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Abstract

Objectives: The adoption of Large Language Models (LLMs) raises concerns about scientific writing integrity,

affecting clinical guidelines and patient safety. While studies track Al-generated text in English databases,
impacts on bilingual ecosystems remain underexplored. This study investigates the "Linguistic Equalizer"
hypothesis by analyzing lexical shifts in TR Dizin, determining if LLMs are primarily utilized for content
generation or linguistic refinement.

Material and Methods: We conducted a longitudinal bibliometric analysis of 591,819 abstracts (2010-2025),
divided into "General"” and "Medical" datasets. We monitored five LLM marker word groups in English and their
Turkish equivalents. We evaluated statistical significance via a large-sample pooled two-proportion test
(primary analysis, using risk ratios [RR] with 95% CI), a yearly-aggregate Mann-Whitney U test
(secondary/directional), and segmented regression analysis to identify post-2022 trend slopes.

Results: A divergence emerged. In the General Dataset, English markers exhibited a marked increase
("underscore" rose from 0.02% to 1.80% of abstracts; RR=78.73, 95% CI 64.49-96.10), while the Turkish
equivalent ("vurgula") showed a more modest, though substantial, increase (RR=2.54, 95% CI 2.47-2.61). In
the Medical Dataset, English "underscore" rose more sharply (RR=87.98, 95% CI 62.51-123.84), while Turkish
usage showed a moderate increase (RR=2.02, 95% CI 1.90-2.15).

Conclusion: The disproportionate rise in English Al markers alongside comparatively stable Turkish
vocabulary is consistent with the possibility that researchers utilize LLMs primarily as translation or editing
tools. These findings lend empirical support to GenAl's potential role as a 'Linguistic Equalizer,’ consistent with
strategic adaptation to global publishing pressures rather than content fabrication.
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Introduction

The public release of ChatGPT in November 2022 transformed scientific writing, offering
new drafting possibilities while raising ethical concerns.1? Large Language Models (LLMs)
also exhibit linguistic patterns, including overrepresented terms such as “delve” and

“underscore.”3-5

This shift impacts non-native English-speaking (NNES) researchers. Al text detectors exhibit
false-positive biases against NNES authors.® LLMs may function as “linguistic equalizers” for

NNES researchers seeking to meet international publication standards.’-10

However, Al integration is not without risk: unverified Al-generated content—such as
hallucinated data or inaccurate clinical narratives—could compromise the reliability of
studies that inform clinical guidelines, warranting editorial scrutiny. Concerns over
homogenized scientific voices, "tortured phrases," and peer review integrity have prompted
publishers to revise authorship guidelines.1112 Al-generated text has infiltrated sensitive
areas, including peer review reports!3 and residency personal statements,# blurring
authentic and synthetic authorship. While global studies have analyzed databases like
PubMed, Web of Science, and Dimensions,31516 there is a scarcity of longitudinal data
focusing on national citation indices in non-Western contexts, where the incentive to use Al

for translation and polishing is stronger.

This study addresses this gap through a bibliometric analysis of TR Dizin, Tiirkiye's national
citation index. Using over 590,000 abstracts from 2010 to 2025, we examined whether five
semantic marker groups reveal a structural lexical shift following LLM adoption, with

medical sciences as a case study.
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Materials and Methods

This study is a bibliometric analysis based on publicly available bibliographic data retrieved
from the TR Dizin database (https://trdizin.gov.tr/) on August 6, 2026. As the research did
not involve human participants, animal subjects, or the use of private or confidential patient

data, ethics committee approval was not required.

Records were retrieved using field-restricted Boolean queries applied to abstracts. Each of
the five marker groups (Table 1) was searched separately in English and Turkish within the
General and Medical datasets. The Medical subset was defined using the “Subject: Medicine”
filter. As the Medical Dataset is a subset of the General Dataset, between-dataset
comparisons are descriptive, not statistically independent. Exact TR Dizin search queries are

reported in Supplementary Table S1.

The study defined two distinct datasets for analysis: a 'General Dataset' encompassing all
academic disciplines (591,819 abstracts, 2010-2025) and a domain-specific 'Medical
Dataset' restricted to health sciences (197,232 abstracts, 2010-2025). Because 2026
indexing was incomplete at data retrieval, 2026 data are presented descriptively but

excluded from primary statistical comparisons.

