte-
grated with the papers published by them after a name disambiguation is
performed (Tang, 2016). The author also mentions that AMiner offers a set
of researcher-centred functions, including collaboration recommendation, so-
cial influence analysis, similarity analysis, influence visualisation, community
evolution, and relationship mining.

According to Wan et al. (2018), AMiner focuses on:

1. extracting information from the distributed web to develop a semantic-
based profile for each researcher.

2. combining data such as researcher profiles and bibliographic data, the
system integrates data from multiple sources.

3. performing precise searches within a heterogeneous network.

4. conducting an analysis to uncover interesting patterns within the con-
structed social network of researchers.

The author also remarks that there is currently no consistent process or set of
methods for extracting data from various academic social networks. Therefore,
AMiner was developed to conduct data mining and search operations on aca-
demic publications available on the internet, utilizing social network analysis
to recognize the relationships between researchers, publications, and confer-
ences. The citation data are extracted from data sources including Association
for Computing Machinery (ACM) digital library, and Digital Bibliography &
Library Project (DBLP).

Several different datasets can be downloaded on the AMiner website 3 for free.

3https://www.aminer.org/data/
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Downloading and mining their entire database would need additional resources
and tools. Also, there is a fee associated with the usage of their API endpoints
for fetching the metadata for published works. Hence, the citation database
could not be integrated into CitaTrack.

3.2.9. Semantic Scholar

Semantic Scholar was developed in 2015 by the Allen Institute for Artificial
Intelligence. Their main aim is to help scholars combat information overload
and more efficiently discover and understand the most relevant research litera-
ture. It was designed to be an intelligent search engine, assisting researchers in
finding high-quality academic publications more quickly and efficiently (Wan
et al., 2018).

Wade (2022) provides an overview of the Semantic Scholar database in his pa-
per. The author describes the Semantic Scholar Academic Graph, as a “large,
open, heterogeneous knowledge graph of scholarly works, authors, and cita-
tions that powers the Semantic Scholar discovery service”. With more than
205 million publications, 121 million authors, and nearly 2.5 billion citation
edges, it is an extensive and comprehensive repository of scholarly informa-
tion. It integrates metadata from various sources, such as PubMed, Crossref,
and Unpaywall, among others, providing a vast array of high-quality data to
support scholarly research.

The metadata can be retrieved with the help of their APIs 4 provided by the
organisation and via the downloadable database snapshots 5. Nevertheless,
the bulk download of data is only available for authenticated users. One has
to fill out a form on their website to obtain the API key for authentication.
Semantic Scholar employs machine learning techniques to analyse millions
of research papers and helps researchers find better academic publications
faster (Arum, 2016). They use natural language processing techniques to
analyse publications, extract details and find the most relevant results, adding
a supplementary semantic analysis layer to the traditional citation analysis
methods. The advantages and disadvantages of Semantic Scholar compared
to Google Scholar are presented in the next section.

3.3. Previously published studies comparing Citation
Databases

Traditionally, two proprietary databases: Scopus and WoS, were commonly
used for citation analysis, and the competition between them has been intense.
Recently, newer citation databases such as OpenAlex, Semantic Scholar, OCC,

4https://www.semanticscholar.org/product/api
5https://api.semanticscholar.org/datasets/v1/release/latest
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and others have been developed that allow free and open access.

Technological development has helped in the creation and development of sev-
eral citation databases. Some of these databases are multidisciplinary, like
the WoS or Crossref database, while others are restricted to a particular do-
main, like the Pubmed Database. These databases have different coverages
across different subject categories or languages, each with merits and demerits.
Therefore, it is imperative that different factors such as subject & language
coverage, reliability of the database, author disambiguation mechanism etc
should be considered whenever a citation analysis is to be performed. The
studies comparing the different databases help us determine the appropriate
database for different use cases involving citation data.

Comprehensive studies covering all the citation databases mentioned previ-
ously are currently not available. Therefore, several studies comparing differ-
ent subsets of the listed databases are given below:

Numerous studies have compared the WoS & Scopus databases extensively.
One such study by Vera-Baceta et al. (2019) found that there is an over-
representation of journals in English, in WoS, i.e., 95.37% and Scopus, i.e.,
92.64%. In terms of the number of documents, Chinese had the second-highest
representation with 2.76% in Scopus, whereas Spanish had 1.26% in WoS. It
clearly shows the dominance of the documents in English over other languages,
and the coverage of publications in other languages is relatively higher in Sco-
pus compared to WoS, according to the authors. Many studies (e.g. D. Aksnes
& Sivertsen, 2019; Mongeon & Paul-Hus, 2014; Vera-Baceta et al., 2019) high-
light the bias of WoS and Scopus towards the English language and point out
that both the databases have the lowest coverage in social sciences and hu-
manities. Mongeon and Paul-Hus (2014) also remarked that the coverage of
the Scopus was more than that of WoS.

An analysis of citation data from the Scopus, Google Scholar and WoS databases
in 252 subject categories by Mart́ın-Mart́ın et al. (2018) revealed that Google
Scholar found around 95% of WoS citations, 92% of the Scopus citations and
a large number of unique citations. However, the unique citations found by
Google Scholar had, on average, a much lower scientific impact than those
found by WoS or Scopus. Additionally, it was noted that Google Scholar’s
citation data was essentially a superset of WoS and Scopus citation data, hav-
ing a significant additional coverage for all areas. This might be attributed to
the fact that Google Scholar automatically indexes publications and citations
with the help of web crawlers, which results in significantly higher coverage
compared to Scopus and WoS (Franceschini et al., 2016). However, the author
believes that it is almost impossible for Google Scholar to compete with its
two competitors because its automatic indexing causes many errors. On the
other hand, the author mentions that some recent studies indicate that the
data quality of Google Scholar is getting better over time.
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Table 3.1.: Comparison between Semantic Scholar and Google Scholar (Arum,
2016)

Semantic Scholar Google Scholar

Advantages
Lower recall, higher precision Higher recall, lower precision.
Numerous filter options
available: Field of study,
publication year, author, key
phrases, publication venue,
the data set used.

Numerous filter options
available: articles/case law,
time of publication, patent,
and citation inclusion.

Sort capability for relevance
or recency.

Sort capability for relevance
or date.

Links to references, citations,
and related publications.

Result list multiple versions,
if applicable.

Extract core metadata from
figures, tables and captions.

Advanced search available.

Includes features such as
‘My Library’, ‘My Citations’,
‘Alert’, and ‘Metric’.

Disadvantages
Fewer research results
(limited to computer science
and neuroscience).

Redundant search results.

No recent citation information
is listed in search results.

Sorting by date only applies
to articles added in the past
year.

Lacks advanced search Difficult to exclude articles
that cite the author from the
result list.

Another study by A.-W. Harzing (2019) compared Crossref, Dimensions (yet
another open citation database), Scopus, Microsoft Academic and the WoS
databases. The study’s findings revealed that while Crossref and Dimensions
provided similar or higher coverage for publications and citations than Scopus
and WoS, their overall coverage was significantly lower compared to Google
Scholar and Microsoft Academic. Additionally, it was observed that Crossref
and Dimensions could be viable substitutes for Scopus and WoS for citation
analysis and literature reviews. Consequently, the author also argues that
Google Scholar and Microsoft Academic hold the top position as the most
comprehensive and free sources for accessing publication and citation data.
An almost identical result was obtained in the study conducted by Mart́ın-
Mart́ın et al. (2016), and it was observed that Google Scholar had the upper
hand over the other databases compared in the study. The percentage of cita-
tions found by Microsoft Academic was the second largest overall. However,
it lacked coverage in subject areas like physics or humanities compared to the

24



3.3. Previously published studies comparing Citation Databases

WoS or Scopus databases. The Scopus database occupied the third position,
and the COCI database had the smallest coverage regarding the percentage
of citations in different subject areas.

Google Scholar and Semantic Scholar are academic search engines that can
be used to search for scientific publications. A comparative study between
Google Scholar and Semantic Scholar databases by Arum (2016) highlights
the advantages and disadvantages of the two search engines. Table 3.1 high-
lights the main differences between both databases. Google Scholar has wide
coverage across different subjects, whereas Semantic Scholar being a relatively
young database, is limited to fields of Computer Science and Neuro Science.
Moreover, it was noticed that the precision and relevance of Semantic Scholar’s
search results were higher than Google Scholar’s. Also, the number of docu-
ments indexed in the former is much smaller than in the latter. Wan et al.
(2018), have observed that Semantic Scholar is faster than Google Scholar and
Microsoft Academic in highlighting the most significant papers and detecting
the relationships between them.

Ambiguity in the name of different authors is a major issue to consider when
conducting citation analysis. For example, different authors appear to have
the same names and abbreviated forms of names make it difficult to link
a publication to the original author. Many citation databases have author
disambiguation systems, for instance, AMiner, Semantic Scholar and Google
Scholar. A comparison of results of the author disambiguation mechanisms in
AMiner, MAG and Semantic Scholar by L. Zhang et al. (2020) revealed that
Semantic Scholar and MAG achieved a better performance than the AMiner.
However, the study warrants the improvement of the author disambiguation
mechanism in all three databases (L. Zhang et al., 2020).

Since OpenAlex is the most recent database, no studies comparing the Ope-
nAlex database to other databases or studies discussing the coverage have
taken place. The only exception is the study comparing metadata between
Microsoft Academic Graph and OpenAlex (Scheidsteger & Haunschild, 2022),
which has already been discussed in section 3.2.5.
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4. Existing Tools for Citation Data
Extraction

Manual retrieval of citation data can be a cumbersome and time-consuming
procedure. Therefore, libraries or packages written in a programming language
like Python, Ruby and R, are generally preferred and used for extracting
data for citation analysis, making the extraction process simpler and more
efficient than manual data extraction. Several libraries are available to extract
metadata using APIs from different citation databases. Most libraries are user-
friendly and can be used by someone with little to no knowledge about the
usage of APIs. Having examined various citation data sources, let’s take a
closer look at some existing libraries and packages that can be used to extract
metadata from citation databases. Python and R are the most commonly
used languages for citation analysis; therefore, we will focus on libraries and
packages developed in those languages.

4.1. Examples of the tools

For each citation data source used for the development of CitaTrack, an exist-
ing library or package that is widely used for data extraction or manipulation,
is mentioned below.

4.1.1. Pybliometrics

Pybliometrics 1, a Python-based library, can be used to extract & cache meta-
data from the Scopus database and has a simple and consistent interface. The
tool can be seamlessly integrated with various components in Python’s data
science ecosystem, such as machine learning and visualisation tools, without
the need for a server (Rose & Kitchin, 2019). The tool can be downloaded
from PyPI and can be used either within a Python interpreter or in script
mode.

Scopus has 11 APIs in total, of which data retrieval using eight API endpoints
is supported by the tool, i.e., the three retrieval APIs: Abstract, Affiliation
& Author Retrieval, the three search APIs: Abstract, Author and Affiliation
Search, and two metadata APIs: Citation Overview API & Serial Title API
(Rose & Kitchin, 2019). When retrieving data, providing mandatory input
parameters, such as search query strings (for search classes) or identifiers for

1 https://pybliometrics.readthedocs.io/en/stable/
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Scopus entities (for metadata and retrieval classes), is required. The Citation
Overview API requires an additional parameter, i.e., the start date. Aside
from the ease of use, the package offers the advantage of not having to browse
the complete documentation of the Scopus APIs to extract metadata.

Metadata related to a set of works, authors, affiliations etc., can easily be
retrieved via the tool, and to speed up future retrievals, the responses are also
cached. The package supports error handling as well. Also, when used for the
first time, the authentication details, i.e. the API key generated on Elsevier’s
website or the institution key, should be input. The authentication information
is then saved in a configuration file for future use. Additional information
related to the usage of the package can be found on the pybliometrics website1.

4.1.2. openAlexR

One of the popular R-packages to gather citation data from the OpenAlex
database is ‘openalexR’ 2. The tool was developed by Aria (2022). This library
provides a user interface to the OpenAlex APIs and supports the retrieval of
bibliographic information about publications, authors, sources, institutions
and concepts. The package can be installed either from CRAN or GitHub.
The package mainly supports the following four functions for data retrieval:

1. oa query(): A query is generated from the arguments provided by the
user.

2. oa request(): Once the appropriate query is generated through oa query
or manually input by the user, the set of entities matching the query can
be downloaded with the help of oa request. A list of JSON objects is
returned.

3. oa2df(): converts the JSON object to a data frame or tibble.

4. oa fetch(): All three functions above can be executed in a single step
using oa fetch.

For example, if the OpenAlex ID for a particular author or work is available,
the metadata related to it can easily be retrieved with the help of oa fetch.
For more information, one can refer to the documentation provided.

4.1.3. rcrossref

rcrossref 3 provides an R interface to retrieve data through the Crossref APIs.
The package was developed by Chamberlain et al. (2021) as part of the rOpen-
Sci set of packages. It can be installed via CRAN or Github. Once the instal-
lation is done, it can be imported and used accordingly in R. It ensures that

2https://github.com/massimoaria/openalexR
3https://github.com/ropensci/rcrossref
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all the etiquette needed to access data from the Crossref database is followed.
The polite API pool provides improved performance and consistent response
times. To access the polite pool, one must provide their email ID along with
the request sent. Using the package, one can store their email ID as an envi-
ronment variable in the ‘.Renviron’ file and then load the package and request
the required metadata.

Metadata related to works in a journal can be retrieved by using the function
cr journals(). It takes either the ISSN of the journal or keywords and fetches
information about works published in the journal. Additionally, one can use
the function to retrieve metadata related to multiple DOIs. Similarly, the
function cr works() helps us to fetch metadata regarding a single work. It
allows us to search by a single or a set of DOIs. Multiple filters like location,
funder, ORCID etc., can also be added to the query. The output is returned
in JSON format, and they recommend the use of a JSON viewer to view the
output.

