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Abstract

Large language model (LLM) chatbots, as a widely used form of generative artificial
intelligence, have reduced the marginal cost of producing publication-style manuscripts
and have expanded feasible routes for manipulating citation metrics within the publishing
ecosystem. Citation-based indicators (e.g., the h-index, the i10-index, and total citation
counts) remain embedded in research evaluation and are sensitive to indexing practices of
bibliographic databases, with Google Scholar providing broad coverage combined with
comparatively limited curation. In this study, a systematic literature review is conducted to
synthesize reported mechanisms of citation-metric manipulation and to examine limitations
of citation-metric use, including evidence reported in civil engineering. A Google Scholar
proof-of-concept case study examines whether the indexing of LLM-assisted, non-peer-
reviewed documents with concentrated references to a target author is associated with
changes in author-level citation metrics under platform-specific conditions. After indexing,
a stepwise increase in author-level metrics is observed, demonstrating the feasibility of
citation-metric manipulation under the platform-specific conditions. Finally, this paper
discusses the implications for research integrity and citation manipulation in the era of
generative artificial intelligence. It also presents recommendations for researchers, academic
institutions and evaluation committees, publishers and editors, bibliographic database
providers, and funding institutions and policymakers.

Keywords: large language models; generative artificial intelligence; citation metrics; h-index;
Google Scholar; bibliographic databases; publishing ecosystem; research evaluation

1. Introduction

Despite the central role of citation metrics within academic evaluation, concerns
about the reliability of metrics-based “quality” indicators have increased (Nicholas et al.,
2020). Bibliometric indicators, including the h-index, the il0-index and total citation
counts, are widely applied to guide faculty promotion, hiring procedures, performance-
based remuneration, institutional benchmarking and research funding allocation (Oztiirk &
Tagkin, 2024). Initially introduced as proxies for scholarly influence, citation metrics are now
frequently interpreted as direct quality indicators (Kendall, 2024). A metric-centric research-
evaluation culture has emerged across scientific disciplines, including civil engineering,
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where publication and citation tallies are increasingly treated as substitutes for research
quality and individual achievement (Ramadhan et al., 2024). Strong reliance on citation
metrics has come under scrutiny, due to susceptibility to manipulative tactics, such as self-
citation, citation cartels, or coercive citation tactics (Mehregan & Moghiman, 2024). Further
challenges arise from differences among bibliographic databases, notably Google Scholar,
Scopus or Web of Science, concerning coverage extent, quality assurance, and error rates.
In particular, Google Scholar, widely favored by researchers due to extensive coverage and
rapid indexing, is comparatively susceptible to intentional manipulations compared to
curated databases (Fire & Guestrin, 2019). Documented instances show fabricated papers
with deliberate self-citations successfully inflating citation counts on Google Scholar (Fong
& Wilhite, 2017). Moreover, citation-boosting services demonstrably can inflate author-level
metrics through strategically indexed documents (Lopez-Cézar et al., 2014).

Recent advances in large language models (LLMs), which are the core engines of gen-
erative artificial intelligence and chat-based systems such as ChatGPT (Floridi & Chiriatti,
2020), have made it straightforward to generate fluent, publication-style prose, including
abstracts, full manuscripts, and literature reviews that may contain convincing yet fictitious
citations (Lund et al., 2023). Journal policies have responded by refining guidance on
disclosure and authorship in relation to artificial intelligence tools (Goyanes et al., 2025),
yet documented incidents include artificial intelligence being credited as an author and
fabricated references being embedded in scholarly works (Cabezas-Clavijo et al., 2024).
Once LLM-assisted documents enter preprint servers, repositories, or journals and become
indexed, distorted reference metadata can propagate into citation databases and inflate
citation counts (Besancon et al., 2023), affecting metric-based assessments and subsequent
decisions (Thelwall & Kurt, 2025).

This paper evaluates the feasibility of citation-metric manipulation within the pub-
lishing ecosystem in the era of generative artificial intelligence. Google Scholar serves
as the focal platform for a proof-of-concept case study. Based on the findings, the paper
derives governance implications and recommendations for stakeholders involved in pub-
lishing, indexing, and evaluation. Civil engineering serves as an application context for
interpreting evaluation practices and domain-specific metrics, rather than as the empirical
focus of the platform demonstration. In civil engineering, academic evaluation reflects
the same concerns described above, as academic performance in civil engineering is often
assessed primarily by publication counts and citation-based indices. One empirical study
covering 93 Greek university departments has ranked departments by aggregated faculty
h-indices obtained from Google Scholar profiles (Altanopoulou et al., 2012). Reliance on
metric-based rankings creates scope for strategic behavior; a bibliometric analysis in Turkey
has reported that 96% of papers published in so-called “questionable” journals have been
included in academic promotion dossiers, indicating that performance indicators can steer
researchers towards low-quality publication outlets (Aksnes et al., 2019). Multiple studies
have shown that raw citation counts do not necessarily reflect perceived research quality.
Award-winning papers in civil engineering frequently attract below-average citation num-
bers, while factors unrelated to scientific merit (e.g., community size or fashionable topics)
can systematically skew citation levels (Kazakis, 2014). Citation metrics therefore remain
useful tools in civil engineering, but when applied in academic evaluation, the metrics
must be interpreted cautiously and within disciplinary context (Smarsly, 2026).

The remainder of this paper is structured as follows: Section 2 provides a concise
background on large language models and generative artificial intelligence to contextualize
the implications and recommendations presented in this study. Then, Section 3 system-
atically reviews documented vulnerabilities of citation metrics. Next, Section 4 presents
the Google Scholar proof-of-concept case study to empirically investigate the impact of
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Al-enabled citation manipulation. Thereupon, Section 5 discusses the implications and
formulates recommendations based on the systematic review and the case study. Finally,
Section 6 concludes the paper with a summary of key findings and outlines avenues for
potential future research. In addition, the study relates its findings to existing frameworks
on responsible research evaluation and the use of generative artificial intelligence in schol-
arly communication, thereby situating the results within current developments in research
governance and publication practices.

2. Background on Large Language Models and Generative
Artificial Intelligence

The advancement of generative artificial intelligence, particularly through large lan-
guage models, reshapes all scientific and engineering disciplines. LLMs, characterized
by complex neural network architectures trained on vast text corpora, enable powerful
text generation, contextual understanding, and automated reasoning. The cost and effort
required to produce publication-style text have significantly been reduced. Tasks that
previously required substantial time and expertise, such as drafting abstracts, structuring
manuscripts or compiling reference lists, can now be performed rapidly using LLM-based
tools, lowering the barrier for generating document-like outputs that resemble scholarly
publications. This section summarizes publishing-relevant properties of LLMs to contextu-
alize manipulation pathways and indexing risks examined in the subsequent sections.

