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1. Introduction

Today, academics and researchers constantly strive to achieve more in their respective
fields. Their achievements are measured mainly by how many publications they have
within publication venues and their work’s recognition (impact), which is usually de-
termined through its citations, subsequently affecting how funding and awards [1] are
obtained. To assess the importance academics place on citations when evaluating scientists
for recruitment or promotion, the authors of [2] surveyed faculty members from the top 10
ranked universities globally. Their findings indicate that the majority of faculty members
take citation counts into account when assessing candidates, which is reflected at a local
and national level [3].

The availability of huge curated bibliographic databases such as Elsevier Scopus and
Web of Science (WoS) [4] over the past twenty years has led decision-makers involved
in promotions, funding, and strategic direction to increasingly request data related to
individual studies or scholars (such as scientific articles, PhD students, postdoctoral re-
searchers, and faculty members) as well as groups of individuals and articles (such as
journals, universities, institutions, and companies) to support their decisions.

Publication practices in the fields of social sciences and humanities differ from those
used for most natural science publications. Consequently, their research output is often
inadequately represented in the aforementioned journal-based databases typically used
for bibliometric analysis. This issue is particularly pronounced for non-English journals,
which are notably underrepresented, as well as for conference papers, books, and edited
volumes [5]. An alternative to the more traditional journal-based systems of WoS and Sco-
pus is Google Scholar (hereafter referred to as GS), which is one of the most comprehensive
databases currently available. Several works, e.g., [6], have analyzed the relative coverage
between Google Scholar and Scopus.

As soon as scientists realized that a significant proportion of their evaluation was
based on these purely quantitative methods, some started to take advantage of the system.
At first, the prevalence of plagiarism was sparse. However, many members of the academic
community soon began consistently striving to optimize their performance through two
key approaches: (a) increasing the number of papers they have authored and (b) increasing
their impact, i.e., the number of citations received by these papers. While it is of course
acceptable for a scientist to increase their productivity and the quality of their research
impact to attract more citations, several malpractices [7] started making their appearance
in the academic landscape. Some malpractices used to optimize authorship include buying
authorship [8] and generating large authorship lists by merging and splitting articles. Some
of the malpractices used to optimize impact include the use of excessive self-citations,
citation circles, and coercive citations [9], as well as uploading fake documents, editorial
grouping, and using Generative AI tools [10].

Most of these malpractices are easily achievable in Google Scholar since it is editable
by the end user, but some, such as self-citations, citation circles, and coercive citations, are
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also a problem for curated bibliographic databases. Additionally, quality control issues in
Google Scholar exacerbate the situation. In the remainder of this editorial, we will briefly
describe the mechanisms behind these malpractices and provide some ideas for reducing
the problem.

2. Manipulation Tactics
2.1. Inflating the Number of Published Articles

In order to achieve an increase in paper production, the easiest way was/is to publish
in predatory publishers. Many of these have been identified in the academic market. To
put it simply, such publishers publish whatever article is submitted to them, most of the
time without adopting a reviewing procedure or having a very “light” one; of course,
they charge a rather high publication fee for their service. This practice is so extended
and popular that the popular Greek newspaper “KATHIMERINI” recently published a
small-scale study (https://www.kathimerini.gr/society/563268901/akadimaikoi-pontoi-
me-pliromenes-dimosieyseis/, accessed on 1 Novermber 2024), which revealed that in a pe-
ripheral Greek university—which was recently merged with a former Higher Technological
Educational Institute in its region—39% of publications by its faculty members appeared in
predatory periodicals.

A popular way to “artificially” increase paper production is to buy authorship [8]. Often,
in between a paper’s submission and its final acceptance, the number of coauthors increases
significantly and without a solid reason, essentially meaning that the new coauthors did
not contribute significantly, e.g., in the revision of the initial submission. This practice is
not very effective anymore since both good- and premium-quality conferences and journals
apply very strict rules when it comes to adding (or removing) coauthors from the initial
submission, but it is still an issue.

Another unethical way to increase the count of published papers is so-called gift author-
ship, which concerns including people as authors who have not contributed substantially to
the research. A common reason for gift authorship is due to reciprocity or deference. Both
gift and paid authorship result in articles with relatively large authorship lists.

A similar problem concerns articles with large authorship lists with over 40 or 50 authors.
In this case, uncertainty arises from questions about the authors’ contributions to these
papers. The number of multi-authored articles has risen over the last decade, with many
including individuals who made only minor contributions [11]. Sometimes, the author list
is so extensive that it is comparable to or even bigger than the abstract’s length. For instance,
a report on the Large Hadron Collider in the physical sciences featured nearly 3000 authors,
while a clinical trial in The New England Journal of Medicine listed 974 authors [11,12].

2.2. Inflating the Number of Received Citations

For a long time, two popular techniques for increasing citations have been used,
namely self-citations and citation circles. The “problem of citation circles” refers to a phe-
nomenon where a small group of researchers or academic publications excessively cite
each other’s work, creating a closed loop of citations. This issue raises concerns about the
integrity and fairness of the academic citation system. It can distort the impact and quality
of research and lead to biased evaluations in areas like academic ranking, funding decisions,
and peer reviews. Self-citation is a special case where authors cite their own work [13]. In
addition to the fact that self-citations might contribute to an author’s scientific progress, as
explained in [14], they also act as a citation-boosting technique when used excessively.