4.1.4. opencitingpy

opencitingpy 4 is a Python library that can be utilised to obtain data from the
OCC. Developed by Saralegui (2021), this package allows easy data extraction
via the OpenCitations API. The package can be downloaded via PyPi. It’s
easy to use and does not require memorising URLs or formatting the responses
received from the APIs. The Python package can be easily installed via pip.
The metadata related to a list of scientific articles can be fetched by providing
their corresponding DOIs. One can access all the endpoints available in the
OCC currently.

4.1.5. semanticscholar

semanticscholar 5 is a Semantic Scholar Academic Graph API client library
written in Python which was developed by D. Silva (2022). It can be down-
loaded from Pypi and imported & used as needed. Metadata related to scien-
tific papers or authors can be fetched with the help of the library. Access to
the public API and S2 Data Partner’s API (using a private key) is enabled.
It mainly supports two functionalities

1. Author Lookup - an author can be looked up by providing the corre-
sponding Semantic Scholar ID or using a keyword search.

2. Paper Lookup - A paper can be looked up by providing the corresponding
ID, like DOI or using a keyword search.

Similarly, one can easily navigate through the results regardless of the number
of pages. All fields are included in the response by default. By using query

4https://github.com/unaisaralegui/opencitingpy
5https://github.com/danielnsilva/semanticscholar
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parameters, one can easily include only the required fields, such as the title
and the publication year. The results can also be filtered according to query
parameters like the publication year.

4.1.6. USGS BiblioSearch

The tools discussed previously are all designed to retrieve metadata from a
single database, whereas the USGS BiblioSearch 6 tool can be used to retrieve
metadata from multiple databases. It is a Python tool developed by Kleist
and Enns (2022), which can be used to search, clean, and compile literature
citations from different citation databases. The tool can retrieve citation in-
formation from the WoS, Scopus, USGS Pubs Warehouse, and ScienceBase
databases. It makes use of APIs and other web services to perform a system-
atic search of the different citation databases. It then cleans and compiles the
result obtained.

Different levels of search results can be retrieved after a search operation, i.e.,
filtered results from across databases, raw results from each database, detailed
record of a search query and summary of search results. Since the WoS and
Scopus databases are proprietary databases, the users must have access to
these databases to retrieve the metadata. On the other hand, both USGS
Pubs Warehouse and ScienceBase provide open access.

4.2. Drawbacks of the existing Packages or Libraries

Even though many libraries are available for retrieving citation data across dif-
ferent citation databases, only a few packages or libraries enable the retrieval
of data from multiple citation databases. For example, the Pybliometrics
package can only retrieve the citation data from the Scopus database. Simi-
larly, rcrossref can only retrieve citation data from the Crossref database. One
major challenge with extracting citation data from different databases is the
absence of a uniform interface. This can make it difficult to extract data con-
sistently and accurately, as each database may have its own protocol for the
extraction of citation data. As a result, researchers may need to spend more
time and effort to extract data from each individual database.

Another significant challenge is that the output or citation data retrieved may
be in different formats. This can make it difficult to analyse the data consis-
tently, as different formats may require different approaches to processing and
analysis. Additionally, researchers may need to spend more time and effort
standardizing the data formats across different databases, which can be time-
consuming and may require technical expertise. Without a consistent format
for the data, it can also be difficult to compare and contrast citation data from

6https://code.usgs.gov/fort/bibliosearch/-/tree/v1.0.0
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different data sources. Moreover, there is a possibility that these tools may be
written in different programming languages. Researchers may need to spend
additional time and effort learning multiple programming languages. This can
be a particular challenge for researchers who do not have a strong background
in programming, as they may find it difficult to navigate the technical aspects
of using these tools.

Usually, in bibliometric studies, there is a heavy focus on the citation counts
between entities like journals or authors. In most cases, the existing tools
available simply retrieve data related to sets of journals or authors. These
tools rarely offer an option for aggregating citation counts between a set of
entities like journals or authors for a specific time frame.

4.3. Advantages of CitaTrack

Most of the drawbacks of the packages mentioned above are addressed satisfac-
torily with the implementation of the new package ‘CitaTrack’. The package
is designed to be user-friendly and provides a uniform interface to access the
citation data from five different citation databases, Scopus, OpenAlex, OCC,
Semantic Scholar and Crossref. An example of a citation analysis that was
performed is described in detail in Chapter 6.

Currently, only five data sources are supported, but the package is scalable
and can accommodate more databases if necessary. It is designed to improve
the flexibility of the data retrieval process, that is, it offers the user the pos-
sibility to choose only the required databases.

Also, the package eliminates the need to go through the documentation of each
and every citation database separately. In addition, the tool can be used by
people with little technical knowledge of HTTP requests or APIs. As a result,
users may save a lot of time and resources.

The citation counts between the works published in a set of journals or by a
set of authors in a particular timeframe are aggregated and provided as output
to the user. The output obtained is in a citation matrix format (a table of
cross-citations), making it easier to analyze, draw insights from the data and
can be used for further post-processing. For example, the ranking of journals
can be performed with the help of the cross-citation table obtained using the
package.

4.4. Comparison between the tools

Table 4.1 illustrates the comparison between the tools and highlights their key
features. The tools are compared based on several factors. These factors in-
clude the programming language used to develop the tool, the repository from
which the tool can be downloaded, whether the tool can extract data from
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4.4. Comparison between the tools

single or multiple sources, the data sources supported by the tool, the entities
that can be extracted using the tool, whether the tool provides authentica-
tion mechanisms, the output format of the retrieved data, and whether the
tool caches results. By considering these factors, we can gain a better un-
derstanding of the capabilities of the tools that can be used for citation data
extraction.
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5. Journal Ranking

Journal ranking is performed in academia by various organisations, institu-
tions, and individuals to assess a journal’s relevance, impact, and quality. In
this chapter, we will examine some of the widely used citation-based metrics
for ranking journals. However, Bradley-Terry, one of the statistical models,
is different from the other citation-based metrics. It is a powerful statistical
model that can be used to rank journals based on paired comparisons. Ad-
ditionally, we will talk about the potential advantages of the Bradley-Terry
model compared to other ranking approaches.

5.1. Background

Journal ranking plays a crucial role in academic research as it helps researchers
and institutions to make informed decisions about where to publish and which
journals to follow. Top-ranking journals often exercise their discretion in se-
lecting academic papers and have set standards for choosing an article for
publication. To maintain their position among other journals, they are highly
selective and ensure that the contents of the academic papers published are of
top quality. So, it is widely accepted that any work published in a top-ranking
journal has a certain level of prestige and value associated with it. Moreover,
the distribution of scientific works within the research community is assured
when academic works are published in top-ranking journals. According to
Chang et al. (2010), when suitable data is not available for the evaluation
of an academic paper, its quality is often inferred from the reputation of the
journal in which it is published.

As observed by Hudson (2013), the approaches commonly used to evaluate a
journal’s quality and impact are mainly grouped into two categories, namely,
the subjective peer review approach and the objective approach based on ci-
tation metrics.

Subjective peer review approaches usually employ a panel of experts to eval-
uate the journals. The final ranking of journals is arrived at by aggregating
the expert’s opinions. The main merit of the method is that the journals are
evaluated by a panel comprising expert scholars in the field (Bontis & Serenko,
2009). However, this approach can be expensive and time-consuming if the
number of evaluators is high. Moreover, their opinion is subject to personal
biases and may not reflect the true picture (Belter, 2015). The process is
also manual and subject to limitations thereof. The ranking is subject to the
knowledge of the experts in the panel and can also be prone to manipulation
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and external influences.

The objective approach is mainly based on citation metrics which in turn may
be based on a formula (Hudson, 2013). The main strength of this method is
that the disadvantages of the subjective peer review approach are eliminated.
Most citation metrics are based on journal-level pairwise citation counts. As
the calculation of citation counts is automated, the disadvantages of manual
methods are removed. As the human intervention is minimal, the process is
less error-prone. In objective approaches, a large number of journals can be
included in the pool for processing and ranking and the processing time is
much faster compared to the subjective peer review approaches. However,
citation-based metrics have been widely criticised because they can fail to
signify the impact or importance of academic work in a domain. The counted
citations may include several works having a critical opinion about the cited
work. The limitations of the objective approaches will be discussed in the
upcoming section.

5.1.1. Citation-based Metrics

Citation-based metrics are often used to evaluate the scientific impact of re-
search publications. These metrics assess the impact of a journal or a scholarly
work by analyzing the number of times it has been cited by other researchers.
Waltman (2016) remarks that these metrics provide information on the im-
pact of scientific units such as individual or groups of researchers, research
institutions or scientific journals, and it plays a prominent role in the evalua-
tion of scientific research. Moreover, he also points out that the significance
of citation impact indicators in research evaluation has increased a lot during
the past few decades, as evidenced by the rapid growth of scientific literature
on citation impact indicators. The simplest citation-based metric is based on
citation is the total number of times a journal’s articles have been cited, i.e.,
the citation count (Walters, 2017). However, a major limitation of this metric
is that it is influenced by the size of the journal, as larger journals are likely
to have more articles and, thus, more opportunities for citations.

Roldan-Valadez et al. (2019) highlight the classification of bibliometrics based
on different contexts or perspectives, in particular, metrics based on the pres-
tige of the citing journal and metrics which are based on normalised citation
scores. The former is based on a methodology that assigns more weight to
citations from esteemed journals. The first category includes metrics such as
SCImago Journal Rank (SJR) by Scopus, as well as the Eigenfactor by WoS.
On the other hand, according to the authors, the second group of metrics at-
tempts to standardise the citation rate within a particular subject group and
includes metrics like CiteScore, IF and SJR. A brief overview of the citation-
based metrics is provided below:
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Journal Impact Factor

Among the oldest and most widely used citation metrics is the Journal Im-
pact Factor (JIF). It is the ratio of the total number of citations received by
a particular journal and the total number of papers published in the journal
in the previous two years, which is equivalent to the average citation rate per
published item in a two-year time period (Garfield, 1972). It was developed
in the 1950s and is based on the data retrieved from the WoS database. It is
calculated on a yearly basis and is published in the Journal Citations Report1

by Clarivate Analytics (Roldan-Valadez et al., 2019)

According to Garfield (1994), the JIF is calculated as follows:

T = Total cites in a year Y

C = Cites in year Y to articles published in Y − 1 and Y − 2 (C is a subset of T )

N = Number of articles published in Y − 1 and Y − 2

I = C/N = Journal Impact factor for the year Y

Here, Y represents the current year for which the JIF is being calculated,
Y − 1 represents the year immediately prior to the current year Y and Y − 2
represents the year two years prior to the current year Y .

Even though the JIF is widely used currently for ranking journals, originally
the idea was conceived for a different purpose, specifically to aid libraries in
determining which journals to index and acquire for their collections (Haustein
& Larivière, 2014). The metric’s designer was of the opinion that it was not ap-
propriate to use the metric for the evaluation of works or individuals (Garfield,
1963). McKiernan et al. (2019) remark that the correlation between the JIF
and the prestige of a journal has caused academics to aspire to publish their
research in journals with high JIF scores.

The JIF can fluctuate depending on several factors, such as the number of
authors involved in writing the paper, the language in which the paper was
written and the length of the scientific publication (Selby, 2020). Few works
receiving a higher number of citations can boost the JIF considerably. Fur-
ther, the citations received by works in a particular journal are not uniformly
distributed. Therefore, it cannot be considered an appropriate metric for mea-
suring the impact of all the works in a particular journal. Also, it takes into
consideration only the works published within a two year window (Bornmann
& Williams, 2017). However, some works get noticed several years after their
publication. A significant limitation of the IF is its reliance on self-citations.

1https://jcr.clarivate.com/jcr/home
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The use of self-citation in the IF has been subject to criticism due to the po-
tential bias it introduces by inflating the citation count (Yuen, 2018). Another
criticism regarding the metric is that the numerator includes all citations to a
journal, including those to non-research articles, which can inflate the citation
count. Meanwhile, the denominator only includes ‘citable’ items (e.g., journal
articles) (Walters, 2017).

Although there are various limitations associated with it, the IF continues to
be widely used and accepted. The academic community and the publishers of
the journals continue to rely on this metric for the ranking and evaluation of
journals, works or individuals.

h-index

The h-index, a metric to measure the impact of a researcher’s scientific work,
was developed by Jorge Hirsch in the year 2005. The metric is freely accessible
through Scopus and Google Scholar (Grech & Rizk, 2018).

According to Hirsch (2005), “a scientist has index h if h of his or her Np pa-
pers have at least h citations each and the other (Np-h) papers have less than
or equal to h citations each”.

The metric was designed to measure “the broad impact of an individual’s work
or ‘overall scientific impact’ ”(Barnes, 2017) and has become one of the sig-
nificant metrics used to evaluate the productivity and impact of researchers
(J. A. T. D. Silva & Dobránszki, 2018).

Several variations of the metric have been developed; however, none of the
variants exceeded the metric’s ability to measure the impact of researchers.
The main characteristics, as observed by Koltun and Hafner (2021) are:

1. The research output of a scientist or researcher is encapsulated into a
numerical value which in turn can be used for comparison or ranking of
researchers.

2. The metric has the ability to quantify impact irrespective of the number
of publications of a researcher or their career stage.

3. The calibration of thresholds or parameters is not required.

4. Although there have been criticisms, it is regarded as a reliable measure
of a scientist’s impact.

Setti (2013) noted some positive aspects of the h-index when compared to the
JIF. Firstly, it is insensitive to a sudden increase in the number of non-cited
papers or a few highly cited contributions, which may occur accidentally. Ad-
ditionally, it combines the number of papers published and the citation rate,
which reduces the apparent overperformance of small journals as measured by
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the JIF.

The metric’s usage for the evaluation of individuals has differing opinions
among the bibliometricians due to some of its limitations. As noted by Kreiner
(2016), even if a work receives several thousand citations, the h-index can never
go beyond the number of works published by a researcher. They also point out
that self-citations are not excluded and can result in the manipulation of the
metric. Further, the metric cannot be used for comparing researchers at dif-
ferent stages of their careers or individuals from different scientific domains. It
does not differentiate between the authorship positions as well, so a notewor-
thy amount of work can be done by the first author and comparatively lesser
work by the middle or last author (Grech & Rizk, 2018). However, there is no
system in place to differentiate between the nature of work. The authors also
note that the metric is dependent on the discipline of research since research
that is extremely specialised may have a smaller audience, which results in
fewer citations.