Five LLM-associated marker groups were examined using English terms and Turkish
equivalents. For each English marker, four commercial LLMs were independently prompted
to provide the most natural Turkish academic-register equivalent. Terms supported by at
least three models formed the primary narrow/consensus set; when agreement was low
(£2/4), the authors selected the most contextually appropriate term from the LLM-
generated pool. A broad sensitivity set comprising the union of all unique terms proposed
by the four models was also constructed to assess whether findings depended on specific
term selection. The five terms with the largest effects were subsequently re-tested in
separate context-free sessions, with all models converging on the same Turkish roots/stems

(Supplementary Table S2).
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Table 1. Classification of LLM Marker Words, Search Queries, and Literature Basis

Marker Group

English terms

Turkish -
Narrow/Consens
us (primary)

Turkish - Broad/All-LLM
(sensitivity)

Rationale and Literature
Findings

The verb “delve” is

Derinlemesine,
Group 1: Deep  Delve, Delves, . : i L " identified as the single
. ) . Derinlemesine Derinlemesine incele*, )
Investigation Delving, Deep dive Mercek tut* strongest signal of LLM
usage post-2023.34
LLMs persistently prefer
G p Underscore, wund p . yP
roup 2: underscore” over
P ) Underscoring, Vurgula* Vurgula*, Altini ¢iz* . .
Emphasis standard alternatives like
Underscores e Lt 1
highlight”.34
Kritik, Hayati, Kilit, Kilit Generative models tend to
Crucial, Pivotal, Kritik, Kilit, v ) -
Group 3: . rol, Zorunlu, Elzem, inflate the significance of
Imperative, Zorunluy, . . . . . ..
Exaggerated . ) Vazgecilmez, En 6nemli, studies using adjectives
Indispensable, Vazgecilmez, En K e . . p o
Importance . i Son derece 6nemli, Biiyiik  like “pivotal” and “crucial”.
Paramount 6nemli .
Onem taslyan 39
Intricate, Adjectives such as
. . Karmagik, Titiz, Kapsamli, . ) ) ”
Group 4: Meticulous, Karmasik, Titiz, - intricate” and
. . Cok yonlii, Cok boyutly, . N
Complexity & Comprehensive, Kapsamly, Cok ; o meticulous” are favored
. s e Incelikli, Niiansli, Ayrintils, .
Scope Multifaceted, yonli, Incelikli . by LLMs to describe
Ince ayrintili .
Nuanced methodologies. 349

Ortaya ¢ikar*, Aciga cikar*,

Unleash, Unlock, Ortaya ¢ikar*, )
) . . Aydinlat*, Potansiyel*, B o .
Potential, Paradigm Potansiyel, . o . , Potential” exhibits one of
. , Paradigma degisimi, Yeni
Group 5: Future  shift, Paradigma o N the largest frequency gaps
. . Lo bir dénem, Cigir agan,
Potential Groundbreaking, degisimi, Cigir . A between human and Al
. . . .. . Cigiracicy, Donustiricd,
Transformative, acan, Dontstiirictu, text. 36

Pave the way.

Yol a¢*

Yol ac*, Zemin hazirla*,
Oniinii ag*

Note: The asterisk (*) denotes a wildcard capturing morphological variants (e.g., "vurgula*" captures

"vurgulamaktadir,” "vurgular"). The Narrow/Consensus column lists terms on which a majority (=23/4) of four
independently queried LLMs agreed and constitutes the primary Turkish query set; derived from majority LLM
agreement (=3/4) or manual author selection from the generated pool in cases of low agreement (<2/4). The
Broad/All-LLM column lists the full union of terms suggested by any of the four models and constitutes the

sensitivity-analysis query set. Reported statistics in Results reflect the full OR-aggregated group for each set.
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Each query returned the number of unique abstracts containing at least one queried term;
duplicate matches within a query were handled natively by TR Dizin. A stratified random
sample of 100 abstracts was manually reviewed, confirming substantive use of the target
terms in all cases (Supplementary Table S3). Abstracts could contribute to multiple marker

groups, with each group independently normalized against the same annual denominator.