Large language models did not emerge overnight; rather, large language models
represent the culmination of decades of progress in natural language processing and
artificial intelligence (Zubiaga, 2024). Early language models in the mid-20th century relied
on rule-based systems and formal grammar and modeled word frequencies but struggled
with contextual meaning and complex grammatical structures (Chomsky, 1956). Over
the past decade, major advances have led to the emergence of what are now classified as
‘large’ language models (Min et al., 2023). Figure 1 shows a timeline of widely used large
language models.

Anthropic, D, -
Gemini 3.1 pro
Meta Al 65 DeepMind, M., -
‘ GPT-5.1 Claude 4.6 l
Mistral AL M, 47 OpenAL -, -

Anthropic, -, -
BLOOM Gemini 1.0 Gemini 2.0 DeepSeek V3.2 | | Mistral Small 4
BERT GPT-2 BigScience, D, Google Google DeepSeek, M, Mistral AL M,
Google, D, 0.3 OpenAL D, 1.5 176 DeepMind, -, - DeepMind, M, - 685 119
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Figure 1. History of widely used large language models and chatbots (D = dense model;

"o

M = mixture-of-experts model; parameters in billions according to developer, “-” if unknown).

The growing use of large language models in academic writing brings unprecedented
efficiency but also profound challenges. On the one hand, the preceding discussion has
highlighted how generative Al can streamline literature review and drafting; on the other
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hand, serious ethical and quality concerns have emerged. Ensuring originality and in-
tegrity of scholarly work is a primary challenge. For example, some high-profile journals
(e.g., Science) reacted by banning LLM-generated text outright due to concerns about
responsible authorship (Hosseini et al., 2023). The Editor-in-Chief of Science has compared
Al-generated content to plagiarism, asserting that texts not genuinely authored by humans
lack originality. Since LLMs are trained on large amounts of internet-sourced content,
they may reproduce existing sentences. Without rigorous oversight, such outputs may
unintentionally incorporate other ideas or wording without proper attribution. Addi-
tionally, despite their linguistic fluency, Al-generated texts often lack factual reliability.
Research indicates that ChatGPT-like models regularly produce factual inaccuracies and
fabricated yet seemingly credible references, attributable to the hallucinations previously
discussed (Lund & Naheem, 2024). LLMs are therefore capable of generating references
that are syntactically plausible, but factually incorrect or entirely fabricated, including
non-existent publications or misleading bibliographic details. Despite these inaccuracies,
such references often conform to expected formatting conventions, which are difficult to
detect without careful verification. The tendency of these models to generate “gibberish”
studies containing false data and false citations critically undermines trust in scholarly
publishing (Vincent, 2023). Misplaced confidence in polished, Al-written text can thus lead
to the inadvertent spread of misinformation in the literature.

Closely intertwined are questions of transparency, authorship, and accountability.
Many publisher guidelines now insist that researchers disclose any use of LLM tools in
manuscripts (Yoo, 2025). Major journals (including the Nature family) have ruled that
Al tools cannot be credited as authors, since true authorship carries accountability that
a machine cannot bear (Nature, 2023). However, enforcing these norms poses its own
challenges. Blanket bans on Al assistance are viewed as impractical by many, given
that covert use is difficult to detect and outright prohibition might simply drive usage
underground, and current detection methods for Al-generated text are limited. There is
broad consensus that ethical authorship is essential to preserving the integrity of scholarly
communication. Human researchers must remain fully responsible for their work and
must openly disclose Al assistance. When LLM-generated texts are disseminated through
repositories, conference platforms, or other lightly curated publication channels, inaccurate
or automatically generated references can become part of citation databases and potentially
influence citation-based indicators. In the long term, this development might also distort
academic metrics. If unscrupulous actors use LLMs to generate numerous papers or
citations, traditional indicators of research productivity and impact could be manipulated.
The study presented in this paper aims to address these emerging concerns. Section 3
reviews documented mechanisms of citation-metric manipulation, and Section 4 evaluates
the feasibility of such manipulation through a Google Scholar proof-of-concept case study.

3. A Systematic Literature Review of Citation Metrics in the Era of
Generative Artificial Intelligence

A systematic review is conducted to investigate the vulnerability of citation metrics
in the era of generative artificial intelligence, particularly within the civil engineering
domain. The review follows a modified version of the Preferred Reporting Items for
Systematic Reviews and Meta-Analyses (PRISMA) methodology (Page et al., 2021). The
term “modified” indicates deviations from the strict PRISMA protocol to accommodate
the specifics of this review, including additional methodological steps—such as iterative
backward snowballing (Wohlin, 2014)—and considering multiple interrelated research
questions (RQs):

e  RQ 1: What methods of citation metric manipulation are reported?
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e  RQ2: To what extent are citation metrics used in formal research evaluation procedures?
o RQ2.1:...specifically in the civil engineering domain?
e RQ 3: How widely are large language models being used to generate scientific papers?

The systematic review is organized into four methodological phases, (i) identification,
(ii) screening, (iii) eligibility, as well as (iv) snowballing and inclusion. Separate search
strings and independent screening and selection procedures are applied for each research
question. Each phase is described in detail in the subsequent subsections, after which the
results are reported. A PRISMA-style flow diagram of the modified review procedure is
provided in the Supplementary Materials (Figure S1). All records are retrieved from the
Scopus database within the period from 21 June 2026 to 23 June 2026.

3.1. Identification

The first phase (“Identification”) of the systematic review comprises the design and
execution of a structured literature search aimed at capturing records potentially rele-
vant to the research questions. To maintain rigor, reproducibility, and transparency, the
identification phase is divided into five steps, outlined in the following list.

e Definition of core concepts and initial search terms: For each research question,
logical blocks of concepts are defined, for example, a “core concepts” block and a
“general manipulation terms” block are established for RQ 1. Within each block,
initial keywords (e.g., “citation metrics”, “citation indicators”) are expanded into
specific search terms by considering synonyms, alternative expressions, and related
terminology (e.g., “citation metric*”, “citation indicator*”). Truncation techniques and
Boolean operators are applied to combine the search terms and to capture various
linguistic variations. The sets of search terms form the basis of initial search strings
defined for each research question.

e Conducting the initial search: Using the initial search strings specified for each
research question, an initial search is carried out. The objective of this step is to obtain
an initial overview of the retrieved records and to assess the completeness, specificity,
and precision of the search strategy. The findings obtained from the initial search form
the basis for subsequent refinement of the search strings.

e Refinement of the search strings: Following the initial search, the search strings for
each research question are systematically revised. The revision includes verifying
whether predefined seminal studies are retrieved by the current strings. If key studies
are not captured, the strings are adjusted and extended to improve coverage. Con-
versely, overly broad or irrelevant terms that produce large numbers of non-relevant
records are removed. The use of Boolean operators and truncation is further optimized
to increase overall precision.

e  Execution of the final search: Upon refinement, a final search string is established
for each research question, targeting an appropriate balance between comprehensive
coverage and high precision. The final search strings for each research question,
organized into logical blocks, are illustrated in Figure 2 and reported in full in the
Supplementary Materials (Table S1). The final search is conducted in the “title”,
“abstract”, and “keywords” fields of the Scopus database. Additional filters are
applied for language (English) and document type (article, review, and conference
paper) to further increase precision and relevance.