Eigenfactor

The Eigenfactor metric was developed by Bergstrom (2007) and the metric
assesses the overall impact of a journal on the academic literature, that is,
the collective worth contributed by all the articles published in the journal
during a given year. The use of just the citation counts as a metric was heav-
ily criticised for the reasons already discussed and the IF has been subject to
many criticisms. Hence, Eigenfactor was developed as an alternative metric
since IF is susceptible to manipulation and fails to account for the quality
and prestige of the citing journals. The metadata used for ranking is fetched
from the WoS database. The methodology used to rank journals is similar to
Google’s Page Rank Algorithm. Bergstrom (2007) describes the approach as
follows: “we measure the importance of a citation by the influence of the cit-
ing journal divided by the total number of citations appearing in that journal”.

Self-citations are not taken into account by Eigenfactor in its evaluation of a
journal’s impact, therefore, manipulating the metric is often difficult (Setti,
2013). Further, the metric is often positively correlated with journal size,
meaning that larger journals tend to have higher scores (Pajić, 2015; Setti,
2013). It is calculated using citation data from a five-year period, and it can
be calculated for a set of journals by adding together the individual scores of
each journal in the group (Yuen, 2018).

Article Influence Score

The Article Influence Score (AIS) is independent of the size of the journal and
is based on the Eigenfactor (Walters, 2017). Both the Eigenfactor score and
the derived AIS were introduced to address the limitations of the IF (Varin et
al., 2016). The metric determines the importance of a journal by assessing the
influence of each article published in the journal. The following formula can

39



Chapter 5: Journal Ranking

be used to calculate the metric from the Eigenfactor Score(Clarivate, 2021):

Article Influence Score =
0.01× Eigenfactor Score

X

Here, X is the ratio of the number of articles published by a journal over a
five-year period to the total number of articles published by all journals during
the same five-year period. The data from the WoS database is used for the
calculation of this metric and is available freely at eigenfactor.org or in the
Journal Citation Reports of Clarivate Analytics.

The Eigenfactor and the AIS have many common characteristics as the latter
was derived from the former. They both use a five-year citation window to cap-
ture the impact of a journal (Pajić, 2015) and both exclude the self-citations
during its calculation (Setti, 2013). Both take into account the quality and in-
fluence of the citations received by a journal, rather than just the raw number
of citations.

SCImago Journal Rank (SJR)

SCImago Journal Rank 2 is a metric which is based on citation data extracted
from the Scopus database. SJR employs a similar algorithm to the one used by
Google Page Rank, whereby citations are weighted according to the perceived
‘prestige’ of the journal that made the citation (Yuen, 2018). SJR takes into
account not only the number of citations received by a journal, but also the
importance of the journals that cite it (Colledge et al., 2017). For instance,
a citation from a highly ranked journal is given more weight than a citation
from a lower-ranked journal.

Guerrero-Botea and Moya-Anegón (2012), who have contributed to the devel-
opment of the SCImago Journal Rank, mention that the calculation of SJR is
done in two phases, in the first phase, the prestige of each journal is calculated
and this measure is size dependent. For more information on the calculation
of the prestige, please refer to the paper. In the second phase, the normal-
isation of the measure obtained (in phase 1) is performed. The SJR uses a
normalization method where the prestige gained by each journal (measured as
PSJR2) is divided by the ratio of its citable documents relative to the total
number of citable documents in the field to account for differences in journal
size. According to the author, it can be expressed as:

SJRi =
PSJR2i(

Arti/
∑N

j=1Artj
) =

PSJR2i
Arti

·
N∑
j=1

Artj

2https://www.scimagojr.com/journalrank.php
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One of the differences between the JIF and the SCImago Journal Rank is
that the publication window considered for the latter is three years, whereas,
for the former, it is two (Roldan-Valadez et al., 2019). Further, citations are
not equally weighted in the network, unlike the JIF, citations from the most
prestigious or influential journals are weighted more heavily. To mitigate the
potential impact of excessive self-citations on the evaluation of a journal’s
influence, the metric sets a maximum limit of 33% of self-citations that each
journal can receive (Setti, 2013). This limit helps to prevent manipulation of
the metric to a certain extent.

CiteScore

CiteScore 3, a relatively new citation metric by Elsevier B.V., was introduced
in 2016 and is a competitor of the JIF. According to Zijlstra and McCullough
(2016), the metric provides a transparent and up-to-date evaluation of a jour-
nal’s influence and can aid one in determining where to submit their next
publication. This metric is determined by dividing the total number of cita-
tions received by articles published in the current year by the total number of
articles that the journal has published over the previous three years (Colledge
et al., 2017). It can be written as (Roldan-Valadez et al., 2019):

CiteScore =
C

N

where, C is the Citations received in the year Y to articles published in the
years Y − 1, Y − 2 and Y − 3 and N is the total number of articles published
in the years Y −1, Y −2, and Y −3. The metric was developed to address the
lack of simple citation-based journal metrics in Scopus. Only peer-reviewed
publications are used for the CiteScore calculation, and all serial titles indexed
in Scopus are included. It is free and is available to both subscribers and non-
subscribers. Unlike the JIF, the metric offers transparency of underlying data
and hence can be validated easily (McCullough, 2022). Furthermore, the Sco-
pus metric for newly published serial titles is only available a year after they
were indexed in the database.

Colledge et al. (2017) mention that the metric is a useful tool for assessing
the citation impact of serial titles that belong to a common subject area. The
utilisation of the metric in the assessment of journals pertaining to various
fields such as molecular medicine, nursing, behavioural neuroscience, trade,
and dermatology has been observed (Roldan-Valadez et al., 2019).

The main similarities and differences between the JIF and CiteScore are listed
in Table 5.1. It is the publication window, transparency and coverage that
mainly differentiate the two metrics, both of which are very similar. The

3https://www.scopus.com/sources
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Table 5.1.: Comparison between the JIF and CiteScore (J. A. T. D. Silva & Memon,
2017)

Characteristics JIF CiteScore

Similarities

Calculation Citation per document Citation per document
Simplicity Yes (calculates mean) Yes (calculates mean)
Annual snapshot Available for reporting

purposes
Available for reporting
purposes

Inclusion for error correction No No
Field-specific differences Addressed Addressed
Self-citation Included Included

Differences

Proprietary Non-publisher Publisher
Database used WoS Scopus
Publication window (years) 2 3
Numerator versus
denominator

Inconsistent Consistent

Document types included Articles and reviews All types, including arti-
cles, reviews, letters
and editorials

Sources Journals only All (journal, conference
proceedings)

Coverage 11,000 titles or
32,925 journals

22,000 titles or
22,256 journals

Transparency Subscription-based Freely available (except for
in-depth analysis)

Availability of updates Yearly Monthly
Effect of editorial policy Influenced Not influenced
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journals having a high JIF can have a lower CiteScore owing to the difference
in coverage of the databases. Noorden (2016) observes that documents like
editorials, letters, news items etc., are counted by the new metric, and these
documents are less cited by researchers or scholars; therefore, the average is
often dragged down.

5.1.2. Altmetrics

Apart from the commonly used subjective peer review and the objective ci-
tation metric-based approaches for measuring the impact of the journals, al-
ternative metrics/altmetrics are emerging as a novel option to measure the
societal impact of research output. Altmetrics take into consideration social
media activity and also other forms of significant research output that is not
typically included in traditional peer-reviewed publications (Williams, 2017).
For instance, in ‘article-level metrics’, the data from social media such as down-
loads, recommends, clicks, notes, tweets, shares, views, likes, saves, posts, tags,
bookmarks, discussions, trackbacks, and comments are counted to assess the
impact, instead of the citation counts between papers (Bornmann, 2014). In
comparison to traditional metrics, four main advantages were identified by the
author:

1. Broadness: altmetrics measures societal impact, in other words, it can
measure impact beyond science.

2. Diversity: The impact of all scholarly products (such as data sets, soft-
ware and patents) can be measured, not only academic papers.

3. Speed: The other metrics, like the IF, take longer to be published, while
the altmetrics enable the measurement of the impact of a scholarly prod-
uct within a short span of time after its release.

4. Openness: In altmetrics, data collection is not an issue as it can be
collected without any difficulty.

Despite having many advantages, altmetrics have several disadvantages, as ob-
served by Thelwall (2020). First, there is no direct and easy method for data
collection, and it is also time-consuming. The other disadvantages mentioned
by the author are low coverage, difficulty with field normalisation, incomplete
and biased coverage of impact areas, incomplete coverage of impact types and
lack of quality control. Also, compared to traditional bibliometrics, altmetrics
are more susceptible to manipulation (Bajwa & Mehdiratta, 2021). For in-
stance, Twitter mentions can be created by bots or fake accounts. Moreover,
there is no formal process for linking user’s online profiles to their offline iden-
tities on social media websites. In cases where citations alone are insufficient
for evaluation, such as when evaluating non-academic impacts or nonstandard
outputs, the altmetrics can prove to be very useful (Thelwall, 2020).
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Walters (2017) mentions that altmetrics have not gained widespread accep-
tance as replacements for established measures of a journal’s impact and rep-
utation despite their potential. Williams (2017), on the other hand, highlights
that, altmetrics are not meant to replace traditional citation-based measure-
ments but rather to provide additional and complementary information.

5.1.3. The Stigler Model

The Bradley-Terry model (Bradley & Terry, 1952) is a quantitative approach
based on pairwise comparisons that can be used to rank journals. A model
based on paired comparisons compares each item in a set against every other
item, and the final ranking is determined by the relative preferences or rank-
ings of each item within the set. Bradley-Terry models are commonly used in
fields such as sports and statistics (Liner & Amin, 2004). The model assumes
that the relative strength of preference between two items can be represented
as the odds ratio of one item being preferred over the other. To quote Turner
and Firth (2012), the basic assumption of the model is that, “ in a ‘contest’
between any two ‘players’, say player i and player j, (i, j ∈ {1, ...,K}), the
odds that i beats j are αi/αj , where αi and αj are positive-valued parameters
which might be thought of as representing ‘ability’.”

The Stigler model, which utilises a stochastic approach to model a matrix of
cross-citation counts, is an example of the Bradley-Terry model (Varin et al.,
2016). The model can typically be fitted using maximum likelihood estima-
tion. The basic idea is to find the set of model parameters that maximise
the likelihood of observing the data given the model. Stigler (1994) looked
at citations as import-export statistics reflecting intellectual influence. In his
words, “when one journal, say Journal A, prints a paper containing a citation
to work previously published in another, Journal B, we may consider this as
indicating an instance of the export of intellectual influence from Journal B
and the import of intellectual influence by Journal A” subject to certain lim-
itations.

The journal that publishes the original article is considered the source journal
that exports the bibliographic reference, while the journal that references the
original work is regarded as the recipient that imports it. The model was
designed to measure the ‘export scores’ for academic journals (Selby, 2020).
The export score could be considered as a measure of one journal’s influence
on other journals. This score is calculated relative to a baseline journal that
is chosen arbitrarily.

According to Varin et al. (2016), “the log-odds that journal i exports to journal
j rather than vice versa are equal to the difference in the journal’s export
scores”.

log-odds(journal i is cited by journal j) = µi − µj
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In this equation, µi is journal i’s export score. The author notes that, greater
the export score, the greater the likelihood of exporting intellectual influence.
A journal with a high export score is considered more influential than one with
a low score; therefore, a ranking can be derived based on the export scores of
a set of journals. An example of ranking journals using the Stigler model is
given in Chapter 7.

5.1.4. Advantages of Stigler’s model over other metrics

The model exhibits several advantages according to Varin et al. (2016):

1. A journal’s size is insignificant, and there’s no need to perform normal-
isation based on journal size, unlike the other metrics.

2. Journal self-citations are ignored, which is especially beneficial where
the number of citations is manipulated through self-citations.

3. Only the citations among the journals included in the comparison set
are considered.

4. The prestige of the citing journal is taken into consideration.

There are some disadvantages to the model as well. For instance, the model
fails when the citation network is disconnected. Liner and Amin (2004) note
that it may not perform well for a group of journals that do not exhibit a
strong bilateral trade in citations. In such scenarios, there may be a lack-of-fit
problem, which could compromise the reliability of the model in terms of pre-
dicting the propensity to export information between journals. Additionally,
the traditional model Bradley-Terry model cannot process fractional citations.
However, the advantages of the model outweigh the disadvantages.
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6. A Motivating Example: Part A -
Citation Analysis

Research in economics frequently involves the use of bibliometric analysis
methods (e.g. Ketzler & Zimmermann, 2012; Wei, 2018). The analysis of
citations can help identify influential research, track trends over time, evalu-
ate the impact of research, and identify potential collaborators.

In Chapter 4, we showed examples of tools available for extracting citation
data from different citation databases. As we saw, there is a need for more
tools that can extract citation information from multiple databases. We devel-
oped CitaTrack, a Python package for extracting citation data from 5 different
citation databases to address this issue. It is written using Python 3, and API
wrappers were developed for the respective APIs of the data sources as part of
the package. The citation databases are accessed by the tool to extract infor-
mation about citations between authors or journals. The package is designed
to be simple and easy to use. It provides a uniform interface to extract citation
data related to journals and authors from five citation data sources: Scopus,
OCC in conjunction with Crossref, OpenAlex, Crossref and Semantic Scholar
in conjunction with Crossref. For better performance, the metadata is cached
after it is extracted. More information about the tool and its implementation
is discussed in Chapter 8.