TR Dizin conventionally indexes both a Turkish-language and an English-language abstract
for the majority of articles, irrespective of the article's primary language of publication — a
bilingual-abstract convention common to Turkish national journals. Consequently, this
study does not distinguish between English-medium and Turkish-medium articles; rather,
English-language queries were matched against the English abstract field and Turkish-
language queries against the Turkish abstract field of the same underlying corpus, with both
normalized against the same total-article denominator for each year (Section 2.1). As a
result, the English- and Turkish-language marker prevalence estimates are not drawn from
independent article samples but instead reflect two language-field views of an overlapping

set of articles.

Statistical Analysis

Data were processed and analyzed using Python (v3.10) with pandas for data manipulation
and SciPy for statistical testing. To account for the varying number of abstracts published
annually, raw word counts were normalized by the total number of abstracts in the

respective dataset (General or Medical) to calculate annual prevalence:

Prevalence % = (Word Count / Total Abstracts) x 100

The primary Post-LLM period was 2023-2025; 2026 was excluded because of incomplete
indexing and included only in sensitivity analyses. Annual prevalence values were compared
using a one-tailed Mann-Whitney U test, reported as a directional indicator because only

three post-LLM years were available. The primary statistical analysis was a pooled two-
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proportion z-test based on abstract-level counts, leveraging the full corpus. Risk ratios (RRs)
with 95% confidence intervals were the primary effect-size measures, and Holm-Bonferroni
correction was applied across 15 comparisons per dataset. Annual counts, prevalence
estimates, and 95% Wilson confidence intervals are reported in Supplementary Tables S4

and S5.

Linguistic shift was quantified using Fold Change, the ratio of mean prevalence in the Post-
LLM to Pre-LLM era, with significance set at p < 0.05. Given the right-skewed, non-normal
distribution of lexical prevalence across abstracts, the non-parametric Mann-Whitney U test
was used instead of parametric alternatives to avoid inflated Type I error rates. To assess
differences independent of sample size, effect sizes were calculated using the standard
formula r=Z/vVN. In addition, segmented regression analysis was conducted to identify and
isolate the structural break associated with the late-2022 release of ChatGPT, enabling a
comparison of pre-2022 and post-2022 trend slopes (annual percentage change) rather than
assuming a uniform linear trajectory. All results were visualized using Seaborn and

Matplotlib to illustrate longitudinal patterns.

95% confidence intervals for regression slopes are reported where at least three data points
were available per segment; post-2022 slope Cls could be estimated for the primary analysis
(n=3 post-LLM years, one residual degree of freedom), though estimates remain imprecise
given the small sample. As a sensitivity check, all analyses were repeated with 2026 included;
the pooled test was materially unaffected (e.g., Medical 'vurgula': RR=2.02 primary vs.
RR=2.10 with 2026 included), while the yearly-aggregate test was more sensitive to this
choice (e.g., Medical 'vurgula' significance shifted from p=0.095 to p=0.030), further
supporting the pooled test as the primary basis for our conclusions (Supplementary Table
S6a). Additionally, analyses were performed separately for English, narrow Turkish, and
broad Turkish term sets. The broad-to-narrow fold-change ratio was used to assess

sensitivity to Turkish term selection (Supplementary Table S6b).
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Results
General Dataset Trends and Statistical Significance

The General Dataset showed a marked post-ChatGPT shift, predominantly in English
abstracts. During the pre-LLM period (2010-2022), marker prevalence in both languages
was stable or increased only marginally, whereas English markers rose sharply after 2023
(Figure 1). Segmented regression confirmed this structural break, showing substantially
steeper post-2022 slopes for most English marker groups than their Turkish equivalents

(Table 2).

Impact of LLMs on Academic Vocabulary: General Dataset (2010-2026, 2026 provisional)

Group 1: Deep Investigation

Group 2: Emphasis

0.8%— A ., = A -12.0%
sl e 4.0%— % >
ChatGPT Release L .. —40.0% £ a
. . aNov.2022r° ;3 —10.0%
_ i i S P e o . . _
2 0.6% LA kg * | 30.0% % E3.0% g
g s g -8.0% ¢
8 3
$0.4%— % = §
\ | -200% 2.0% -6.0% &
4 \ e Z
Ly 5 ~—10.0% 1.0%— -4.0% "~
e ——a= —8-p-w-"-0 ) i -2.0%
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Figure 1. Longitudinal Trends of LLM Marker Groups in General Dataset Abstracts (2010-2026)