e Removal of duplicates: All records returned by the final search are examined for
duplicate entries, which are then removed manually.
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Search fields

Title, abstract, keywords

Core concepts

citation metric*, citation
indicator®, bibliometric*,
scientometric*, metric-driven,
metric-based evaluation,
performance evaluation system,
research evaluation system

General manipulation terms

I%

manipulat*, fraud*, abuse*, gam*,
exploit*, inflat*, distort*,
questionable publishing, predatory
publishing, misconduct, citation
stacking

Specific manipulation methods

I>
Z,
=~}

fake paper*, falsified paper*,
synthetic content, plagiar*, self-
citation®, citation cartel®, citation
ring*, citation mill*, coercive
citation®, honorary authorship,
fake review*, fabrication*

Contextual focus

I%

journal*, author*, researcher®,
publication*, academic*

AND NOT

Irrelevant topiccs

medicine, medic*, health*,
clinic*, hospital*, nurs*, surg*,
oncolog*, orthopedic*, pediatric*,
dentist*, pharma*, radiolog*,
cardio*, bio*, chemical*,
environment*, material*,
financial, economic*, market®,
business, management, Al,
COVID-19, epidemiolog*,
mapping, gender*, ethic*,
alcohol*, substance abuse,
veterinary, animal*

AND

Core concepts

citation metrics, citation
indicators, bibliometric indicators,
scientometric indicators, h-index,
110-index, citation count*,
citation-based metric*

Core concepts

citation metrics, citation
indicators, bibliometric indicators,
scientometric indicators, h-index,
i10-index, citation count*,
citation-based metric*

AND

Evaluation context

faculty evaluation, researcher
evaluation, scientist evaluation,
individual performance
evaluation, promotion decision*,
tenure decision*, salary decision®,
salary determination, career
advancement, academic
promotion, academic tenure,
personnel evaluation

AND

Target group

faculty, researcher, scientist,
academic staff, professor, scholar

AND NOT

Irrelevant topiccs

journal evaluation, journal impact
factor, journal ranking, gender
disparity, gender difference*,
gender gap*, racial disparity,
racial difference*, career
trajectory, career choice, medical
residency, training pathway,
student, gender, residency,
fellowship, demographics, gender
equality, gender bias, minority,
editorial board, productivity

AND

AND

Evaluation context*

evaluation, assessment, promotion
decision*, tenure decision*, salary
decision*, academic promotion,
academic tenure, career
advancement

AND

Disciplinary context

civil engineering, building
engineering, construction
engineering, structural
engineering, architectural
engineering, construction
management, built environment,
civil and building engineering,
construction discipline®,
engineering discipline*,
engineering department®

AND NOT

Irrelevant topiccs

journal evaluation, journal impact
factor, journal ranking, student,
fellowship, medical residency,
editorial board

AND

*Compared to RQ2, the search
terms have been broadened to
compensate for the restricted
disciplinary context; otherwise,
a sufficient number of relevant
results is not achieved

Core concepts

large language model*, LLM*,
generative Al, generative artificial
intelligence, GPT*, ChatGPT,
Gemini, Bard, Copilot, Meta Al,
DeepSeek, transformer model*,
natural language generation, NLG

AND

Scholarly publication

scientific paper*, scientific
article®, research paper*, research
article*, academic paper*,
academic article¥, scholarly
article®, journal article*,
conference paper*, academic
manuscript*, scientific
manuscript*

AND

Content generation

generat®, writ*, produc*, author*,
compos*, automat® writing,
machine-generated, Al-generated

AND NOT

Irrelevant topiccs

review, meta-analysis, systematic
review, medic*, clinic*, health*,
dentist*, surg*, nurs*, pharma*,
bio*, chem*, material*, physic*,
engineer*, stock market, financ*,
cybersecurity, secur®, ethic*,
legal, teach*, student™®, curricul®,
pedagog®, train*, imag*, detect*,
hallucinat*®, data-driven, translat*,
summari*, dataset*, benchmark*,
text mining, sentiment®, question
answering, management,
agricultur®, environment™,
climat*, sustainab*, manufactur®,
market®, public relation*,
econom*, library, ontolog*,
touris*, hospitality, fiction,
screenwrit® film, movie,
dialogue, dialog system*, pest,
biolog*, crystallograph*,
chemical, healthcare

AND

Language: English; Document types

: Article, review, conference paper

Search string 3

Figure 2. Final search strings defined for each research question.

3.2. Screening

Inclusion criteria require a clear thematic link to the research questions, contextual
relevance, documented methodological rigor, suitable target populations, and explicit
content relevance (e.g., for RQ 1, documented experimental attempts at citation manip-
ulation). In operational terms, methodological rigor is judged based on the presence of
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a clearly identifiable study design, transparent data sources or corpus definition, and an
explicit analytical or evaluative procedure. Explicit content relevance is judged based on
whether a record directly addresses the respective research question, rather than referring
to citation metrics, research evaluation, civil engineering, or large language models only
incidentally or in passing. Exclusion criteria eliminate records with irrelevant topics, insuf-
ficient methodological clarity, inappropriate populations, or non-scholarly formats, such
as editorials, commentaries, or purely theoretical discussions without empirical evidence.
Formal criteria related to language (English) and document type (article, review, conference
paper) are already enforced via database filters during the identification phase and are
therefore not re-applied at this stage. Only records with a high likelihood of meaningfully
addressing the research questions are retained for full-text assessment.

3.3. Eligibility

In the third phase (“Eligibility”), all records retained after screening are examined in
full text using the same inclusion and exclusion criteria employed at the abstract level. The
same operational definitions of methodological rigor and explicit content relevance are
applied at full-text level. Inclusion criteria emphasize clear thematic alignment with the
research questions, methodological rigor, and empirical or analytical adequacy. Records
are excluded when relevance to the core research questions is limited, methodological
transparency is insufficient, or empirical evidence is inadequate. The eligibility phase
ensures that only records of high relevance and sufficient methodological quality proceed
to the subsequent snowballing and inclusion phase.

3.4. Snowballing and Inclusion

In the fourth phase (“Snowballing and inclusion”), all records deemed eligible in the
full-text evaluation are formally included in the systematic review. Additional potentially
relevant records are identified via iterative backward snowballing, which involves screening
the reference lists of the included records. Snowballing continues until no additional eligible
records are identified for inclusion (Wohlin, 2014). Newly identified records are then
subjected to the same eligibility assessment, and their reference lists are again examined
in subsequent snowballing iterations. The final sets of included records from the iterative
process are documented and summarized in the following subsection.

3.5. Results

This subsection reports the results of the systematic review. The corresponding study
selection process is summarized in the PRISMA-style flow diagram provided in the Supple-
mentary Materials (Figure S1). This subsection focuses on factual reporting. Qualitative
interpretations and in-depth discussion are deferred to Section 5, where the findings from
the systematic review and the experimental study in Section 4 are synthesized into impli-
cations and recommendations. Table 1 summarizes the results of the systematic review,
indicating the number of records identified at each review phase and the specific studies
finally included. Following the table, the results addressing each research question are
presented individually in the remainder of this subsection.