Even though several studies have been conducted in the field of citation anal-
ysis over the years, studies covering newer databases like Semantic Scholar
and OpenAlex are few in number. We will now look into an example of an
analysis and journal ranking that was conducted using the tool. This example
is divided into two parts: citation analysis and modelling. CitaTrack was used
to extract data from the five data sources for the articles published in the
top twenty economic journals in the time period 2016-2020 for both citation
analysis and modelling (ranking of journals). The journals were selected from
Google Scholar’s list 1 of the top 20 journals in the field of Economics. Google
Scholar ranks the journals based on the h-index. The titles of the journals
chosen and their abbreviations are given in Table 6.1. The five-year citation
window was chosen because it results in consistent rankings of journals over
an extended period of time (Pajić, 2015). According to Setti (2013), “a five-
year citation window reduces fluctuations between years and better reflects
the impact of papers in most disciplines”. The focus of this chapter will be

1https://scholar.google.de/citations?view op=top venues&hl=en&vq=bus economics
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on citation analysis. The results of this analysis illustrate the variability in
data from different sources and skewed distributions of citations across the
top 5 journals in economics. With this, we will show why using multiple data
sources to perform journal ranking is beneficial to gain a more comprehensive
understanding of the ranking of journals. We also demonstrate why indica-
tors using the weighted average of citations, such as IF, may not be a reliable
measure for ranking journals.

Economic journals have become more significant in recent years as the world
has become increasingly interconnected. In the wake of globalisation and in-
creased levels of international trade caused by the liberalisation of policies
worldwide, these journals have become a valuable source of information for
economists, business houses and academics alike. They offer a deep insight
into the latest economic trends, developments and issues. They also shed
light on the data and analysis that influences economic decision-making and
the framing of policies. Additionally, these journals provide a platform for
economists to share their research with the public.

Table 6.1.: Selected economic journals along with their abbreviations

SNo. Journal Name Abbreviation

1 American Economic Review AER
2 Review of Financial Studies RFS
3 Quarterly Journal of Economics QJE
4 Journal of Political Economy JPE
5 Journal of Finance JF
6 Review of Economic Studies RES
7 Econometrica Eco
8 Journal of Economic Perspectives JEP
9 Journal of Public Economics JPEco

10 Review of Economics and Statistics REStat
11 Journal of Development Economics JDE
12 Economic Journal EJ
13 Journal of Monetary Economics JME
14 Journal of International Economics JIE
15 Economic Modelling EM
16 Economics Letters EL
17 Journal of the European Economic Association JEEA
18 Journal of Economic Literature JEL
19 American Economic Journal: Macroeconomics AEJM
20 European Economic Review EER

There is a broad consensus that the top 5 economic journals are Econometrica,
the Journal of Political Economy, the Quarterly Journal of Economics, the
American Economic Review and the Review of Economic Studies (Heckman &
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Moktan, 2020; Kalaitzidakis et al., 2011). These journals are highly esteemed
in the academic world and hold significant influence. Heckman and Moktan
(2020) observe that these journals are listed as the top five journals based on
‘aggregate proxies of journal influence’.

6.1. Analyzing citations with the tool

A wide range of citation analysis use cases are addressed by the tool. Some
use cases are citation count analysis, citation network analysis, co-citation
analysis and trend analysis of citation counts. In citation count analysis, ci-
tation counts are used for assessing a publication’s impact and significance.
It is primarily used to evaluate journals and papers (Qiu et al., 2017). Ci-
tation network analysis allows one to identify and interpret the relationships
between entities in a discipline based on their citations. McLaren and Bruner
(2022) define it as a “review method that seeks to map the scientific structure
of a field of research as a function of citation practices”. Co-citation anal-
ysis is another practical application that helps identify the most frequently
co-cited papers and authors in a field and helps understand key concepts and
themes. As observed by Surwase et al. (2011), co-citation analysis “involves
tracking pairs of papers that are cited together in the source articles”. A
similar approach can be applied to authors as well. One can easily identify
the relationships between authors and their research areas (Kim et al., 2016).
Moreover, the tool can be used to track citation trends over a period of time.
CSV files generated as the output after the data extraction and processing via
the tool can be used for this purpose. The two CSV files obtained as the tool’s
output are the file with cross-citation information in a tabular format and the
one with detailed information about ‘citing’ and ‘cited’ works/authors. These
two files can be used to perform all the analyses mentioned above.

The tool also supports analysis of the distribution of works across different
data sources and comparative study among the data sources. In the upcoming
sections, the distribution of works in the top 20 economic journals, along with
the distribution of citations in the top 5 economic journals, are presented. As
Selby (2020) points out, “many reviews in bibliometric literature of citation
databases are concerned with paper- or author-level citation counts, or the
number of documents indexed based on a subject, as a measure of ‘coverage’”.
Further, the analysis of data from multiple sources provides us with valuable
insights into the field of economics.

6.2. Distribution of works in economic journals

Figure 6.1 is a graphical representation of the number of works indexed in
the 5 data sources of CitaTrack published between 2016-2020 for each of the
top 20 economic journals. Data regarding the number of works for each jour-
nal was retrieved as part of the journal ranking discussed in Chapter 7. The
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Figure 6.1.: Distribution of works in 20 economic journals based on the data ob-
tained from OpenAlex, Crossref, Scopus, OCC and Semantic Scholar

retrieval of cross-citation data using CitaTrack is discussed in detail in Ap-
pendix A.1. In the graph, each work is grouped by its journal of publication.
The x-axis of the graph depicts the number of works and the y-axis of the
graph depicts the journal names. As can be seen from the figure, the data
sources are distinguished by colour coding. The highest number of works is
indexed by OpenAlex(13971), followed by Crossref (12468), Scopus (10967),
OCC (10902), and the lowest by Semantic Scholar(8891). The figure clearly
shows that the number of works indexed by Semantic Scholar is considerably
lower than those indexed by other data sources. The number of works indexed
by OpenAlex and Crossref is largely comparable, and that of Scopus and OCC
is almost similar, with the latter having slightly fewer works than the former.
OpenAlex is majorly based on Microsoft Academic data, and in the study con-
ducted by Mart́ın-Mart́ın et al. (2021), it was found that Microsoft Academic
has higher coverage than Scopus. Therefore, the current results align with the
findings of Mart́ın-Mart́ın et al. (2021).

Of all the sources used, Semantic Scholar covers the least amount of publi-
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Figure 6.2.: The total number of citations received by the top five journals within
the set of 20 economic journals using CitaTrack
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cations in Economics. The result is in line with that of Arum (2016). As
mentioned in section 3.3, the author remarked that the number of works in-
dexed by Semantic Scholar is comparatively lesser and is limited to computer
science and neuroscience journals. However, with the latest results, it is en-
couraging to see that journals from the field of economics are also indexed,
even though the coverage of publications indexed is low. Further, the number
of works published in AER indexed by OpenAlex is almost double than the
ones indexed by other sources. This could be due to a data issue or data
duplication, as it is a recently developed data source. Alternatively, it could
simply be due to a better publication coverage. A detailed analysis could not
be done due to time constraints.

Table 6.2.: The percentage of works indexed in each data source for the top 5
economic journals

Data Source

Journal Name Crossref OCC OpenAlex Semantic Scholar Scopus

AER 7.77 8.07 13.12 7.72 8.07
JPE 3.99 3.18 4.21 4.31 3.33
Eco 3.72 3.03 3.60 2.46 3.04
RES 2.95 3.29 2.82 2.38 2.83
QJE 1.91 1.98 1.98 1.50 1.79

For each of the top 5 journals, Table 6.2 shows the share (percentage) of works
indexed in each data source. According to the table, the highest number of
works were published by AER (7.72% to 13.12%), followed by JPE (3.18%
to 4.31%), Eco(2.46% to 3.72%), RES(2.38% to 3.29%) and QJE (1.5% to
1.98%). The lowest number of works were published by QJE, making it the
most selective journal, and AER is the least selective among the group. The
total number of publications in the period 2016-2020 is significantly smaller
(approx. 2%) for the top five journals compared to the other 15 journals.
Similar results were found in a study by Card and DellaVigna (2013). They
found that QJE was the most selective, followed by JPE and RES, while Eco
and AER were the least selective. These journals tend to be more selective
in their publication standards, and they tend to prioritise articles that are
expected to have a significant impact on the field. Therefore, a publication in
one of the top five journals is considered prestigious.

6.3. Analysis of works in the top 5 economic journals

The number of citations a journal article receives can be seen as an indica-
tor of its relative importance in the field. Citation analysis was performed to
identify the papers (from the chosen journals) receiving the highest number of
citations. A QJE article titled ‘Measuring Economic Policy Uncertainty’ was
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Table 6.3.: Top 1% most cited works in each of the top 5 economic journals

Paper Journal Scopus
ID

Citations

Measuring Economic Policy Uncertainty QJE 2-s2.0-
84997832043

84

Learning from inflation experiences QJE 2-s2.0-
84960353870

48

The surprisingly swift decline of US manufacturing em-
ployment

AER 2-s2.0-
84978832070

61

The effects of exposure to better neighborhoods on chil-
dren: New evidence from the moving to opportunity ex-
periment

AER 2-s2.0-
84962800101

53

Railroads of the Raj: Estimating the impact of trans-
portation infrastructure

AER 2-s2.0-
85045219480

43

The power of forward guidance revisited AER 2-s2.0-
84991818004

41

The determinants and welfare implications of US
Worker’s diverging location choices by skill: 1980-2000

AER 2-s2.0-
84960914080

38

The margins of global sourcing: Theory and evidence
from US firms

AER 2-s2.0-
85026858937

33

Liquidity trap and excessive leverage AER 2-s2.0-
84960903805

32

CoVaR AER 2-s2.0-
84978880727

32

Consumption inequality and family labor supply AER 2-s2.0-
84960157895

31

Downward nominal wage rigidity, currency pegs, and in-
voluntary unemployment

JPE 2-s2.0-
84988720343

46

Government spending multipliers in good times and in
bad: Evidence from US historical data

JPE 2-s2.0-
85043534657

35

The macroeconomic effects of housing wealth, housing
finance, and limited risk sharing in general equilibrium

JPE 2-s2.0-
85009963966

31

The pass-through of sovereign risk JPE 2-s2.0-
84979520745

30

Trade induced technical change? The impact of chinese
imports on innovation, IT and productivity

RES 2-s2.0-
84959117320

42

Trade and inequality: From theory to estimation RES 2-s2.0-
85014087187

26

Voting to tell others RES 2-s2.0-
85014186629

24

Prices, Markups, and Trade Reform ECO 2-s2.0-
84961252962

72

Uncertainty Shocks in a Model of Effective Demand ECO 2-s2.0-
85018298203

29

Really Uncertain Business Cycles ECO 2-s2.0-
85048007602

27
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found to be the most cited across all data sources in the years 2016-2020. It
was followed by the article “Prices, Markups, and Trade Reform”, published
by Econometrica.

In this study, we attempted to investigate the percentage of citations received
by the top 1% of works in the top 5 journals using the data from Scopus. With
this, we intend to show the skewness in the distribution of citations received
by a few works, specifically, 1% of the total number of works published in
each of the chosen journals. The journals were chosen because they received
more citations than the other journals. Scopus was chosen as the data source
because the ranking obtained in Chapter 7 aligns with the general consensus
on the top five economic journals. The total number of works indexed by
the Scopus database for the set of 20 journals in the specific time period is
10967. The total number of works retrieved via CitaTrack published in QJE,
Eco, JPE, RES and AER is 197, 334, 366, 311 and 886, respectively. Table
6.3 illustrates the top 1% of works for each journal having the most citations.
Moreover, the total number of citations received and given out by the top 5
journals are listed in Fig 6.2.

Table 6.4.: Distribution of citations among the top 1% of works in the top five
economic journals

Journal Name Number of top 1% works Total number of works Percentage of citations

QJE 2 197 10 %
JPE 4 366 13.8%
Eco 3 334 13.4%
RES 3 311 12.7%
AER 9 886 12.3%

Using the data listed in Table 6.3 and Fig 6.2, the percentage of citations
received by each journal’s top 1% of works can be calculated. For instance,
the top 1% of works published in QJE, specifically just 2 out of 197 papers,
received almost 10% of total citations received by the journal. Similarly, 9
works in AER, 4 works in JPE, 3 works each in RES and ECO (the top 1%
of works) received 12.3%, 13.6%, 12.7% and 13.4% of the total citations (in-
cluding self-citations) received by the particular journal. This is illustrated in
Table 6.4. Clearly, the citation distributions in top journals are highly skewed,
as demonstrated by this example. Several similar studies have demonstrated
the skewed nature of journal citations in the past (Stern, 2013; Wall, 2009).
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7. A Motivating Example: Part B -
Modelling

The field of economics is continually evolving due to advances in research and
development. Therefore, the literature on ranking journals in economics has
grown significantly in the last 20 years (e.g. Bornmann et al., 2017; Hudson,
2013; Ritzberger, 2008), and it has been used as a tool to judge the research
performance of economics departments (Kalaitzidakis et al., 2011). It is also
observed that these journals play a crucial role in retaining old faculty and
attracting faculty new faculty as well as talented graduate students to highly-
ranked institutions. In a market where so many academic publications are
available, they provide ‘objective’ information about the quality of those pub-
lications (Ritzberger, 2008).

This chapter focuses on our attempt to rank 20 economic journals for a period
of five years, from 2016 to 2020, based on cross-citation data retrieved from five
citation databases - OpenAlex, Crossref, OCC, Semantic Scholar and Scopus
using the newly developed tool CitaTrack. In addition, we aim to verify that
the top 5 journals in the ranking are in alignment with the general consensus
on the topic.

As a first step in ranking journals, citation data was extracted using CitaTrack
for the top 20 journals 1 in Economics. The chosen time window for the citation
analysis performed using CitaTrack is five years, from 2016 to 2020. ‘Ability
scores’ of individual journals were obtained using the Stigler model based on
the data from the cross-citation table generated via CitaTrack. The set of
journals was then ranked based on their ability scores. Further, the process
was repeated for each cross-citation table pertaining to each data source. Even
though several metrics are available for ranking journals, very few quantify
the uncertainty associated with the rankings. Contrary to this, the model we
have used for ranking, namely, the Stigler model, quantifies the uncertainty.
A maximum likelihood method is used for fitting the Stigler model, and the
uncertainty related to the ranking is estimated using quasi-variances. We’ll
examine it in more detail in the next section.