Longitudinal Trends of LLM Marker Groups in General Dataset Abstracts (2010-2026). Prevalence of five

marker groups (see Table 1 for constituent terms) in English (left axis, solid) and Turkish (right axis, dashed)

abstracts. The vertical dashed line indicates the public release of ChatGPT (November 2022). Open markers

and dashed connecting lines for 2026 indicate provisional data, excluded from statistical comparisons due to
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likely incomplete indexing (Section 2). (A) Group 1: Deep Investigation. (B) Group 2: Emphasis. (C) Group 3:

Exaggerated Importance. (D) Group 4: Complexity & Scope. (E) Group 5: Future Potential.

Table 2. Segmented Regression Analysis: Pre-2022 and Post-2022 Trend Slopes for LLM
Marker Words

Dataset Marker Group

Group Term
(Language)

Post-2022 Slope

Pre-2022 Slope (95% CI) (95% CI)

General Group 1: Deep Investigation

Delve (ENG)

0.00 (0.00 to 0.00)

0.03 (-2.96 t0 3.02)

Derinlemesine (TR)

0.06 (0.05 to 0.06)

0.57 (-0.65 to 1.80)

Group 2: Emphasis

Underscore (ENG)

0.00 (0.00 to 0.00)

1.59 (-0.05 to 3.22)

Vurgula (TR)

-0.02 (-0.04 t0 0.01)

3.10 (-3.79 to 10.00)

Group 3: Exaggerated
Importance

Crucial (ENG)

0.06 (0.05 to 0.07)

1.67 (-3.44 t0 6.79)

Kritik (TR)

0.09 (0.06 to 0.12)

1.25 (-5.31 to0 7.82)

Group 4: Complexity & Scope

Intricate (ENG)

0.09 (0.06 to 0.11)

2.24 (2.16 to 2.31)

Karmasik (TR)

0.10 (0.08 to 0.13)

1.95 (-0.92 to 4.82)

Group 5: Future Potential

Potential (ENG)

0.23 (0.20 to 0.26)

3.47 (3.03 to 3.91)

Potansiyel (TR)

0.26 (0.12 to 0.40)

3.30 (-13.65 to 20.24)

Medical

Group 1: Deep Investigation

Delve (ENG)

0.00 (0.00 to 0.00)

0.05 (-0.94 to 1.05)

Derinlemesine (TR)

0.02 (0.01 to 0.03)

0.14 (0.09 to 0.20)

Group 2: Emphasis

Underscore (ENG)

0.00 (0.00 to 0.00)

1.97 (-0.50 to 4.44)

Vurgula (TR)

-0.13 (-0.15 to -0.10)

2.37 (-3.52 to 8.26)

Group 3: Exaggerated
Importance

Crucial (ENG)

0.07 (0.05 to 0.09)

2.03 (-2.90 to 6.97)

Kritik (TR)

-0.03 (-0.08 to 0.02)

0.95 (-5.86 to 7.75)

Group 4: Complexity & Scope

Intricate (ENG)

0.08 (0.05 to 0.11)

1.76 (-0.40 to 3.91)

Karmasik (TR)

0.06 (0.03 to 0.08)

1.34 (-1.07 to 3.75)

Group 5: Future Potential

Potential (ENG)

0.29 (0.23 to 0.34)

4.45 (0.39 t0 8.52)

Potansiyel (TR)

-1.05 (-1.31 to -0.79)

1.95 (-10.06 to 13.97)

Note: Trend slopes represent the annual percentage change in marker prevalence. The structural break for

the segmented regression was set at the release of ChatGPT (late 2022). Post-2022 slopes are calculated

based on the primary analysis period (2023-2025), with 2026 excluded due to incomplete indexing. Turkish