Figure 3 shows the annual number of identified papers and the corresponding citations
per year for each research question. The data is taken from the “Identification (initial
search)” phase because the phase provides the broadest landscape of potentially relevant
papers. For RQ 1 (Figure 3a), the number of publications stays low until 2022 but noticeably
increases from 2023 onward, while citations follow a steady upward trend, reaching a
maximum in 2025. With respect to RQ 2 (Figure 3b), an increase in paper output is observed
in 2014, with respective citations in the following years. For RQ 2.1 (Figure 3c), specific
to civil engineering, the number of publications remains generally low throughout the
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observed period, accompanied by a slight rise in citations in recent years. Regarding RQ 3
(Figure 3d), publication activity is minimal until 2022, after which a substantial increase is
observed from 2023, and the citation counts show a similar trajectory. The results for each
research question are detailed in the following subsections.

Table 1. Summary of the review results.

RQ1 RQ2 RQ 2.1 RQ 3
Identification
(initial search) 92 174 24 1437
Identification
(final search) 36 44 22 66
Screening 25 31 9 11
Eligibility 7 8 5 3
Snowballing and inclusion 10 (7 +3) 11 (8+3) 7(5+2) 11(3+38)

I. Ali et al. (2021), Fister
et al. (2016), Fong and
Wilhite (2017), Ibrahim
et al. (2025), Kojaku et al.
(2021), Mazov and Gureev
(2019), Moustafa (2016),
Ortega and
Delgado-Quir6s (2023),
Tripathi et al. (2019), Q.
Zhang et al. (2020)

Abramo et al. (2012), N.
Ali et al. (2023), Dehnad
etal. (2019), Guraya et al.

(2016), Haddow and
Hammarfelt (2019), Lim
et al. (2025), Lippi and
Mattiuzzi (2017),
Marsicano et al. (2022),
Mingers et al. (2023),
Wang et al. (2022), Zerem
et al. (2021)

Asfour and Al-Qawasmi
(2024), Abramo et al.
(2021), El-Adaway et al.
(2019), Mustafa et al.
(2025), Raheel et al. (2018),
Salman et al. (2021),
Usman et al. (2021)

Camp et al. (2025),
Finkel-Gates (2025),
Haider et al. (2024),
Hosseini and Horbach
(2023), Kendall and
Teixeira da Silva (2024),
Kobak et al. (2025),
Lendvai (2025), Ramoni
et al. (2024), Tang et al.
(2024), Walters and Wilder
(2023), M. Zhang and

Zhao (2025)
25 500 25 800
i Papers = Papers 700
20 itati 400 itati
—o—Citations —o—Citations 600
. w g, w g
200 O 300 ©
200
100
100
0 0
10 60 600 12,000
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Figure 3. Annual distribution of the identified publications and citations per year, based on the
“Identification (initial search)” phase: (a) RQ 1, (b) RQ 2, (c) RQ 2.1 (Civil engineering), (d) RQ 3.
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3.5.1. Results Regarding Research Question 1 (“What Methods of Citation Metric
Manipulation Are Reported?”)

Manipulation of citation metrics is perpetrated through different methods. A prevalent
method involves excessive self-citation, where authors deliberately cite their own publi-
cations to artificially inflate personal citation counts (Ibrahim et al., 2025). Additionally,
citation cartels, i.e., groups of researchers who systematically and disproportionately cite
each other’s work, further distort citation-based evaluations (Fister et al., 2016). Guest
authorship, where prominent researchers are listed without substantial contribution, in-
creases both article visibility and citation likelihood. Honorary citations, i.e., references
included due to social or strategic motivations rather than scientific merit, also distort
scholarly metrics (Ibrahim et al., 2025). Collaborations with a larger number of authors are
associated with increased occurrences of falsification or manipulation in retracted publica-
tions, implying that team size can be a factor in attempts to manipulate citation metrics
(Q. Zhang et al., 2020). Citation metrics are also manipulated through commercial services,
allowing researchers to purchase citations integrated into other publications for a fee, and
artificial citations are introduced by individuals uploading Al-generated articles contain-
ing strategic references to targeted works onto unmoderated pre-print servers, artificially
inflating citation counts (Ibrahim et al., 2025). The following studies deliberately fabricated
fake or nonsensical papers to demonstrate the vulnerability of citation metrics (Labbé, 2010;
Labbé & Labbé, 2013).

Editorial manipulation is another critical issue, with journal editors coercing authors
to insert irrelevant citations, thereby artificially boosting the journal’s citation metrics (Fong
& Wilhite, 2017). Editors also publish self-citing editorials or review articles that frequently
reference recent papers from their journals, directly enhancing journal impact factors
(Kojaku et al., 2021). Moreover, coordinated mutual citation agreements between multiple
journals, known as “citation stacking”, artificially inflate the bibliometric indicators of the
journals involved (Ibrahim et al., 2025). It has been observed that only a few of the articles
that should receive editorial notices (due to publishing fraud or manipulation) are actually
corrected by journals, indicating insufficient responses to documented manipulations, such
as plagiarism or data falsification (Ortega & Delgado-Quirés, 2023). Additionally, coercive
citations by editors during peer review processes artificially boost journal impact factors
through imposed irrelevant references (Moustafa, 2016). The manipulative practices largely
persist because bibliographic databases lack effective detection mechanisms. At present,
the systems often fail to distinguish manipulated citations from legitimate ones, allowing
citation manipulation to remain largely unchecked (Tripathi et al., 2019). The problem
is exacerbated in non-curated bibliographic databases, such as Google Scholar, where
quality-control mechanisms are limited. Authors may exploit the databases to artificially
inflate citation counts, often without detection (I. Ali et al., 2021).

3.5.2. Results Regarding Research Question 2 (“To What Extent Are Citation Metrics Used
in Formal Research Evaluation Procedures?”)

Across formal assessment frameworks, citation-based indicators constitute a standard
component of research evaluation (N. Ali et al., 2023). Particularly the h-index and the
i10-index are frequently used to summarize individual publication impact for tenure
and promotion decisions (Marsicano et al., 2022), and total citation counts are likewise
widely applied (Wang et al., 2022). Empirical studies report that higher h-index values are
associated with increased institutional and governmental funding allocations (Guraya et al.,
2016). At the same time, citation metrics exhibit well-documented limitations, including a
strong dependence on academic career length rather than solely on research quality (Lippi
& Mattiuzzi, 2017). In particular, the h-index does not adjust for discipline-specific citation
practices and does not differentiate between the contributions of co-authors, which has
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motivated the introduction of additional indicators into formal evaluation procedures,
such as the g-index (Dehnad et al., 2019) or the z-score (Zerem et al., 2021). Despite
these shortcomings, approximately 92% of analyzed promotion policies explicitly reference
citation-based indicators, with higher prevalence in upper-middle-income countries and in
the global South, and the relative weight assigned to citation metrics varies across research
disciplines (Lim et al., 2025).