1https://scholar.google.de/citations?view op=top venues&hl=en&vq=bus economics
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7.1. Modelling

The Stigler model was discussed in Chapter 5 in detail. The procedure for
ranking journals using the model based on the cross-citation data obtained
via CitaTrack will be discussed in this section. The R package BradleyTerry2
(Turner & Firth, 2012) was used to obtain the rankings for economic journals.

To rank the journals, the cross-citation table obtained via CitaTrack was mod-
ified slightly to the appropriate format, i.e., pairs of journals with their cor-
responding frequencies of ‘wins’. The self-citations counts are not taken into
consideration by the model. The Bradley-Terry model was fitted using the
‘BTm’ function available in the BradleyTerry2 package, that is, the ability
scores were estimated using the maximum likelihood function (Varin et al.,
2016). In this process, one of the journals is usually set as the ‘reference’. The
ability score assigned to the reference journal serves as a reference point for
interpreting the abilities of all other items in the set. Liner and Amin (2004)
note that any journal in the list can be used as the reference journal, and the
analysis will yield the same results regardless of which one is chosen. Turner
and Firth (2012) have noted that there may be some concerns regarding the
Bradley-Terry model’s handling of self-citations and the assumption of inde-
pendence between citations in academic articles. Nevertheless, they mention
that several arguments were given by Stigler (1994) in support of using the
model despite the concerns raised about its limitations.

In the Bradley-Terry model, the data is typically represented as a directed
graph where each item is represented as a node and each pairwise compari-
son is represented as a directed edge between the two nodes. If the graph is
disconnected, meaning that there are two or more separate components that
are not connected by any edges, the model may not be able to estimate the
abilities of the items accurately. For regularisation, we introduced a dummy
journal which equally cites and is cited by all the other journals in the set.
The estimated ability scores can be extracted using the function ‘BTabilities’
of the package. The journals can then be ranked based on the estimated abil-
ity scores. The higher the score, the higher the importance of the journal.

The rankings of journals based on citation-based metrics often fail to take
uncertainty into account. Measuring the uncertainty associated with rank-
ings helps to provide a more accurate representation of the ranking and its
potential variability. In order to account for uncertainty in the journal rank-
ing obtained, we use quasi-variances (Firth & Menezes, 2004). In other words,
quasi-variances are used to estimate the uncertainty associated with the ability
(export) scores of the journals. Whenever there are a large number of vari-
ables, as in this case, a large number of journals, it becomes computationally
challenging to calculate the entire covariance matrix. In order to reduce the di-
mensionality of the covariance matrix, we can use quasi-variances, which are a
simplified representation/approximation of the covariance matrix. The quasi-
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variances are estimated with the help of the ‘qvcalc’ package (Firth, 2020).
Finally, the comparison intervals are calculated with the help of these values.
To create a 95% comparison interval around the parameter estimate (µ), a
basic calculation of (µi±(1.96 × quasi-standard error of each parameter esti-
mate (µi))) is employed (Gayle & Lambert, 2007), where the quasi-standard
is the square root of the quasi-variance obtained.

Figure 7.1.: Ranking of top 20 Economic Journals in 2016-2020 according to the
Stigler Model

7.2. Visualisation and Interpretation of Results

In this section, we interpret the rankings based on the Stigler model. Figure
7.1 depicts the ranking of economic journals obtained using the model. The
top 5 journals: QJE is ranked between 1 & 4, AER is ranked between 2 & 4,
JPE is ranked between 1 & 3, Eco is ranked between 1 & 4 and RES between
5 & 10. It is encouraging to see that four out of five top economic journals,
namely, AER, QJE, JPE, and Eco, consistently rank in the top four among all
the five data sources. The fifth journal, RES, consistently ranks in the top 10.
Across 4 data sources, the journals JPEco, JIE, JDE, EER, EM and EL have
the same ranking, and these journals hold the bottom six positions. However,
in the data obtained from Semantic Scholar, there is a slight variation in rank-
ing, and RFS occupies the 17th spot. The rankings for the other nine journals
vary significantly depending on the data source. It is observed that, based
on OpenAlex and OCC data, the rankings of 10 journals namely JPE, Eco,
QJE, AER, JPEco, JIE, JDE, EER, EL and EM, are identical. Additionally,
the ranking obtained using the data from OCC and Crossref databases have
very similar rankings with slight variations in ranks for some of the journals.
This might be due to the fact that Crossref is a major source of the OCC data.
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(a) Centipede plot of estimated journal export scores based on Scopus data

(b) Centipede plot of estimated journal export scores based on Semantic Scholar
data

(c) Centipede plot of estimated journal export scores based on OpenAlex data
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(d) Centipede plot of estimated journal export scores based on OCC data

(e) Centipede plot of estimated journal export scores based on Crossref data

Figure 7.1.: Centipede plots illustrating the uncertainty associated with the jour-
nal rankings
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Evaluation of results is an integral part of any academic work, and it is es-
sential to have a well-defined success criterion for proper evaluation. Here,
the success criterion was to verify that the top five journals in the ranking
corresponded with the general consensus about the top five journals in eco-
nomics. It appears that the results are mostly in line with what was expected.
As mentioned earlier, the journals QJE, AER, JPE and Eco occupy the top
4 positions in the ranking obtained and show no deviation from the general
consensus. However, the rank of the journal RES is not among the top five and
therefore is not in agreement with the expected result. This anomaly could be
caused by several reasons, and section 7.4 discusses some of the possible causes.

The level of uncertainty associated with each of the five journal rankings will
now be examined separately. Figure 7.1 depicts the uncertainty associated
with the rankings using centipede plots. It illustrates the estimated export
score of the Stigler model along with the 95% comparison intervals, and the
limits are µi±1.96×QSE, where ‘QSE’ denotes the quasi-standard error of the
corresponding export score (Varin et al., 2016).

In the Scopus-based ranking, only the comparison intervals of the first journal
(QJE), the group of journals ranking 15, 16 and 17 (JPEco, JIE, and JDE),
and the last three journals (EER, EL, and EM) are well-separated. The rank-
ing based on OpenAlex data shows a similar behaviour, with the first journal
(JPE), the group of journals ranking 2, 3, and 4 (Eco, AER, and QJE) and
the last three journals (EER, EL, and EM) having well-separated comparison
intervals. The plot based on OCC data exhibits a behaviour similar to that
based on OpenAlex data. However, the outstanding position of the journal
ranking first (JPE) is easily visible. However, for the ranking based on Se-
mantic Scholar data, the comparison interval of only the first journal (Eco)
and the last two journals (EL and EM) are well separated. On the other
hand, for Crossref data, the group of the first four journals (Eco, JPE, QJE,
AER) and the last three journals (EER, EL and EM) are well separated. It is
evident from the centipede plot that most estimates of journal export scores
are marked by substantial uncertainty. For most of the journals, with the ex-
ception of a few top-ranked and bottom-ranked journals, the estimated export
scores differ only by a small amount, but these differences are not statistically
significant. The analysis was inspired by findings from Varin et al. (2016),
who analysed statistical journals in a similar fashion.

Overall, in the centipede plot based on the data from three of the five data
sources (OpenAlex, OCC and Crossref), it can be observed that the ranks of
the top four journals as well as the bottom three journals are well estimated.
On the other hand, in the centipede plot based on the data from Scopus and
Semantic Scholar, only the top-ranked journal and a few lower-ranked jour-
nals have well-separated comparison intervals. However, in both cases, many
mid-ranking journals have a high degree of uncertainty associated with their
ranking as comparison intervals overlap.
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In all of the cases, the plausible range of ranks for the majority of journals,
excluding those at the very top or bottom, exhibit significant overlap. Ac-
cordingly, it can be concluded that the journal rankings are predominantly
dependent on data sources, and the rankings, especially the middle-ranked
journals, are subject to a high degree of uncertainty.

7.3. Comparison of rankings based on JIF, AIS and
Stigler Model

There are many methods/metrics available for ranking journals. Although
there have been many studies examining the rankings of economic journals,
only very few studies have taken into account the uncertainty associated with
them (Lyhagen & Ahlgren, 2020). Popular metrics such as the IF and h-index
fail to capture the uncertainty involved. The IF, for instance, is still widely
used to evaluate works and individuals (Stephan et al., 2017). Often, a lot of
recognition is given to works and journals with high IFs. However, the met-
ric does not capture the uncertainty associated with journal rankings and is
based solely on the average number of citations received per article published
in the journal during a specific period of time. An attempt to quantify the un-
certainty associated with JIFs of economic journals was made by Stern (2013).

A ranking of the selected economics journals based on the JIF, AIS, and the
Stigler model is shown in Table 7.1. The metric’s abbreviation, along with the
data source used for ranking, is indicated in the column header of the table. In
a similar study, Varin et al. (2016) compared statistics journals using a much
larger number of journals and additional metrics.

Table 7.1.: Comparison of journal ranks based on JIF, AIS and Stigler Model (SM)

Rank JIF (WoS) AIS (WoS) SM (Scopus) SM (OpenAlex) SM (OCC) SM (Crossref) SM (Semantic Scholar)

1 QJE QJE QJE JPE JPE Eco Eco
2 AER JPE AER Eco Eco JPE JPE
3 JPE AER JPE AER AER QJE AER
4 JEL JF Eco QJE QJE AER QJE
5 JEP Eco RES JEP JEP JEP JF
6 JF RES REStat JF REStat REStat REStat
7 REStat JEP JF RES JF JF RES
8 RES JEL AEJM REStat JEL JEL AEJM
9 Eco RFS EJ JEEA JME RES JEL

10 RFS AEJM RFS JME RES JME EJ
11 AEJM REStat JEEA JEL AEJM AEJM JEP
12 JEEA JEEA JEP RFS RFS RFS JME
13 JME JME JEL EJ JEEA JEEA JEEA
14 JDE EJ JME AEJM EJ EJ JPEco
15 JIE JDE JPEco JPEco JPEco JPEco JIE
16 EJ JPEco JIE JIE JIE JIE JDE
17 EM JIE JDE JDE JDE JDE RFS
18 JPEco EER EER EER EER EER EER
19 EER EL EL EL EL EL EL
20 EL EM EM EM EM EM EM

It is evident that these metrics do not provide a common, unambiguous pic-
ture of the ranks of these journals. According to Varin et al. (2016), rankings
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of acceptable quality should place the most prestigious journals prominently.
However, only three out of the top five journals are ranked highly based on
the JIF. In terms of rankings, ‘Econometrica’ and ‘Review of Statistics’ do not
make the top five. As measured by AIS, all five leading journals rank within
the top six, providing a satisfactory ranking. Among the rankings based on
five data sources, four out of five top journals are prominently ranked ac-
cording to the Stigler model. Moreover, the top 4 journals and the journals
JDE, JPEco, JIE, EER, EL and EM occupy a similar position in both Stigler
Model and AIS-based rankings. Therefore, the ranking based on the AIS is
more similar to the one produced by the Stigler model. This is in agreement
with the findings of Selby (2020). He observes that there is a strong positive
relationship between the log-transformed AIS and the Stigler Model’s export
score.

The AIS was introduced to overcome the shortcomings of the IF. It is evident
from the rankings that AIS and the Stigler model provide a satisfactory rank-
ing compared to the JIF. The JIF is still in use for research evaluation. Stern
(2013) observes that it is common for institutions and countries to provide
financial bonuses based on the JIFs of journals in which researchers publish
their papers. As the IF measures the popularity rather than the impact of
scientific work (Setti, 2013), it is not recommended to use it for research eval-
uation.

7.4. Discussion

As a next step, let us examine the results of the citation analysis and ranking
of journals. It is observed that the ranking differs slightly from the expected
ranking of the top 5 economics journals. In light of this outcome, our intention
is to examine potential factors that may explain the reasons for variations in
rankings among different data sources and to investigate why the resulting
rankings did not perfectly align with the general consensus:

To begin with, this may be attributed to variations in the data retrieved from
different databases. We saw that the distribution of works published in jour-
nals greatly varies across different databases. The ranking of economic jour-
nals can be influenced by various factors that are reliant on the data sources,
including quality of data, coverage of the publications & citation data, and
potential biases. The coverage of the data source can influence the ranking, as
the selection of the scientific works included in the database can vary widely.
Some data sources have comprehensive coverage of publications in a particu-
lar field, while others are more selective in their coverage. For example, some
databases like WoS have lower coverage in works related to Arts and Human-
ities (Vera-Baceta et al., 2019).

The quality of data could be another factor. The quality of the data can affect
the accuracy and reliability of the citation analysis and ranking. Some data
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sources may have incomplete or incorrect data, while others may have more
reliable data. For instance, the data obtained from Google Scholar may have
incorrect citation counts and may not be highly accurate (Waltman, 2016).
Similarly, unstructured citation data accounts for 11% of the data in Crossref,
and nearly a third (29%) of the publisher-asserted DOIs have not been verified
for their accuracy (Tkaczyk, 2019).

Another reason could be that some data sources may favour publications from
certain countries, languages, or disciplines, which can impact the final ranking.
For example, if the database primarily gives preference to articles published in
English, journals that publish articles in other languages may be inadequately
represented, specifically, databases like WoS and Scopus have an overrepre-
sentation of articles in the English language (Vera-Baceta et al., 2019). Con-
sequently, the ranking of journals that publish articles in languages such as
Chinese could be impacted.

Further, citations may not be a reliable indicator of the quality of a journal.
Belter (2015) has presented a number of reasons to support this argument.
An author could cite a paper due to various reasons, for instance, to criticise
or correct a researcher’s work. The existing bibliometric indicators are not
capable of acknowledging this diversity since they treat all citations as hav-
ing the same significance, irrespective of the motive behind the citation. The
author also notes that there is a huge difference in citation patterns between
fields. An instance of this can be seen in fields like molecular biology, where
researchers tend to cite more than the ones in nursing. Critics of citation-
based metrics often point out the significant variation in these metrics across
different academic disciplines (Selby, 2020). In addition, most of the works
tend to gain citations over time. Therefore, bibliometric indicators based on
the citation counts favour older papers than the ones published recently.