(TR) terms reflect the narrow/consensus set identified by the majority of LLMs. CI = Confidence Interval.
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Group 2 (Emphasis) showed the largest increase: “underscore” rose from 0.02% to 1.80% of
English abstracts (RR=78.73, 95% CI 64.49-96.10, Holm-adjusted p<0.001), compared with
RR=2.54 (95% CI 2.47-2.61) for Turkish “vurgula.” “Similar English-Turkish disparities
occurred for Group 1 (Deep Investigation: “delve,” RR=18.68, 95% CI 15.45-22.58 vs.
“derinlemesine,” RR=2.56, 95% CI 2.43-2.70), Group 4 (Complexity & Scope: RR=3.88, 95%
CI 3.75-4.01 vs. RR=2.23, 95% CI 2.16-2.29), and Group 3 (Exaggerated Importance:
RR=3.06, 95% CI 2.96-3.15 vs. RR=1.27, 95% CI 1.25-1.30). Group 5 (Future Potential)
showed the smallest gap, likely because Turkish “potansiyel” had a high baseline prevalence
(>60%), limiting further increase (English RR=2.50, 95% CI 2.45-2.55; Turkish RR=1.13,
95% CI 1.12-1.14; Holm-adjusted p<0.001). Of the 15 Holm-Bonferroni-corrected
comparisons in the General Dataset, 14 remained significant; only the broad-set Group 5
(Future Potential) comparison did not. Annual counts, prevalence estimates, and 95%

Wilson confidence intervals are reported in Supplementary Table S4.

Translation-sensitivity analyses using the broad Turkish term set produced directionally
consistent results for all groups, although effect magnitudes differed for Groups 1 and 5.
Broad/narrow fold-change ratios were 0.76-1.01 for Groups 2-4, supporting robustness to
term-list breadth. For Group 1, the effect remained significant but was substantially
attenuated (narrow RR=2.56 vs. broad RR=1.18, ratio=0.41). For Group 5, the broad-set
result was not significant (RR=1.00, 95% CI 1.00-1.00, Holm-adjusted p=0.445), consistent

with the near-ceiling prevalence of “potansiyel.”

Medical Dataset Specifics

In the Medical Dataset, English markers showed similarly pronounced post-LLM increases,
led by “underscore” (RR=87.98,95% CI 62.51-123.84) and “delve” (RR=45.75, 95% CI
20.01-104.56); “crucial” (RR=3.73, 95% CI 3.52-3.95) and “intricate” (RR=3.89, 95% CI
3.65-4.15) also increased substantially. All five English comparisons remained significant
after Holm-Bonferroni correction (all p<0.001). Annual counts, prevalence estimates, and

95% Wilson confidence intervals are reported in Supplementary Table S5.
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Turkish medical markers were more heterogeneous. “Derinlemesine” showed the largest
increase (RR=3.15,95% CI 2.67-3.73, adjusted p<0.001), followed by “vurgula” (RR=2.02,
95% CI 1.90-2.15) and “karmasik” (RR=2.07, 95% CI 1.95-2.20); “kritik” increased
modestly (RR=1.13, 95% CI 1.08-1.19), whereas “potansiyel” declined slightly (RR=0.94,
95% CI 0.93-0.96). Of the ten Turkish comparisons (five narrow-set and five broad-set),
seven remained significant after Holm-Bonferroni correction — narrow-set

"derinlemesine," "vurgula," "kritik," and "karmasik," plus broad-set "vurgula" and
"karmasik" (all p<0.001). The remaining three did not reach significance: broad-set
"derinlemesine" and both the narrow- and broad-set "potansiyel” (each Holm-adjusted

p=1.000),

Sensitivity analyses were consistent for most Turkish medical markers (broad/narrow
ratio 0.77-1.01). However, “derinlemesine” was highly sensitive to term-list breadth
(narrow RR=3.15 vs. broad RR=0.96; ratio=0.24), indicating that this finding is not robust

and should be interpreted cautiously.

Discussion

These findings indicate a marked post-2022 lexical shift in Turkish academic abstracts.
Marker prevalence was broadly stable during 2010-2022 but increased from 2023 onward
in both datasets, consistent with global reports of growing LLM-associated vocabulary in

scientific writing.?