3.5.3. Results Regarding Research Question 2.1 (“To What Extent Are Citation Metrics Used
in Formal Research Evaluation Procedures Specifically in the Civil Engineering Domain?”)

In civil engineering, it is observed that research rewards are closely tied to publication
citation metrics (El-Adaway et al., 2019). For example, formal research evaluation procedures
use specialized indices as well as domain-specific, statistically optimized ranking formulas
to reflect collaboration and sustained contributions (Mustafa et al., 2025). Furthermore,
multi-authorship indices, such as the hy-index, gm-index, hj-index, h¢-index, gg-index, or
hg-index, are applied in civil engineering to rank authors, and variants of the h-index (such
as the hg-index) are used in qualitative judgements for award nominations by international
civil engineering societies (Salman et al., 2021). The reliance on citation metrics for career
advancement has been shown to affect the behavior of researchers. In Italy, for example, civil
engineering professors notably increased their self-citation rate after the implementation of
citation-based academic accreditation. The findings point to a “culture of counting” in civil
engineering that may encourage unethical practices, such as excessive self-citation, and may
disadvantage citation-sparse fields within the discipline (Asfour & Al-Qawasmi, 2024). It
should be noted that citation metrics also influence prestigious awards bestowed by civil
engineering societies, such as ASCE (American Society of Civil Engineering), CSCE (Cana-
dian Society of Civil Engineering), ACI (American Concrete Institute) and ICE (Institute of
Civil Engineering), but fewer than half of the awardees align with the top ranks suggested
by these metrics (Raheel et al., 2018). Award committees instead tend to favor publications
with fewer authors per paper and place additional weight on respective indicators, such as
citations per year and composite indices (Usman et al., 2021).

3.5.4. Results Regarding Research Question 3 (“How Widely Are Large Language Models
Being Used to Generate Scientific Papers?”)

Large language models, freely accessible via online chat bots, such as ChatGPT and
Gemini, are now widely integrated into scientific writing workflows and affect multiple
stages of manuscript preparation. The tools are increasingly employed for drafting initial
texts, enhancing conceptual clarity, and refining grammar and structure (Tang et al., 2024).
Moreover, LLMs assist in transforming notes into structured academic content, support
citation formatting, and facilitate literature reviews (Lendvai, 2025). As reported by Ramoni
et al. (2024), Al assistance, by 2023, accounted for about 25% of manuscript writing
and 15% of grant writing, primarily assisting in manuscript editing, proofreading, and
technical tasks. Early-career researchers, particularly in computational fields and non-
English-speaking regions, are major adopters, often utilizing the tools without explicit
acknowledgment (Haider et al., 2024). Students also use LLMs to reduce time and effort for
academic assignments, with applications ranging from minor edits to extensive rewriting
(Finkel-Gates, 2025).

However, the integration of LLMs into scholarly publishing has led to ethical and relia-
bility issues, as LLMs have generated false citations, propagating references to non-existent
papers across academic databases, undermining the credibility of scholarly communication
(Camp et al., 2025). Entirely fabricated empirical studies, including inappropriate meth-
ods and false statistical outcomes, have even infiltrated reputable publications (Walters
& Wilder, 2023). High-impact journals have cited fictional LLM-generated articles, high-
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lighting vulnerabilities in editorial and peer-review processes (M. Zhang & Zhao, 2025).
Detection of such fraudulent activities currently relies primarily on manual verification, due
to limitations in automated tools (Camp et al., 2025). The rise of Al-generated fraudulent
papers through “paper mills” and predatory journals further complicates matters, with
fake papers constituting roughly 24% in certain research fields (Ramoni et al., 2024).
Asreported by Haider et al. (2024), approximately two-thirds of examined manuscripts
(as of 2024) contained undisclosed LLM-generated content, a practice notably more preva-
lent in journals with expedited review processes compared to high-prestige outlets (Kobak
et al., 2025). Additionally, the increasing adoption of LLMs for drafting peer-review reports,
editorial decision letters, and concise manuscript summaries indicates the expanding role
of LLMs within editorial workflows (Hosseini & Horbach, 2023). Nevertheless, explicitly
acknowledging generative Al as co-authors remains highly controversial and challenges
established norms of authorship attribution (Kendall & Teixeira da Silva, 2024).

4. A Google Scholar Proof-of-Concept Case Study

The systematic literature review reported in Section 3 has documented multiple ma-
nipulation pathways and platform-dependent vulnerabilities affecting citation-based indi-
cators used in research evaluation. In addition, Section 3 has indicated that strategically
prepared, LLM-assisted documents can contribute to artificial citation signals once in-
dexed by bibliographic databases. To provide a demonstrative feasibility assessment under
controlled and explicitly bounded conditions, this section presents a Google Scholar proof-
of-concept case study and, in addition to the previously defined research questions, the
following research question is to be answered:

e RQ4: How easily can papers generated with the assistance of large language models
influence author-level citation metrics on Google Scholar?

4.1. Experimental Design and Methodology

To address research question 4, two papers—paper A (Dragos, 2025a) and paper B
(Dragos, 2025b)—have been written, each initially drafted with support from a large language
model (ChatGPT, model GPT-4.5) and subsequently revised to comply with established
academic standards regarding content and style. The proof-of-concept has been designed
as a demonstrative case study on a single platform (Google Scholar) and a single target
profile (n = 1 author). It does not support claims about prevalence, representativeness, or
generalizability beyond these conditions. In terms of content, both papers focus on explainable
artificial intelligence, i.e., the papers (i) review the interaction between generative Al and
citation-based, metric-driven academic evaluation systems and (ii) summarize prior work
conducted by the author of this study. Therefore, both papers necessarily contain numerous
citations to the author’s prior work for scholarly reasons rather than for artificial inflation—a
feature deliberately included in the proof-of-concept case study.

Both papers have been presented at the 7th International Workshop on Explainable
Artificial Intelligence in Civil Engineering (XAICE) at Hamburg University of Technology
on 5 May 2025, before being disseminated through a webpage indexed by Google Scholar.
The XAICE workshop has not involved external peer review. However, it must be em-
phasized that both papers meet academic standards, each addressing clearly formulated
research hypotheses. Both papers have been authored and formally published by a dif-
ferent individual, thus eliminating self-citations by the author of this study. The citation
compositions within the two papers differ strategically: In paper A, 50 out of a total of
110 references (approximately 45%) cite publications authored by the author of this study,
while in paper B, 75 out of a total of 115 references (approximately 65%) cite publications
authored by the author of this study. Paper B has been released on the webpage once paper
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A had been indexed by Google Scholar. The sequential release strategy has intentionally
been adopted to examine whether different levels of citation concentration are associated
with different changes in indexing outcomes and author-level citation metrics under the
platform-specific conditions. The sequence has reduced the risk of simultaneous indexing
effects and has supported attribution of metric changes to a specific indexed document
under an opaque indexing algorithm. Risk mitigation measures have been applied by
limiting the study to two documents, avoiding iterative or ongoing uploads, and refraining
from providing operational guidance for scaling or automating the approach.