There is a possibility that the general consensus regarding the ranking of
the top 5 journals, that is, the ‘ground truth’ ranking, may be doubtful or
uncertain. While there may be a general consensus among economists and
scholars in the field, the ranking of journals is subjective and can vary based
on biases, data sources, and the evaluation criteria used. For example, in a
study by Bornmann et al. (2017), the top five journals were found to be QJE,
Journal of Financial Economics, JEL, JF, and Eco. Moreover, the field of
economics is constantly evolving, and new research avenues and areas of focus
may emerge that can challenge the traditional ranking of journals.

7.5. Implications

Journal rankings can vary considerably and are influenced by multiple factors,
including the metric used for evaluation, the citation window considered, and
the data source used (as shown in section 7.3). It is important to note that
no single citation data source provides complete coverage of all journals, and
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the degree of journal coverage can vary significantly across different disciplines
(Walters, 2017). Journals from some fields may be poorly represented, and
the results of citation analysis may reflect this disparity between fields. Also,
no database is entirely devoid of errors & biases. Therefore, the choice of data
source can have a significant impact on the end result.

Wall (2009) observes that “nearly all journal rankings in economics use some
weighted average of citations to calculate a journal’s impact”. Walters (2017)
points out that the use of metrics relying on averages (means) to assess the
impact of a journal or individual article can be misleading when the distri-
bution of citations is skewed. Even though new citation indicators have been
introduced recently, indicators such as the JIF, which is based on the aver-
age number of citations received (per article), are still popular and commonly
used for journal evaluation. The IF is often considered the ‘gold standard’ for
research evaluation (Kovatcheva, 2022).

Chapter 6 highlighted the fact that the distribution of citations in journal
articles is heavily skewed. The study conducted by Stern (2013) aligns with
this finding, where he observes that “previous research on the distribution of
citations to articles in economics found that the distribution of citations to ar-
ticles in a journal is skewed”. He also argues that the high IFs of top journals
depended mostly on attracting a few highly cited papers. As a result, relying
on a single metric, such as the IF, may not present an accurate assessment of
journal ranking.

Also, it is important to acknowledge that no ranking system is fully accurate
or robust. Despite the availability of a variety of citation-based metrics, there
is no single definitive method that can be used to rank journals accurately and
reliably. Different ranking systems have different strengths and weaknesses,
and they may be more or less appropriate for different purposes and contexts.
Therefore, relying on one ranking system or metric may not provide a com-
plete picture. Ranking journals or researchers based on metrics like the IF can
further exacerbate the problem since it does not measure the actual impact of
a work but rather its popularity (Setti, 2013).

Setti (2013) also remarks that “the scientific impact of journals as evaluated
by bibliometrics is a complicated, multi-dimensional construct which cannot
be captured by any single measure”. He also observes that using multiple indi-
cators gives a balanced picture of a journal’s impact and reduces the incentive
for individuals to manipulate metrics.

Therefore, it is essential to use multiple metrics based on data from different
data sources when evaluating the quality and significance of scientific research
and journals to get a better perspective of the rankings. Hence, it is helpful
to have a tool for extracting and aggregating data from multiple sources, such
as the one developed in this dissertation. Furthermore, citation-based metrics
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can be calculated based on the output obtained, i.e., the cross-citation table,
in order to rank journals. Using multiple citation-based metrics based on
data from different citation databases can provide a more well-rounded view
of an entity’s (for e.g., journal’s) impact. It can help overcome potential
biases and limitations associated with relying on a single database or metric.
Therefore, leveraging multiple databases and metrics can lead to a more robust
and reliable evaluation of research. It is important to note, however, that
citation-based metrics are not without their limitations, and they should be
used in conjunction with other methods, such as peer review.
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8. Software Description of CitaTrack

We have developed the tool CitaTrack to assist users in extracting citation
data. In general, extracting data from citation databases requires a technical
understanding of either data mining techniques or REST APIs. Nonethe-
less, citation data can be extracted using this package even by users without
extensive technical expertise. It can be used by researchers, data analysts or
bibliometricians alike. However, a basic understanding of Python is beneficial.

8.1. Architecture of the Tool

Figure 8.1 depicts a brief overview of the components of the tool and the
data retrieval process. Three key components of the tool are data input, the
retrieval and processing of the data using the package, and output. Further in-
formation about each component is mentioned in section 8.3. The tool accepts
user-generated input files of .txt format, performs the retrieval & processing
of data, and exports the output file.

The tool is mainly based on the requests package, which allows one to send
HTTP requests easily and is one of the most downloaded packages in PyPI
today (Reitz, 2022). The main package contains a sub-package for each cita-
tion database, each containing a separate class for retrieving and manipulating
data. Data can be retrieved by creating instances of these classes and then
calling the function get data() for each class. The function initiates the re-
trieval and processing of data. The parameters for these functions are the date
range, the path to the input file and the metadata retrieval option. Using the
option, a user can choose between retrieving citation data for a set of journals
or a set of authors. Snippets of code are provided in Appendix A.1.

Figure 8.1.: Block diagram depicting the data retrieval process
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The appropriate API endpoints are then used, and HTTP requests are sent
out to retrieve citation data from the respective data sources. Once the data
is retrieved, it is processed and cleaned. Once the retrieval and processing
of the data are successfully completed, the output is exported as a CSV file
containing a cross-citation table/matrix of journals/authors.

8.1.1. Cross-Citation Matrix

The distribution of references in a set of journals can be modelled with the
help of a cross-citation table or a matrix. For example, a journal-to-journal
cross-citation matrix consists of journal titles in both rows and columns. Each
cell of the matrix represented by the combination of a row (Citing journal)
and a column (Cited journal) of the matrix contains the number of citations
received by the cited journal from the citing journal. This concept of journal
cross-citation matrices can be extended to authors as well. The uses of cross-
citation matrices have been mentioned briefly in Chapter 1 and 2.

As observed by Todorov and Glänzel (1988), the number of citations received
by a specified set of journals (in the matrix) can be used to establish a simple
(row) ranking of journals. A citation matrix can be transformed into a cross-
citation table, where each cell of the matrix, specifically the citation counts,
can be represented as a pair of citing and cited journals as depicted in Fig
8.1. The table of cross-citations provides data in a suitable format for post-
processing. Also, the logical arrangement of data makes it easy to understand
and use.

8.2. Citation Databases Used

For the development of the tool, OpenAlex, Scopus, Crossref, OCC, and Se-
mantic Scholar, in conjunction with Crossref, were used as data sources. De-
tails of the data retrieval process of each database and the APIs used are
discussed in the upcoming section.

Previously, the field of bibliometrics was governed by the data retrieved from
proprietary sources. However, open availability of the citation data is critical
to the field because it “is essential to promote reproducibility and appraisal of
research, reduce misconduct, and ensure equitable access to and participation
in science” (Sugimoto et al., 2017). Among the citation databases used as
data sources for the development of the tool, all the databases except Scopus
provide open access. In addition, all of the data sources are multidisciplinary.
It is worth noting that multidisciplinary citation databases are fewer in num-
ber among all the citation databases available.

The metadata retrieved by the tool from the citation databases is related to
the three most important entities namely, works, authors and sources.
Work: Works are scholarly documents like articles, books, datasets and theses.
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Author: Authors are the people who create works.
Source: Sources are where the works are hosted.

Among the data extraction methods mentioned in section 3.1, APIs were used
to retrieve citation data, and wrappers were built around each of the APIs
used. The database snapshot was not used due to the additional complex-
ity of mining big data. Moreover, additional tools and resources are needed
for data retrieval. Also, some of the organisations, for example - Crossref,
do not provide free access to their database snapshot. Hence, the most ef-
ficient method for retrieving citation data was to use the APIs. Each data
source along with the API endpoints used for the development of CitaTrack,
is mentioned in detail in the upcoming sections.

8.2.1. OpenAlex

As mentioned in section 3.2.5, the OpenAlex database is free and an open-
source database. There is no authentication required to use the OpenAlex
API endpoints. However, they provide two API pools similar to Crossref - the
polite pool and the common pool. The polite pool is available to users who
identify themselves and provide their email addresses (via the request header).
The polite pool has the advantage of having a faster and more consistent re-
sponse time. The common pool is used by users who do not want to identify
themselves and want to remain anonymous. However, the response time is
slower and less consistent. Also, there are no rate limits for the APIs. There
is, however, a burst rate limit of 10 requests per second. So, sending multiple
requests at once might result in an error code 429.

Mainly there are three types of entities namely, work, author & sources. One
can retrieve details about a single entity or a group of entities and can also
filter & search a list of entities or count/group these entities.

Retrieval of citation data related to a set of journals & authors from the
OpenAlex

For the creation of a journal-to-journal or author-to-author cross-citation ta-
ble, separate endpoints are available to retrieve citation data related to authors
or journals. The first step in citation data retrieval is to search for the journal
or author by name or ID using the APIs provided by OpenAlex. Below are
the details regarding the APIs.

‘/source’ and ‘/author’ endpoints

These endpoints are used for retrieving the metadata related to the sources
and authors of the scientific works. It is possible to filter the data based on
specific criteria like display names, Journal IDs, or Author IDs. Since every
journal and author has an OpenAlex ID associated with them in the citation
database, disambiguation of the names of those entities can be done using
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those IDs. For instance, to search for a journal using its display name or title,
we could use the following example:

Search by Source Name:
https://api.openalex.org/sources?filter=display name.search:chemistry
&per-page=3

The above request would filter out all the journals containing the word ‘chem-
istry’ in their display name. The above query retrieves details of 3 journals
having chemistry in their display name. Details about the journals, for in-
stance, ISSN, OpenAlex ID, publisher, cited by count etc., were included in
the metadata retrieved. The display names of the three journals retrieved were:

1 Journal of Biological Chemistry
2 Analytical Chemistry
3 Inorganic Chemistry

Similarly, we could use the filter to search for a journal or an author using
their OpenAlex ID. An OpenAlex ID is a unique and non-nullable identifier
consisting of alphanumeric values given to an entity. It is easy to retrieve
the OpenAlex IDs of an entity by looking up the OpenAlex website. Given
below is an example of searching different authors in the database using an
OpenAlex ID.

Search by Author ID:
https://api.openalex.org/authors?filter=openalex id:A2761537998

The above HTTP request fetches details regarding an author having a specific
OpenAlex ID. Here, for instance, the information retrieved is regarding the
author ‘Liz E. Tobler-Gómez’ and includes other data like ids, last known
institution, cited by count etc.

‘/works’ endpoint

Once we have the metadata related to a particular journal or author, the works
published in the journal or written by the author need to be retrieved. The
‘/works’ endpoint can be used to fetch data related to a particular work or
a set of works published in a journal or written by a particular author. The
journal’s or author’s ID (from the metadata retrieved previously) can be used
as a parameter in the request sent. By doing so, ambiguity caused by similar
names or titles is avoided. The following example can be used for retrieving
the author’s works given the Author’s OpenAlex ID

Retrieve the works of a specific author
https://api.openalex.org/works?filter=author.id:A2761537998&per-page=3

The three works of the author ‘Christian R. Mejia’ can be retrieved using
the above request. Details regarding the works, including authorships, host
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source, referenced works, ids, information regarding open access etc., is part
of the metadata retrieved. The titles of the five works that were retrieved are
given below:

1 The Peru Approach against the COVID-19 Infodemic: Insights and
Strategies

2 Self-medication practices during the COVID-19 pandemic among the
adult population in Peru: A cross-sectional survey

3 Rate of gestational weight gain, pre-pregnancy body mass index and
preterm birth subtypes: a retrospective cohort study from Peru

Similarly, works published in a specific journal can be retrieved using the filter
‘journal.id’ and then providing the corresponding OpenAlex ID of the journal.
The retrieved metadata contains information regarding the works published
in the journal, along with the references of each work. By aggregating and
summarising the citations received, cross-citation tables can easily be created
once the works and references of each work are available. Similarly, cross-
citation tables for other data sources can be generated by using the respective
APIs and adapting the data retrieval process slightly. The snippet of code for
the construction of the cross-citation table is provided in Appendix A.2.

8.2.2. Scopus

Scopus is one of the subscription-based data sources. As noted in section
3.2.3, Elsevier’s developer portal allows one to create an API key, and this key
permits one to send HTTP requests via their APIs. One can fetch metadata re-
lated to journals, authors, other scientific publications etc., from the database
using APIs such as Scopus search. An institutional key can be requested by
emailing Elsevier’s support team if one is affiliated with an institution that
subscribes to Scopus. There are around ten different Scopus APIs available,
and each API has a different weekly request quota and rate limit. By specifying
the desired format in the HTTP header of the request, the APIs can provide
results in either XML or JSON format. Some of the APIs, for example, the
‘citations overview’ API, have restricted access and requesting access to the
API requires contacting Elsevier’s ‘Data for Research & Discovery’ support
team and providing the appropriate reason for using it.

Serial Title API

Serial title API retrieves metadata related to serial titles, in particular, the
published sources in the database. Either the display name of the journal to
be searched can be specified, or the ISSN of the journal can be used. The API
has a weekly quota of 20000 requests and a rate limit of 3 requests per second.
One such example request is given below:

Search by journal name
https://api.elsevier.com/content/serial/title?title=
Journal of the Royal Statistical Society. Series B: Statistical Methodology
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Author Search

Scopus Search API provides the ability to search authors based on their first
and last names or their Scopus Author ID. For example:

Search by Author ID
https://api.elsevier.com/content/search/author?query=authlast(Smith)
%20and%20authfirst(Albert)

The above request returns all the authors having the first name Albert and
last name Smith. The search returned details about 96 authors having similar
names.