A marked discrepancy emerged between English and Turkish abstracts. While English
markers exhibited a marked increase post-2023—exemplified by a risk ratio of 78.73 for
'underscore' within the General Dataset—their Turkish equivalents showed a more
moderate increase (e.g., 'vurgula,’ RR=2.54). In the Medical Dataset, this gap widened
further, with 'delve’ showing a markedly larger relative increase in English (RR=45.75, 95%
CI 20.01-104.56) than in Turkish, where the corresponding rise was more modest and
sensitive to term-list choice (RR=3.15, but not robust to broader term sets; Supplementary

Table S6b). Our data are consistent with the possibility that the core scientific ideas and
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narratives are still being conceived and drafted in the authors' native language (Turkish),
preserving the organic lexical distribution. The footprint may emerge during translation or

polishing.34

The observed decline in some English markers after 2024 (Figures 1A and 2A) was more
pronounced in the General Dataset (Group 1 "delve," peaking near 0.8% of English abstracts
in 2024 before falling to approximately 0.43% in 2025 and 0.15% in 2026) than in the
Medical Dataset. Possible explanations include stylistic saturation or deliberate avoidance of
this well-publicized Al marker due to increased editorial scrutiny, though the present data
cannot distinguish between these. Only 2026 data (Figures 1-2) remain provisional and are

excluded from statistical comparisons.

The present design cannot distinguish whether elevated English marker prevalence reflects
LLM-assisted content generation, LLM-assisted translation or editing of author-drafted text,
or a combination of both; this distinction cannot be resolved through lexical frequency

analysis alone.

One notable exception to this robustness pattern was 'derinlemesine' (Group 1) in the
Medical dataset, where narrow- and broad-set results diverged sharply. This suggests that
the apparent increase in this specific term-context combination is partly an artifact of which
Turkish synonyms are included, rather than a robust lexical shift, and this particular result

should be interpreted with more caution than the other Group 1-4 findings.

While the trend is widespread, the qualitative nature of the shift differs between the two
datasets. The Medical Dataset showed a distinct preference for Group 4 (Complexity and

Scope) markers, with terms like "intricate," "meticulous,” and "comprehensive" nearly
doubling in prevalence. This can be attributed to the specific pressures of medical publishing,
where conveying methodological rigor is paramount. Medical researchers' writing patterns

are consistent with using LLMs to polish the language of their study protocols and scope.16
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Impact of LLMs on Academic Vocabulary: Medical Dataset (2010-2026, 2026 provisional)
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Figure 2. Longitudinal Trends of LLM Marker Groups in Medical Dataset Abstracts (2010-2026)

Longitudinal Trends of LLM Marker Groups in Medical Dataset Abstracts (2010-2026). Prevalence of five
marker groups in English abstracts (left axis, solid line, circle markers) and Turkish abstracts (right axis) under
two Turkish query sets: narrow/consensus (dashed line, square markers; primary analysis) and broad/all-LLM
(dotted line, triangle markers; sensitivity analysis). 2026 data are shown as provisional (open markers) and
excluded from statistical comparisons (Section 2.1). (A) Group 1: Deep Investigation. (B) Group 2: Emphasis.
(C)-(E) Groups 3-5. English markers show larger relative increases than Turkish equivalents across most
groups (Section 3.2); the narrow- and broad-set Turkish lines diverge notably in Panel A, reflecting the term-

list sensitivity noted for "derinlemesine"” in this dataset (Section 4.1, Supplementary Table S6b).

In contrast, the General Dataset showed sharper increases in connective and emphatic terms
(Group 1: Delve and Group 2: Underscore). This may suggest that medical researchers may

use Al to enhance technical description, whereas the broader academic community uses it to
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improve narrative flow and cohesion. This distinction highlights that Al adoption is
consistent with researchers deploying these tools to address domain-dependent writing

challenges.

The word group 'delve’ increased substantially in the post-LLM period (RR=18.68, General;
RR=45.75, Medical). Juzek and Ward identify "delve" as a prime example of lexical
overrepresentation driven by RLHF tuning, where models are incentivized to use
"sophisticated" but often vacuous transition words.# The ubiquity of such terms threatens to
homogenize scientific discourse. If a significant portion of the national literature converges
on the limited stylistic patterns of a single model family (e.g., GPT-3.5/4), we risk losing the

lexical diversity and unique authorial voices that characterize vibrant scientific debate.317

Our comparative data provide additional empirical support for the "Linguistic Equalizer"
hypothesis proposed by Lin et al.” The stability of Turkish vocabulary alongside the
substantial increase in English complexity markers is consistent with NNES researchers
strategically deploying GenAl to bridge the 'native speaker premium' gap. The nearly four-
fold relative increase in complex English adjectives (e.g., 'intricate," RR=3.88, 95% CI 3.75-
4.01) alters perceived sophistication. This represents a survival mechanism in a 'publish or
perish' ecosystem rather than inherent scientific misconduct.¢ However, lacking validated
Turkish excess vocabulary lists, the exact extent of native-language content generation

remains open.