4.2. Results

The citation composition and dissemination timelines of paper A and B are presented in
Table 2, providing the number of citations referencing works by the author of this study and
those citing external sources. Specifically, the table reports the respective dissemination, i.e.,
upload dates, as well as the dates each paper has been indexed by Google Scholar. Paper A
has become discoverable via Google Scholar 14 days after dissemination, whereas paper B
has become discoverable 19 days after dissemination. The time series presented in Figure 4
illustrates the weekly development of the citation metrics (total citations, h-index, and i10-
index) of the author of this study. Before uploading paper A (5 June 2025), the total citations
gradually increase. After Google Scholar indexed paper A on 19 June 2025, the citation count
increases from 2555 to 2615 (+60 citations, 50 of which were attributed to paper A). A similar
pattern is observed upon the indexing of paper B on 15 July 2025, raising the total citation
count from 2629 to 2715 (+86 citations, including 75 from paper B). Between uploading paper
A and the indexing of paper B, the i10-index increased from 69 to 71, while the h-index
remained unchanged at 27. The results therefore indicate measurable changes in author-level
metrics under the specified dissemination and indexing conditions. However, the results do
not support broader causal claims beyond this platform-specific demonstration.

Table 2. Citation composition, dissemination dates, and Google Scholar indexing dates.

Paper A Paper B
(Dragos, 2025a) (Dragos, 2025b)
Author’s papers cited 50 75
External papers cited 60 40
Dissemination date 5 June 2025 28 June 2025
Indexing date 19 June 2025 15 July 2025
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Figure 4. Time series illustrating the changes in the Google Scholar citation metrics.
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4.3. Summary

The proof-of-concept case study shows that—under the platform-specific conditions—
indexing of LLM-assisted, non-peer-reviewed documents with concentrated references
is associated with measurable changes in author-level citation metrics on Google Scholar.
In particular, concentrated referencing of one author’s publications has translated into
increased citation counts after indexing. It must be emphasized that the case study is inten-
tionally limited in scope and should be interpreted as a proof-of-concept demonstration
rather than as evidence of prevalence or system-wide effects. Nevertheless, the findings
support a feasibility claim for metric inflation on a non-curated indexing platform, while
limiting interpretation to the demonstrated mechanism and scope. Combined with the
insights obtained from the systematic literature review presented in the previous section, an
elaborate discussion of the findings, including broader implications and recommendations,
will be provided in the following section.

5. Discussion, Implications, and Recommendations

A critical examination of the findings obtained from both the systematic literature
review and the proof-of-concept case study reported in Section 3 and Section 4, respectively,
is presented in this section. First, the discussion and implications synthesized from this
study are presented. Then, aiming to support researchers, academic institutions and
committees, publishers and editors, bibliographic databases as well as funding institutions
and policymakers, specific recommendations are derived.

5.1. Discussion and Implications

In this subsection, the findings are interpreted and the implications are discussed
according to the research questions.

5.1.1. Research Question 1 (“What Methods of Citation Metric Manipulation
Are Reported?”)

Manipulation of citation metrics poses a fundamental threat to the integrity and
reliability of academic evaluation systems. Persistent failures in detection mechanisms
within bibliographic databases allow unethical activities to remain largely undetected and
uncorrected, thereby weakening the credibility of scholarly evaluation. The increasing
availability of generative artificial intelligence, addressed in more detail in research ques-
tions 3 and 4, further intensifies the risk by enabling automated creation of plausible yet
misleading academic documents. The implications drawn from the systematic review are
summarized as follows. These implications should not be interpreted as suggesting that all
citation-based evaluation is inherently unreliable, but rather that such evaluation remains
vulnerable where detection and correction mechanisms are weak.

e  (Citation metric manipulation undermines the validity and accuracy of research evalu-
ations, affecting critical academic decisions, such as faculty promotion, hiring proce-
dures, performance-based remuneration, institutional benchmarking, and the alloca-
tion of research funding.

e  Persistent manipulation reduces overall trust in scholarly publications, complicating
the identification of genuinely impactful research and diminishing confidence in
research outcomes.

e  Therise of citation stacking and citation cartels reveals a more organized and collabo-
rative form of metric manipulation that disadvantages ethical researchers.

e  Reliance on manipulated metrics encourages a culture where quantity supersedes
quality, thereby undermining robust scholarship and hindering the pursuit of innova-
tive research.
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5.1.2. Research Question 2 (“To What Extent Are Citation Metrics Used in Formal Research
Evaluation Procedures?”)

Citation metrics play a pivotal role in formal research evaluation procedures world-
wide, increasingly shaping critical decisions in faculty promotions, institutional rankings,
and research funding allocation. Despite broad acceptance and integration into formal
evaluation procedures, significant concerns exist regarding validity, fairness, and objectivity.
Additionally, heavy reliance on citation metrics potentially incentivizes publication strate-
gies driven more by anticipated citations than by genuine scholarly innovation, ultimately
constraining research diversity and originality. The aforementioned issue is amplified by
non-curated bibliographic databases, such as Google Scholar, which index publications
without rigorous quality control, enabling potential manipulation by authors to artificially
inflate citation counts and scholarly metrics, leading to the following implications. The ob-
servations should not be read as an argument against the use of citation metrics per se, but
rather against their uncritical use as stand-alone indicators in formal assessment contexts.

e Dependence on citation metrics encourages strategic publishing behaviors aimed
at maximizing citations, thereby reducing incentives for high-risk, innovative, or
interdisciplinary research.

e  Younger researchers and/or researchers from emerging disciplines face disadvantages
due to the inherent preference of citation-based metrics for senior scholars and/or
scholars situated in established disciplines, which traditionally generate higher cita-
tion frequencies.

e  Uniform application of citation metrics across diverse disciplines and geographical
contexts aggravates inequalities, disadvantaging institutions and researchers in regions
with lower citation frequencies or less journal indexing coverage.

e  Most critically, reliance on non-curated platforms, such as Google Scholar, allows
researchers to manipulate their own citation metrics directly. Since Google Scholar
indexes all types of academic output without strict quality control, researchers can
artificially inflate their citation counts, potentially influencing key evaluation processes,
tenure decisions, funding allocations, and even salaries if remuneration is tied to
metric-based performance agreements.

5.1.3. Research Question 2.1 (“To What Extent Are Citation Metrics Used in Formal
Research Evaluation Procedures Specifically in the Civil Engineering Domain?”)