Scopus Search API

Once the existence of the particular journal/author is confirmed in the database,
Scopus search API can be used for retrieving information regarding works in a
journal. The API is used for retrieving metadata regarding abstracts of works
stored in the data source. With this API, one can retrieve metadata related to
a journal/author by searching for the display name of the journal or the name
of the author. Alternatively, one could also search the database using ISSN or
AU-ID. ISSN is an international standard for serial publications, and AU-ID
is the author ID for each author in the Scopus database. Author ID is auto-
matically generated if the author has a paper indexed in Elsevier’s database
(Stevens, 2022). The search API has a weekly quota of 20000 requests and a
rate limit of 6 requests per second. As highlighted above, one can retrieve the
data regarding works in a journal using the ISSN of the journal. An example
request is provided below:

Search by ISSN:
https://api.elsevier.com/content/search/scopus?query=ISSN(0090-5364)
&count=3

This query retrieves three publications from the Annals of Statistics, whose
ISSN was supplied as a parameter in the query. However, no information
about references of each work or ‘cited by’ information is available in the re-
sponse. The citation information of each work has to be fetched separately.

The information about works that cited a particular work can be retrieved via
the Scopus search API by using the ‘REFEID’ function. It records the EID
of each article that cites the current one (Selby, 2020). An EID is a unique
identifier given to academic works in the Scopus database. The REFEID is a
restricted function, and a separate request must be submitted to use it. Access
to this function can be requested by clients with an Elsevier subscription. An
example request is given below. The EID of the work should be included in
the request sent, and the metadata related to other works which have cited
the current work can be retrieved as the response from the API.
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To retrieve the ‘Cited by’ data:
https://api.elsevier.com/content/search/scopus?query=
REFEID(2-s2.0-85090683915)

Alternatively, the citation information can be retrieved by the ‘Citation Overview
API’ published by Scopus. However, this approach was not tested. The ci-
tation information fetched from both Citation Overview API and REFEID
function only retrieve metadata on the article level. As confirmed by Kather-
ine Ruth Garcia, one of the support executives of Elsevier, currently, there
exists no means to retrieve citation information on a journal level. The major
disadvantage of aggregating citation data for an entire journal is that each
work’s citation information must be retrieved individually, making data re-
trieval very slow. For journals containing a large number of articles, it is a
major disadvantage when analysing citations. The limited number of requests
is also another major drawback.

8.2.3. Crossref

Crossref APIs are publicly available and can be accessed to retrieve the needed
metadata. No sign-up is needed to use the API, and the data is not subject
to any copyright. However, some abstracts contained in the metadata might
be subject to copyright by the publishers (Kemp, 2020). There are three API
pools - public, polite and plus. One can use Crossref anonymously using the
public pool or provide an email address while sending the request to use the
polite pool. Polite pool responses are faster and more consistent than public
pool responses. For services that require high predictability in terms of traf-
fic patterns, plus service is recommended. With the plus service, one should
authenticate oneself using an API key.

The existence of the journal is confirmed using its name or ID via the journal
API. Once the needed metadata is fetched, the works in the journal can be
retrieved using an additional parameter, ‘/works’, in the path of the same
API. The metadata returned contains the bibliographic reference of each work
in the journal. The details regarding the journal API are provided below:

Journal API

Journal API can be used to retrieve the works in a journal. A simple query can
be used to find journals by their display names. The following request is used
to search the database and retrieve journals having the keyword ‘Biometrika’
in the metadata.

Search by Journal name:
https://api.Crossref.org/journals?query=Biometrika
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If we have the journal ID, in particular the ISSN, the database can be queried
to retrieve the metadata. Additionally, the works published in a journal can
be retrieved using the ‘works’ endpoint:

Search by Journal ID:
https://api.Crossref.org/journals/0033-5533/works?rows=3

Here, ‘003-5333’ is the ISSN of the Quarterly Journal of Economics. The above
request can be used to retrieve three works published in the Quarterly Journal
of Economics.

Author Data Retrieval

One could use the query.author parameter to retrieve the works by a partic-
ular author, as illustrated below. However, the major problem is that when
multiple authors have the same name, it is difficult to distinguish between
them.

Search by Author’s Name
https://api.Crossref.org/works?query.author=Josiah Carberry

The above request returns all works published by the authors with the name
“Josiah Carberry”. The use of an ID, such as ORCID, can resolve the ambi-
guity in author names. Currently, Crossref doesn’t offer an API for retrieving
author details explicitly. As a result, only a search option that uses ORCIDs
is offered to eliminate ambiguity in names. Given below is an example of a
query which can be used to retrieve works by a particular author.

Search by ORCID:
https://api.Crossref.org/works?filter=orcid:0000-0001-8255-3853

8.2.4. Semantic Scholar

The APIs 1 provided by Semantic Scholar is free to use. Requests can be sent
up to 100 per 5 minutes using the API endpoints. For higher rates, an API
key must be obtained after filling out an application form on their website.
A rate limit of 100 requests per second was requested to perform the citation
analysis mentioned in Chapter 7. Two of the major use cases listed are paper
and author lookup. One of the major drawbacks of Semantic Scholar is that
currently, there is no way to retrieve journal-level information. Currently, only
metadata regarding individual papers can be retrieved from the data source.
A paper identifier such as DOI or PubMed ID needs to be provided in the
request URL to retrieve the works.

1https://www.semanticscholar.org/product/api#Documentation
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The paper identifiers of individual papers in journals must be obtained first
to retrieve the citation information of journals. The DOI was selected as the
paper identifier (as Crossref is already being used as a data source). Since
DOIs are owned exclusively by Crossref, they can be obtained from the Cross-
ref database. It is possible that Semantic Scholar does not contain all of the
Crossref works. Due to time constraints, we have only tested the approach
mentioned above and have not explored any other approaches.

Therefore, to aggregate citation counts across journals, the DOIs of each work
within each journal are retrieved via Crossref’s Journal API. These DOIs can
then be used to fetch references for each work using the Paper Lookup API
from Semantic Scholar.

Paper Lookup API

A paper can be searched in the database using the API by providing an iden-
tifier in the path of the URL. The identifier used for paper lookup can be S2
Paper ID, DOI, ArXiv ID, ACL ID, PubMed ID or Corpus ID. One of the
major advantages of using the endpoint is that there is a provision to filter
out just the needed metadata. An example request is provided below.

Fetch references of works
https://api.semanticscholar.org/graph/v1/paper/10.1016/J.JOI.2016.02.007?
fields=title,references.title,referenceCount

In the request above, the DOI of a paper in the journal of infometrics is
provided as the query parameter. The response retrieved includes just the title
of the work, the title of the references of each work and the reference count.
This saves resources that would otherwise be required to handle additional
metadata.

Author Lookup API

Metadata regarding an author can be retrieved using the author lookup API.
An author’s first and last name is specified as the query parameter. The re-
sponse contains all authors having the name provided as the query parameter
along with their IDs.

Search by Author Name
https://api.semanticscholar.org/graph/v1/author/search?query
=rachel+adams

It is also possible to search for an author using their author ID. The below
request can be used to retrieve the title and publication of all the works pub-
lished by an author having the ID 145612610.
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Search by Author ID
https://api.semanticscholar.org/graph/v1/author/145612610?fields
=papers,papers.publicationDate

8.2.5. OpenCitations corpus in conjunction with Crossref

Using the SPARQL endpoints and REST APIs, all the metadata in the OCC
can be accessed. Many users might not be familiar with semantic web tech-
nologies, which is why the APIs are provided in addition to SPARQL end-
points. One can authenticate themselves by using an OpenCitations access
token. Users can get an API key by inputting their email address on the OCC
website2. The access token can then be passed in the ‘authorisation’ header
while sending the request.

Similar to Semantic Scholar, the OCC database also does not provide a way to
retrieve metadata on a journal-level using the APIs. Therefore, it needs to be
used in conjunction with Crossref. First, the DOIs of each work in the journal
should be retrieved from Crossref. Since the source of the OpenCitations
Data is Crossref, most of the data present in Crossref will be present in OCC
database as well. The major disadvantage of the process is that it is slow and
expensive to query the database to retrieve the citation count of all the works
in the journal.

API to fetch references

The bibliographic references can be retrieved via this endpoint after providing
the corresponding DOI of the work in the URL. An example of the request
URL is given below:

To fetch references of works
https://OpenCitations.net/index/coci/api/v1/references/
10.1515/libr.1996.46.3.149

In order to fetch citation information about the works of authors, the works
can first be retrieved using their ORCIDs from Crossref. Then the references
of each work can be fetched using the above API.

8.2.6. Additional Parameters

Additional parameters like the publishing year, paging technique, number of
items to be retrieved, the format of the response etc., can be specified while
sending each HTTP request. These additional parameters help us in filtering
out the response returned. In CitaTrack, all the HTTP requests to be sent
has a date range as a filter. It is to ensure that only the articles published in

2https://opencitations.net/accesstoken
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the specific date range are fetched. Additionally, the paging technique used
was cursor paging, and the response returned is in JSON format.

8.3. Usage and Implementation

The package is available in the GitLab3 repository and can be cloned easily.
After the package is cloned and installed, it can be imported into a Python
Script. Following the import, the user should initialise an instance of the
specific citation database they intend to use. Further, the get data function
can be called to retrieve the citation information related to journals or authors.

REST API Calls

REST APIs are used for retrieving the data from the citation data sources.
This method of data extraction was preferred over the database snapshots
because the latter is a complicated process and requires a lot of resources to
extract and mine the database. The OpenAlex website suggests the use of
their API endpoints over the database snapshot. These APIs are maintained
by the respective institutions maintaining the databases. Different APIs have
different authentication and rate limits. So, it helps to use a library for sending
the requests to the servers. Requests library in Python is used to make API
calls in the tool. The headers containing the authentication information and
request parameters should be set before the request is sent. The response
received can be further processed.

8.3.1. Input

The input function get data() accepts four parameters, namely: Option,
Start Date, End Date and File path. Users should specify a date range as
input, and only articles published within the particular date range in the
specified journals/by the specified authors will be retrieved. In addition to
that, a set of journal names/journal IDs (such as ISSN) or author names/au-
thor IDs (such as ORCID) should be input as comma-separated values in a
text file. Detailed information about the parameters is as follows:

1. Option: There are two options available for the user. The ‘1’ and ‘2’
options are used to retrieve citation information about a set of authors
and journals, respectively.

2. Start date: Date of publication of articles relating to the journal or the
author from which the search should be conducted.

3. End date: Date of publication of articles relating to the journal or the
author up to which the search should be conducted.

3https://gitlab.com/akshayad67/citatrack
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4. File path: The absolute path of the text file containing the set of journal
or author names.

8.3.2. Data Retrieval and Manipulation

Once the user has provided the necessary information and started the execu-
tion of the program, the data retrieval process begins. The first step involves
searching the database to verify whether the set of journals or authors speci-
fied in the input data is available. An error message is displayed if a journal
or author cannot be found. However, the similar names of authors and jour-
nals might create some ambiguity. There can also be multiple authors with
the same name. Also, abbreviated names such as J. Smith can refer to, e.g.,
John Smith or James Smith.IDs of the entities are used to resolve this issue.
Each entity in a citation database has its own unique ID. For example, Ope-
nAlex uses the OpenAlex ID, Crossref and OCC use the ISSN for journals
and ORCID for authors, respectively. An alert message, along with a list of
ambiguous journal/author names as well as their IDs, will be displayed on the
console. The alert directs the user to search for the author or journal using
the ID provided on the console whenever there is ambiguity in the names.
Additionally, the ambiguous names along with their IDs, are exported as a
CSV file, allowing users to review them in detail. A screenshot of the alert is
provided in Appendix A.1.

After the ambiguities are resolved by providing the appropriate IDs, the pro-
cedure as given below is followed:

1. The metadata related to all the articles published in a particular jour-
nal/by a particular author during the given date range is fetched using
the appropriate APIs. This is discussed in detail in section 8.2.

2. Clean the data by extracting the IDs of the articles and list all the
references/cited articles contained in those articles if available.

3. If the information about the references/cited articles is not available, an
additional step is performed to fetch them from the citation databases
using the appropriate APIs.

4. The references/cited articles are filtered according to whether they are
published in the desired journals and time period of interest.

5. The number of citations between the journals is then summed up.

8.3.3. Output

The tool aggregates the citation counts between the set of journals or authors
(provided as input) into a matrix format. The final output is a CSV file con-
taining a journal-to-journal or author-to-author cross-citation table. An ad-
ditional CSV file with detailed information about the cited work, citing work,
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Table 8.1.: Cross-citation table for articles published in 2016-2020 in the top five
economics journals

Citing Journal Cited Journal Citation Count

The Review of Economic Studies The American Economic Review 58.0
The Review of Economic Studies Quarterly Journal of Economics 30.0
The Review of Economic Studies Econometrica 22.0
The Review of Economic Studies Journal of Political Economy 47.0
The Review of Economic Studies The Review of Economic Studies 44.0
The American Economic Review Quarterly Journal of Economics 59.0
The American Economic Review The American Economic Review 121.0
The American Economic Review Journal of Political Economy 53.0
The American Economic Review The Review of Economic Studies 41.0
The American Economic Review Econometrica 44.0
Quarterly Journal of Economics Quarterly Journal of Economics 103.0
Quarterly Journal of Economics The American Economic Review 83.0
Quarterly Journal of Economics Journal of Political Economy 45.0
Quarterly Journal of Economics The Review of Economic Studies 28.0
Quarterly Journal of Economics Econometrica 41.0
Econometrica Quarterly Journal of Economics 21.0
Econometrica The American Economic Review 44.0
Econometrica Journal of Political Economy 40.0
Econometrica The Review of Economic Studies 19.0
Econometrica Econometrica 145.0
Journal of Political Economy Journal of Political Economy 45.0
Journal of Political Economy Quarterly Journal of Economics 17.0
Journal of Political Economy The Review of Economic Studies 16.0
Journal of Political Economy Econometrica 25.0
Journal of Political Economy The American Economic Review 6.0
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and their journals are also generated. The user can then do a post-processing
on this data. Either a data analysis can be done, or the data can be passed
as the input to a model, and further insights can be derived. This output can
be used as an input to a model or for citation analysis, and further insights
can be derived. Fig. 8.1 illustrates the journal-to-journal cross-citation table,
while Fig. 8.2 illustrates the author-to-author cross-citation table obtained
from OpenAlex data via CitaTrack. In the former, a cross-citation table of
the top 5 economics journals for the years 2016-2020 is illustrated, whereas, in
the latter, a cross-citation table of a group of authors for the years 2010-2020
is illustrated.