The risk ratios observed in this study suggest a potential long-term structural shift in
academic production, but these markers do not imply scientific misconduct. Unlike the
“tortured phrases” described by Cabanac et al. in predatory journals,12 TR Dizin markers
represent standard, albeit overused, academic English. The concern is therefore not marker
presence itself, but insufficient transparency about Al use. As research integrity depends on
disclosure,8 Al-assisted drafting must balance efficiency with strict ethical oversight,1®
particularly given the risk of a “Bot Delusion,” in which researchers unknowingly propagate

Al-hallucinated concepts.20
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Blanket bans on Al are neither practical nor equitable. Because Al detectors have high false-
positive rates among NNES authors,® studies should not be judged solely on lexical markers.
Instead, journals and national indices such as TR Dizin should adopt COPE-aligned disclosure
standards that distinguish legitimate Al-assisted linguistic editing from Al-generated

content that may compromise research integrity.2311

In clinical research, human-led verification of data and rigorous back-translation following
Al-assisted translation are particularly important to preserve clinical fidelity and patient

safety.

These findings extend beyond bibliometric trends. LLMs can generate fabricated citations
and plausible but erroneous medical information, with risks increasing in specialized
medical contexts,2* while they are also being evaluated for direct clinical applications,
including geriatric deprescribing and polypharmacy management in Family Medicine.2> If
Al-hallucinated data or fabricated clinical narratives enter the peer-reviewed literature, they
may contaminate meta-analyses and evidence-based guidelines used by both clinicians and
future medical Al systems. Rigorous transparency in Al use is therefore not only an issue of

research integrity, but also a clinical safeguard against patient-safety risks.26

This study has several limitations. Lexical markers are probabilistic proxies rather than
definitive evidence of Al use. 2122 This may partly reflect lexical entrainment from
widespread Al exposure.> Although marker-based tracking offers a transparent alternative
to commercial Al detectors, which show high false-positive rates among NNES authors,® they
cannot distinguish Al-assisted translation or language polishing from generative content
creation. Reliance on Western LLM lexicons may also underestimate native-language Al use,
as validated Turkish “excess vocabulary” lists are unavailable. Our 100-abstract manual
review confirmed substantive term usage, but cannot exclude low background false-positive
rates across the full corpus; moreover, candidate Turkish terms lacked independent
professional linguistic validation. Furthermore, English and Turkish marker terms may
differ functionally: vurgula- is relatively neutral in Turkish academic prose, whereas
“underscore” is more marked and LLM-associated. Such rhetorical asymmetry may partly
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explain the differing increases between languages. However, results were robust in nine of
ten group/dataset combinations when analyses used the complete union of equivalents
suggested by four LLMs (Supplementary Table S1 and S6b). The use of a single national index
may introduce TR Dizin-specific translation inconsistencies and indexing delays, potentially
affecting 2024-2026 dataset saturation. In addition, the blurred boundary between
generative Al and advanced neural machine translation means that some observed fluency
gains may reflect translation rather than generative drafting. Finally, because Turkish
abstracts became optional in English-medium journals after September 2015, although
Turkish titles, keywords, and abstracts continued to be encouraged to facilitate access for
national researchers and enhance the visibility and impact of national publications,?”
changes in the Turkish-language denominator may partly contribute to the observed
English-Turkish divergence. Future studies should examine full texts, citation outcomes, and

other non-English academic ecosystems to further test the “equalizer” hypothesis.

In conclusion, this bibliometric analysis provides evidence consistent with Generative Al-
related lexical change in a bilingual national index. The sharper post-2022 increase in
English markers than in Turkish equivalents is consistent with LLMs functioning as
“Linguistic Equalizers,” particularly for translation and language polishing. However, lexical
markers cannot establish Al authorship or scientific misconduct. In medicine, responsible Al
use should therefore combine transparent disclosure with strict human verification of

clinical content to protect research integrity and patient safety.
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