Citation metrics significantly shape formal evaluation procedures in civil engineering,
profoundly affecting tenure decisions, faculty assessments, and funding allocations. Civil
engineering evaluations explicitly emphasize multi-authorship indices and collaborative
outputs more prominently compared to other disciplines, reflecting the inherently coop-
erative nature of engineering projects. However, such practices tend to overlook critical
aspects unique to civil engineering, such as industry engagement periods that often reduce
academic publishing activity. The following implications are derived. The implications
should be interpreted in light of the specific characteristics of civil engineering and should
not be generalized uncritically across all engineering or scientific disciplines.

e Asin other disciplines, overemphasis on citation metrics directs researchers toward
citation-rich topics rather than innovative, interdisciplinary, or practically impactful
civil engineering research, limiting overall research diversity and quality.

e  Researchers with substantial industry experience, crucial in civil engineering, may
experience disadvantages if citation metrics are weighted too heavily in metric-centric
evaluations, as periods spent in professional practice negatively impact the publica-
tion output.
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e C(itation-based evaluations systematically undervalue practically relevant research
fields and niche areas within civil engineering, potentially impacting funding decisions,
career opportunities, and the attractiveness of practice-oriented careers.

e A comparatively higher weighting of multi-authorship metrics may disadvantage
individuals or smaller collaborative groups, particularly in less frequently cited but
practically significant research.

5.1.4. Research Question 3 (“How Widely Are Large Language Models Being Used to
Generate Scientific Papers?”)

The adoption of large language models (LLMs) in academic publishing has substan-
tially reshaped scholarly writing practices, ranging from manuscript drafting and literature
reviews to technical tasks such as citation formatting. While LLMs streamline scientific
workflows, notably for early-career researchers and researchers from non-native English-
speaking regions, considerable concerns emerge regarding authenticity, scholarly rigor,
and research ethics. The rapid proliferation of artificially generated academic content,
including fabricated citations, entirely fictitious papers, and widespread undisclosed usage
of Al-generated texts, exposes critical vulnerabilities in established editorial procedures
and peer-review standards, fundamentally challenging traditional notions of academic
integrity and authorship. Furthermore, the ease of manipulating personal citation met-
rics through Al-generated publications increases significantly, enabling researchers to
inflate performance-based metrics artificially, which could directly influence salary levels if
remuneration is tied to metric-based performance targets, thus entailing the following im-
plications. At the same time, the observations should not be interpreted as rejecting the use
of LLMs in scholarly work altogether, but rather as highlighting the need for transparency,
verification, and human accountability.

e  Despite the evident advantages, increased reliance on LLMs in scholarly communica-
tion risks diluting research quality and eroding trust in published academic literature,
exacerbating existing problems, such as predatory publishing.

e  Although democratizing academic productivity and accessibility, particularly for re-
searchers from non-native English-speaking regions, widespread use of LLMs without
proper disclosure compromises transparency, accountability, and intellectual rigor in
scholarly discourse.

e Established norms of authorship and attribution face disruption due to the emerg-
ing practice of explicitly acknowledging generative Al, thereby creating ambiguity
regarding responsibility and genuine scholarly contribution in published research.

5.1.5. Research Question 4 (“How Easily Can Papers Generated with the Assistance of
Large Language Models Influence Author-Level Citation Metrics on Google Scholar?”)
The proof-of-concept case study described in Section 4 provides a platform-specific
demonstration that author-level citation metrics on Google Scholar may change after two
LLM-assisted, non-peer-reviewed documents are indexed under the tested conditions.
However, the changes should be interpreted cautiously, as the case study is limited to one
platform, one target profile, and two documents and is not designed to establish broader
causal effects beyond this specific setup. The relevance of this finding lies less in the
magnitude of the observed metric changes than in showing that citation-based indicators
on non-curated platforms may be sensitive to strategically disseminated, weakly curated
documents. This implication is particularly important where citation-based indicators are
used in evaluation contexts without sufficient attention to the provenance and curation level
of the underlying bibliographic data. The observations should not be generalized beyond
Google Scholar or beyond the specific proof-of-concept setup examined in this study.
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e  Thesimplicity of artificially enhancing citation metrics through Al-generated content poses
fundamental risks to the integrity and fairness of citation-based academic evaluations.

e Bibliographic databases operating without or with limited quality control, such as
Google Scholar, are highly susceptible to citation manipulations, a vulnerability further
aggravated by the free online access to LLM-based chatbots.

e  The minimal effort and limited expertise required to produce apparently legitimate
scholarly articles significantly lower the barriers for citation metric manipulation.

The implications discussed across the research questions are consistent with several
established frameworks on the responsible use of citation metrics and research evaluation,
including the Leiden Manifesto (Hicks et al., 2015), the San Francisco Declaration on
Research Assessment (DORA, 2012), the CoARA Agreement (CoARA, 2022), and the
Metric Tide report (Wilsdon et al., 2015), all of which emphasize the need to avoid narrow
reliance on single quantitative indicators and to assess scholarly contributions in their
broader institutional, disciplinary, and societal context. Likewise, emerging guidance
on the responsible use of generative artificial intelligence in scholarly work, including
the ERA Forum’s Living Guidelines (European Commission, 2024) and recent publisher
policies, underscores the importance of transparency, accountability, and verification. The
findings of this study align with and reinforce these recommendations, particularly with
regard to the risks associated with the uncritical use of citation-based indicators and with
insufficiently curated bibliographic indexing environments.

5.2. Recommendations

The foregoing discussion shows that the central problem is not the existence of cita-
tion metrics as such, but their vulnerability to manipulation, their uneven interpretation
across contexts, and their exposure to low-curation indexing environments. Based on the
interpretation of the findings discussed in Section 5.1, and on the evidence synthesized in
Sections 3 and 4, the following recommendations are proposed to address citation-metric
manipulation within the publishing and indexing ecosystem.

Researchers

1.  Adhering to ethical citation practices: Researchers should strictly comply with ethical
citation standards, transparently disclose self-citations, and clearly acknowledge
the contributions of each author. Additionally, researchers should actively avoid
participation in citation cartels or other manipulative citation schemes, documented
in Section 3.

2. Disclosing and verifying Al usage: Any use of large language models in research
or manuscript preparation should be explicitly disclosed. Researchers should thor-
oughly verify all Al-generated content—particularly references, empirical data, and
methodological details—to ensure accuracy and prevent dissemination of fabricated
and/or false information that may propagate into bibliographic indexing systems.

3.  Prioritizing quality over metrics: Research quality and real-world relevance should
take precedence over strategies aimed solely at maximizing citation counts. Par-
ticularly in applied research disciplines, such as civil engineering, researchers are
encouraged to document practical industry engagements and collaborative efforts,
demonstrating genuine impact beyond purely bibliometric indicators used in formal
evaluation frameworks (Section 3.5.2).

Academic institutions and committees

4. Diversifying research assessment: Academic institutions and committees should
reduce their reliance on purely quantitative bibliometric indicators, particularly on
indicators derived from non-curated bibliographic databases without or with limited
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quality control, such as Google Scholar, whose platform-specific sensitivities are
demonstrated in Section 4. Evaluation procedures should shift toward more diverse
assessments, emphasizing long-term research impact, innovation, interdisciplinary
collaboration, and tangible societal benefits.