Table 8.2.: Cross-citation table of a group of authors for the years 2010-2020

Citing Author Cited Author Citation Count

Stephen Reid McLaughlin Stephen Reid McLaughlin 1.0
Stephen Reid McLaughlin Jacob G. Levernier 1.0
Stephen Reid McLaughlin Bastian Greshake Tzovaras 2.0
Stephen Reid McLaughlin Ariel Rodriguez Romero 1.0
Stephen Reid McLaughlin Liz E. Tobler-Gómez 1.0
Jacob G. Levernier Stephen Reid McLaughlin 1.0
Jacob G. Levernier Jacob G. Levernier 1.0
Jacob G. Levernier Bastian Greshake Tzovaras 2.0
Jacob G. Levernier Ariel Rodriguez Romero 1.0
Jacob G. Levernier Liz E. Tobler-Gómez 1.0
Bastian Greshake Tzovaras Stephen Reid McLaughlin 1.0
Bastian Greshake Tzovaras Jacob G. Levernier 1.0
Bastian Greshake Tzovaras Bastian Greshake Tzovaras 35.0
Bastian Greshake Tzovaras Ariel Rodriguez Romero 1.0
Bastian Greshake Tzovaras Liz E. Tobler-Gómez 1.0
Ariel Rodriguez Romero Stephen Reid McLaughlin 1.0
Ariel Rodriguez Romero Jacob G. Levernier 1.0
Ariel Rodriguez Romero Bastian Greshake Tzovaras 2.0
Ariel Rodriguez Romero Ariel Rodriguez Romero 1.0
Ariel Rodriguez Romero Liz E. Tobler-Gómez 1.0

8.3.4. User Interface

The tool doesn’t have a separate user interface since it’s a Python package.
In cases where there is an ambiguity in the journal name, author name, or
application error, the Python console displays the error. The output (citation
data of works in journals) is displayed on the Python console and exported as
CSV files.
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8.3.5. Best Practices in Software Development

The importance of following best practices cannot be overstated. The de-
velopment of a tool or software is no exception. Best practices in software
development include the use of appropriate coding styles & conventions and
creating a design that is easy to use & maintain. Additionally, it is essential
to ensure that the code is adequately documented and tested. Following best
practices helps ensure that the developed tool is reliable, efficient, user-friendly
and functional. Moreover, the code will be easy to maintain and update. The
set of best practices followed during the development of the tool CitaTrack is
given below:

API Rate Limits

When designing an API wrapper, an important thing to keep in mind is that
each API has its own rate limit. Any breach of the rate limit might result in
slower access to data and erroneous or no response. This eventuality is taken
care of by setting a timeout between the request sent. The value of timeout
is set in such a way that the request rate is within the rate limit.

Programming Language

It is important to consider the language the library needs to be written in, the
complexity of the tasks it will be used for, compatibility with existing libraries,
and how user-friendly it will be. Considering the aspects mentioned, Python
is a suitable choice.

Therefore, the tool was developed using the Python programming language,
which has numerous advantages over other similar languages such as Java
and C++. Python has a comparatively simpler syntax, is more readable and
is easy to use. It also has a wide array of libraries that make development
easier than in other languages. For instance, it has separate libraries for
caching, connecting to the citation database, data retrieval, manipulation and
visualisation. The language is considered to be one of the top choices for data
analysis, therefore making it suitable for citation analysis as well. The code
is entirely written in Python and is organised efficiently using packages and
modules. Afterwards, it was packaged and hosted on PyPi.

Caching

Caching is an important step in the data retrieval process of the tool. A cache
is a temporary storage which can be used to store data for a limited amount
of time. Usually, a user tends to make several similar requests in a short span
of time. Hence, caching the responses helps in faster retrieval of data, and
reduces the processing time and resource consumption. The ‘requests-cache’
library was used for caching the response, and the SQLite database was used
for storing the response data. Despite the fact that there are several Python
libraries available for caching, the request-cache library is a better option since
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both the requests library and the request-cache library are compatible and can
be used together.

API Keys

Sending API key as part of URI is fraught with risk and there is a high
possibility that it can be compromised. In order to prevent this possibility,
the keys are sent as part of the message authorisation header as it is not logged
by network elements. This security issue has been taken care of during the
development of the tool.

Structure of Codebase

For the codebase to be easily maintained and understood by others, it is
essential to design a clear structure and organisation. This was primarily
achieved using the OOPs concept of inheritance and an abstract class as the
base class. Abstract classes are useful for code reuse, as they provide the basic
framework for more specialised classes, making it easier to incorporate new
code without having to re-write the existing code. 5 different child classes were
created for handling the access to 5 different data sources providing specialised
functions needed for the processing of data from each data source. This helps
in the modularisation of code and reduction of code design/duplication, as
most of the common functionalities are part of the abstract base class. Another
advantage of the approach is that it is highly scalable, and it is easy to extend
the functionality of the tool to include additional data sources.

Cursor Paging

All the databases offer two types of paginations: first, using rows or offsets
and second, cursor paging. The first option can fetch only up to 10k or 20k
results depending on the database, and it is slow and expensive compared to
cursor paging. Hence, Cursor paging was used as it is more efficient and faster
compared to the first option.

Error Handling

Handling errors is critical for the smooth operation of the software. Several
exception types have been defined to handle errors efficiently. These exception
types have been defined in CitaTrack depending on the type of error that is
encountered. Some of the application-specific errors are:

1. Journal not found: If a journal is not found among the set of journals in
the user input, this error is thrown.

2. Author not found: This error is thrown when an author is not found
among the set of authors specified in the user input.

3. Multiple authors or journals: The error is thrown when one or more
journals/authors have similar names.
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4. Invalid option: The error is thrown the user inputs an invalid option.

Consistency and Transparency of the Output

The output file generated, that is, the cross-citation matrix after the data
retrieval and processing from different data sources is consistent and has a
uniform structure & format. To ensure transparency and verifiability of the
output, an additional file containing detailed citation information of the enti-
ties is parallelly exported as an output.

Readability and Documentation

When developing software, the code should be easy to read and understand, as
this will help other developers work with the code more easily. Additionally,
ensuring that the code is well-tested is also essential. By doing this, any
potential issues can be identified and fixed promptly. Furthermore, ensuring
that the code is up to date with any changes to the underlying API is also
important, as this can help prevent any potential issues. Finally, thorough
documentation of the API is essential to ensure that developers can use the
API properly.
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9. Conclusion

In this chapter, the focus will be on the limitations of the study, as well as
the implications for the academic community and future research directions.
Additionally, we have highlighted the major challenges encountered during
the construction of the author-to-author matrix. Finally, we conclude the
dissertation with a section that provides a summary and key implications of
the study.

9.1. Limitations

Limitations are inherent to all studies. The first limitation of this study is
related to the number of journals used for ranking. A bigger pool of journals
would have provided a more accurate representation of the ranking. How-
ever, retrieving citation data can be a time-consuming task, particularly when
dealing with different databases, as it is subject to API rate limits or request
quotas, which slows down the process.

The approach of ranking journals might not be entirely robust as the cross-
citation counts of journals depend heavily on the coverage of citations in
the database. Certain bibliographic references may be unavailable in some
databases because those works have not been indexed in the databases.

Further, data quality issues in the databases also pose a problem. For ex-
ample, many of the references are unstructured in Crossref, that is, not all
references in the citation data provided by Crossref are structured in a consis-
tent and easily parseable format. Some references may lack key information,
such as author names or publication titles, while others may have formatting
inconsistencies that make it difficult to match them accurately to their cited
sources. These unstructured references pose a challenge for researchers who
rely on accurate and complete citation data for their studies. It is difficult
to extract the appropriate citation information from these unstructured ref-
erences in Crossref. Tkaczyk (2019) observed that Crossref has around 11%
fully unstructured references. The conversion of unstructured references into
structured references is a complex issue that is still being researched.

Due to time constraints, there was a limited investigation into the creation
of cross-citation matrices among authors. Extensive studies are required to
address several issues related to this topic. Some of the issues are discussed in
the next section.

85



Chapter 9: Conclusion

9.1.1. Challenges during the creation of author-to-author
cross-citation matrices

There are some challenges during the creation of author-to-author matrices.
One of the major challenges is the distribution of citations in papers having
multiple authors. For instance, a work may have multiple authors, and when
a citation is received for a particular work, it is to be decided how the citation
should be shared among the authors. Various approaches have been proposed
to deal with this issue, for instance, full and fractional counting (Perianes-
Rodriguez et al., 2016). In the former method, for example, if an article
written by two authors is cited once, each author would receive one citation,
whereas, in the latter, each author would receive half a citation. However, the
amount of contribution made by each author to a paper may vary, and many
different approaches are available to address this issue. Refer to Waltman
(2016) for more information.

Another issue is author name disambiguation. Authors may have the same first
name and/or last name. There can be variations in the spelling or presentation
of author names across different publications, which can make it difficult to
accurately identify and match authors. Name disambiguation mechanisms
vary between data sources. Despite numerous attempts to address the issue,
it remains largely unresolved (Y. Zhang et al., 2018). Further, co-authors have
a tendency to cite each other’s works. Mutual citations of co-authors give a
distorted representation of the actual situation.

9.2. Future Work

There is potential for the tool to be enhanced by the addition of more data
sources. Currently, data extraction from only five data sources is supported.
However, the scalable architecture of this tool allows it to be easily expanded.
Additionally, citation analysis on a larger pool of journals can be performed
while taking into account the API request quotas set by the data sources.
Research can be done to figure out how to incorporate unstructured references
from Crossref into the citation data. Moreover, the topic of distributing credits
of the publication to authors can be studied extensively.

9.3. Implications for the academic community

This dissertation promotes automation of the retrieval of citation data as it
has a multitude of benefits over manual retrieval of data. It enables biblio-
metricians to validate their previous results using the tool. CitaTrack can be
downloaded for free, and it also supports various use cases related to citation
data retrieval, including citation analysis and ranking of journals. We also
intend to promote the use of open citation databases like OpenAlex through
our example to inspire others to do the same. Also, the cost involved in us-
ing the tool is minimal, and most of the data sources supported by the tool
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are both free and open. Citation analysis and ranking of journals are very
common in fields like economics. Thus, our example highlights the key fac-
tors to consider when ranking journals. As an additional motivation, it also
demonstrates the importance of using multiple data sources/multiple metrics
for ranking journals and evaluating research.

9.4. Conclusion

To sum up, we have covered the fundamentals of citation databases, data ex-
traction, and citation analysis. In response to the challenges associated with
these processes, we developed Citatrack. There is a strong need for a tool like
Citatrack, or one with similar capabilities, to support the use cases we have
discussed. The tool has the potential to greatly benefit the academic commu-
nity by enabling researchers to conduct reproducible studies with improved
accuracy and efficiency. Although Citatrack has effectively addressed some
of the challenges associated with citation analysis, there is still potential for
improvement that could be achieved through future iterations of the tool.

Despite the challenges and limitations of citation analysis, it remains a valuable
tool for evaluating research impact and advancing scholarly communication.
Continued efforts to improve bibliometric methods and tools will undoubtedly
benefit the research community.
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A. Installation and Usage

A.1. Installation

Clone the package from GitLab 1. The object of the data source one wants to
use must be initialized. The get data() function is used to retrieve the data.
The user has the choice to retrieve data related to either a set of authors or
journals. An input text file containing the names or IDs of a set of journal-
s/authors must be created. The get data() function takes in 3 parameters,
namely, the option, the start date, the end date and the path to the input file.
An example is provided below:

from OpenAlex . r e s t f u l import OpenAlex

#Options 1 and 2
#1 f o r author
#2 f o r j o u r n a l

#Create an ob j e c t o f the data source you want to use
works = OpenAlex ( )

#Cal l ge t data ( ) to r e t r i e v e data
works . ge t data (2 , ‘ ‘2018−01−01” , ‘ ‘2020 −12−31” , ‘ ‘ / Users /aa/ t e s t . txt ”)

An example of the input file that contains names and OpenAlex IDs of a set
of journals is provided below:

https : // openalex . org /S141184754 ,
https : // openalex . org /S36178057 ,
Journal o f the European Economic Assoc ia t ion ,
Journal o f Economic L i t e ra tur e ,
American Economic Journal : Macroeconomics ,
https : // openalex . org /S69338747 ,
https : // openalex . org /S23254222 ,
https : // openalex . org /S170137484 ,
https : // openalex . org /S203860005 ,
https : // openalex . org /S95323914 ,
https : // openalex . org /S5353659 ,
The Review o f Economic Stud i e s

1https://gitlab.com/akshayad67/citatrack
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Appendix A: Installation and Usage

If there are similar or duplicates names in the set, the following error will be
displayed.

Figure A.1.: Duplicate entry error

Once the error has been rectified, a cross-citation table will be provided as
output and the data will be displayed on the console.

Figure A.2.: An example of the data retrieved as shown on the Python console

A.2. Code for the creation of cross-citation table

The below snippet of code was utilised for the construction of a cross-citation
table. One could adjust the count variable to incorporate the ‘fractional count-
ing’ of citations of the authors.

de f bu i ld mat r ix ( s e l f , data ) :
matrix = d e f a u l t d i c t ( lambda : d e f a u l t d i c t ( f l o a t ) )
count = 1
REF BY = ’ Referenced By ’
f o r work in data :

i f s e l f . opt ion == 1 :
va lue s = ’ Author ’

e l s e :
va lue s = ’ Journal ’

f o r author in work [ va lue s ] :
f o r r e f e r r e r in work [REF BY + va lues ] :

matrix [ r e f e r r e r ] [ author ] += 1 .0 / count

100
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