A second malpractice is known as coercive citations, wherein an editor or referee of a
journal/conference asks (or in fact forces) an author to add citations to an article before the
journal will agree to publish it. Usually, this is carried out to inflate the journal’s Impact
Factor, but other times it is purely for personal “profit”. For instance, the second author of
the present article, along with his former PhD advisor, discovered that a member of two
prestigious journals’ editorial boards was published by a “giant” publisher. Many of the
articles handled by this publisher shared a strange characteristic: they all extensively cited
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articles written by this particular editorial board member, even though the cited article had
little or no relevance at all to the citing article. The References list of these articles consisted
of between 20% and 40% citations to articles written by this editorial board member, with
the author list of the cited article abbreviated (i.e., hidden) behind “et al.” so that the name
of the editorial board member did not appear in the citations.

Another malpractice in the field is uploading fake documents that are automatically
indexed by Google [15]. In [16], the authors conducted an experiment in order to showcase
this problem. Initially, they created six documents linked to a fake author and uploaded
them to a researcher’s webpage within the University of Granada’s domain. The outcome
was an increased number of citations (774) for 129 papers (an average of 6 citations per
paper), boosting both the authors’ and journals’ h-index.

Many researchers focus on the problem of scholars merging articles to increase their h-
index [17] or other indices, such as the g-index and the i10-index [18]. A similar technique
is splitting articles [19] to increase the h-index of an author.

Another method being used to manipulate GS is reported in [20], namely citation
bazaar. This was revealed through a sting operation in which a group of researchers bought
50 citations to pad out the Google Scholar profile of a fake scientist they had created.

Recently, we have identified a very problematic and rather unethical malpractice: edi-
torial merging, where editors group editorials and conference proceedings under their names
while their actual contribution only concerns the editorial or the management of the confer-
ence. Incidentally, we have detected that many highly-ranked professors have followed
this trend. Such a technique increases their position within their institution, thus justifying
their superiority [17]. There are many prestigious academics whose Google Scholar profile
has over 10,000 citations while their Scopus profile has under 3000 or even 1000 citations.
Furthermore, in a recent study [20], a decline in citation counts due to Scopus’ more selec-
tive indexing was expected; however, suspicious authors experience an average citation
drop of 96% on Scopus, compared to a 43% average drop for normal authors. This strongly
indicates their profile being extensively manipulated by merging others’ articles into their
profile under the assumption that when editing a book or conference proceedings, you own
the intellectual property and work of the contributors.

This aforementioned “grouping” can sometimes happen accidentally, e.g., due to GS’s
quality control issues; for instance, the famous 1986 backpropagation paper by Rumelhart
et al. is shown in GS with 55,000 citations, but 28,000 of them cite the whole book in which
this specific article appeared.

In the following Table 1, we present some examples of GS misuse without revealing
the real names of those academics.

Table 1. Examples of GS misuse.

ID Google Scholar SCOPUS Drop Method

Author 1 72,000 130 99% Article Inclusion

Author 2 480,000 3500 99% Name Merging

Author 3 19,000 3500 81% Editorial Merging

3. Discussion

In this editorial, we have briefly discussed common methods of bibliometric mis-
conduct with a focus on GS manipulation attempts. These include citation circles, fake
documents, the merging of documents and profiles, and more. The fight against publica-
tion/citation misconduct is continuous, and although AI tools may worsen the situation
through the massive production of AI-generated articles [21], they can also be used as a
tool against misconduct [22].

Here, we list rules of thumb for identifying a fake Google Scholar account:
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• Lack of verified email domain: Legitimate profiles often have a “Verified email at
[institution]” label next to their name. Fake profiles usually do not have this.

• Unrelated publications: Check if the listed publications seem random or unrelated to
the claimed field of expertise. Fake profiles often have unrelated or suspicious titles.

• Suspicious citation patterns: If a profile has an unusually high number of citations or
self-citations (i.e., citing their own papers excessively), this could be a red flag.

• Inconsistent or incorrect details: Look for inconsistencies in the bio, institution, or
profile picture. Often, fake profiles copy famous researchers’ publications or use
generic images.

• No academic history or institution links: Fake profiles may not be linked to any insti-
tution’s website and have minimal information about the researcher’s background.

• Recent account creation with excessive citations: If an account is newly created but
shows an unusually high number of citations in a short time, it could be suspicious.

• Publication list with too many asterisks after article entries: The asterisks represent a
merging of articles; in cases of editorial misconduct, they can be used to extensively
increase the citation count of an author.

Some recommendations for addressing the issues raised in this editorial are given
below.

• Transparent Citation Practices: Journals and institutions can encourage authors to
provide some reasoning behind their citations and avoid unnecessary self-citations or
loose citations. Of course, this is rather difficult to apply to all publications. Editors
and reviewers can play a significant role in safeguarding the integrity of publications.
Moreover, ensuring a diverse range of reviewers are included in peer-review processes
can help minimize the bias caused by citation circles. Additionally, concepts such as
coterminal citations [14] and their used in indices can be used for tracking phenomena
such as citation circles or excessive self-citing.

• Metrics Beyond Citations: Academic institutions can adopt more holistic measures
of research impact. These should go beyond citation counts and could include other
metrics such as societal impact or collaborations outside an author’s discipline. Many
institutions are already taking action in this direction.

• Algorithmic Monitoring: Some organizations have developed tools to monitor and
detect suspicious citation patterns, alerting editors or institutions to potential citation
manipulation.

• Correlation between citation metrics: Comparing and correlating GS with WoS, Scopus,
or other databases can provide a more accurate reflection of a scholar’s real merit.

• Use of databases that cannot be edited by the user: One such recent initiative comes
from a Stanford University professor and Elsevier, which annually publishes a ranking
that identifies the top 2% of the most influential researchers using data from Scopus.

• Detection of fake GS profiles: The authors of [23] present a machine learning-based
method to detect misconfigured author profiles. GS can use these tools to detect and
retract fake profiles.
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