Recognizing industry and interdisciplinary work: Evaluation frameworks should
explicitly recognize and fairly assess industry experience, practical achievements, and
interdisciplinary engagement of researchers, which is particularly relevant in applied
disciplines, such as civil engineering, where industry collaborations significantly
contribute to research impact yet may be inadequately represented by traditional
citation metrics.

Establishing ethics and transparency policies: Institutions should implement clear
policies addressing unethical citation practices, with defined sanctions for citation
manipulation, such as excessive self-citation or organized citation exchanges, identi-
fied in the systematic review (Section 3.5.1). Policies should mandate transparency
regarding generative Al usage in scholarly work and evaluation materials, ensuring
ethical and openly disclosed use.

Publishers and editors

7.

Strengthening editorial guidelines: Stringent peer-review and editorial guidelines
should be established to prevent unethical citation behavior and the dissemination of
Al-generated content. Measures should identify and mitigate coercive citation sug-
gestions and irregular reference structures consistent with manipulation mechanisms
summarized in Section 3.

Implementing clear policies on Al and authorship: Publishers should define explicit
guidelines concerning the appropriate use of generative Al tools in research and
manuscript preparation. To uphold trust in authorship attribution and scholarly
content integrity, guidelines should specify methods for acknowledging Al assistance
(e.g., in an acknowledgments section) and clearly reaffirm that all listed authors must
be accountable human contributors.

Enhancing Al-awareness in the review process: Editors and reviewers should receive
training and develop expertise to better recognize and critically assess Al-generated
content during manuscript review. Editorial workflows should integrate verifica-
tion procedures proportionate to documented risks of reference hallucination and
citation inflation.

Providers of bibliographic databases

10.

11.

12.

Detecting citation anomalies: Providers of bibliographic databases and indexing
platforms should (further) develop and refine automated systems to identify manip-
ulated citation patterns, counterfeit references, and papers potentially produced by
paper mills or Al-assisted pipelines. Algorithms should monitor abnormal citation
clustering and sequential indexing effects similar to those demonstrated in Section 4.
Flagging questionable content: Upon detecting manipulative practices or Al-
generated content, platforms should clearly flag affected records, which is particularly
pertinent for platforms without rigorous editorial oversight (e.g., Google Scholar or
certain preprint servers). Explicit markers or warnings on suspicious articles should
alert users about potential reliability issues.

Ensuring transparency in indexing: Bibliographic databases should adopt enhanced
transparency measures, introducing clear labeling or markers indicating Al-generated
content or records with irregular citation patterns. Providing explicit metadata regard-
ing indexing processes strengthens the transparency and integrity of citation data and
supports user trust in bibliometric evaluations.

https://doi.org/10.3390/publications14020023


https://doi.org/10.3390/publications14020023

Publications 2026, 14, 23

18 of 22

Funding institutions and policymakers

13. Rewarding long-term impact over short-term metrics: Funding institutions and re-
search policymakers should revise evaluation criteria to reward genuine innovation,
long-term impact, collaboration, and societal value, rather than emphasizing high
bibliometric scores; greater emphasis should be placed on sustained contributions of
research projects, rather than on immediate citation counts or journal impact factors.

14. Establishing policies against metric gaming: Explicit guidelines should discourage
strategic manipulation of citation metrics in grant applications and evaluations. Fund-
ing institutions should revise assessment frameworks to prioritize qualitative indica-
tors of research excellence (including originality, rigor, and societal significance) over
publication quantity or citation volume, to signal that attempts to “game the system”
will not confer funding advantages.

15.  Encouraging Al transparency and ethical standards in proposals: Funding institu-
tions should mandate transparent disclosure concerning the use of generative Al
tools throughout the research lifecycle, including proposal preparation, peer-review
processes, and research execution. Applicants should be required to openly report Al
involvement in preparing proposals or analyzing data and to explain how such use
complies with ethical standards and rigorous research methodologies. In addition,
funding institutions should establish mechanisms for monitoring unethical practices
in evaluation-relevant submissions.

6. Summary and Conclusions

Generative artificial intelligence, particularly large-language-model-based chat bots,
substantially increases the vulnerability of citation metrics to manipulation in academic
evaluation. While citation-based indicators, such as the h-index, i10-index and total cita-
tion counts, have historically been susceptible to manipulation through self-citation and
strategic behaviors, generative Al introduces qualitatively new vulnerabilities due to its
unprecedented scale and automation capabilities. This study, with emphasis on the situ-
ation in the civil engineering domain, has systematically reviewed existing research on
metric manipulation and has further validated critical concerns through a proof-of-concept
case study. The empirical results indicate that, under the platform-specific conditions,
indexing of LLM-assisted, strategically cited documents on Google Scholar is associated
with increases in author-level citation metrics. It must be noted that the findings should
be interpreted as a proof-of-concept demonstration within a bounded setup rather than as
evidence of broader causal effects across platforms or evaluation systems.

The main implications drawn from this study are summarized as follows: Citation
metrics are increasingly vulnerable to manipulative practices, significantly amplified by
the proliferation of generative artificial intelligence, thus compromising the integrity of
research evaluations. A critical vulnerability identified in this study is the possibility for
researchers to manipulate their own citation metrics directly, which becomes particularly
critical when evaluation committees rely on non-curated bibliographic databases (such as
Google Scholar) that index all content without or with limited quality control. Researchers
may artificially inflate their citation counts, potentially influencing critical decisions and
even salary levels if remuneration is tied to performance metrics. Moreover, citation metrics
can also be manipulated externally, i.e., by third parties, through uploading fabricated
papers that massively reference a specific “target researcher”, allowing third parties to
distort the metrics of other researchers without their knowledge, potentially leading to
unjust accusations of misconduct. Alarmingly, bibliographic databases might fail to detect
manipulation patterns, as continuous uploads of fabricated papers do not cause suspicious
spikes in the citation trajectory, rendering such manipulations difficult to detect. For ethical
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reasons, this study deliberately refrains from providing procedural guidance that could
facilitate replication or scaling of citation-metric manipulation.

The aforementioned findings are particularly pertinent to the civil engineering domain,
where industry engagement periods can lead to reduced publication outputs, disadvantag-
ing experienced researchers under current metric-driven evaluations. Moreover, the strong
weighting of multi-authorship metrics and collaborative outputs in civil engineering may
unintentionally disadvantage individuals and smaller research groups, particularly those
working in practically significant but less citation-intensive areas.

Based on the results of this study, a set of recommendations has been presented to
guide researchers, academic institutions and committees, publishers and editors, biblio-
graphic database providers as well as funding institutions and policymakers. To safeguard
research integrity and to prevent citation manipulation, the recommendations emphasize
the implementation of rigorous quality assurance measures without reliance on non-curated
bibliographic databases (such as Google Scholar), increased transparency regarding the use
of generative Al, diversification of evaluation procedures beyond citation-based metrics,
and the establishment of clear ethical guidelines for all groups involved.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/publications14020023/s1, Figure S1: PRISMA-style flow diagram
of the modified review procedure, including separate selection processes for each research question
and the contribution of snowballing; Table S1: Final search strings applied for each research question.
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