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Abstract

The rise of Large Language Models has shifted the Information Disorder landscape toward automated threats.
This study investigates the linguistic construction of synthetic news by comparing GPT-5, Gemini 2.5, and Grok
4 across English, Spanish, and Bulgarian. Using multilingual human-authored verified news and disinformation
as seeds, we analyze how prompt informativeness and model architecture influence deceptive content production.
Our methodology employs five metrics: semantic similarity, factual consistency, readability, lexical richness, and
persuasion technique frequency. Our analysis reveals that while prompt scarcity leads to informational loss, LLMs
maintain a homogenized stylistic template regardless of input length. Unlike human authors, who intensify rhetorical
and emotional markers to drive deceptive intent, LLMs adhere to a neutral register. This study identifies distinct
statistical patterns in generated content characterized by hyper-standardized readability and high lexical density
(p < 0.001). These features serve as robust “LLM signatures”, enabling a classification accuracy of 96% across
English, Spanish, and Bulgarian. These findings suggest that generated disinformation relies on invariant syntactic
structures rather than nuanced human rhetoric, providing a framework for detection tools centered on structural
patterns rather than content veracity.

Keywords: Information Disorder, Natural Language Generation, Large Language Models, Summarization,
Cybersecurity

1. Introduction Our study contributes to this area by focusing on
the security implications of LLM-Generated texts.
The disclosure of Large Language Models (LLMs)  Unlike previous work that primarily focused on
has fundamentally shifted the landscape of informa- ~ LLMs safety filters or high-level detection (Akiri
tion integrity, presenting both unprecedented oppor- et al., 2025), we delve into the linguistic construc-
tunities and significant risks. While LLMs excel at ~ tion of the generated output. We use prompts
tasks like summarization and content creation, their ~ based on summarization to generate content de-
sophisticated Natural Language Generation (NLG)  rived from two core sources: Human-Authored Ver-
capabilities have been readily exploited to produce ified News (H-V) and Human-Authored Disinforma-
highly convincing, large-scale disinformation (Park  tion (H-D). These serve as seed texts to generate
and Nan, 2025). This development exacerbates  our core corpus: LLM-Generated from Verified Con-
the crisis of Information Disorder (Wardle and Der-  tent (G-V) and LLM-Generated from Disinformation
akhshan, 2017) by moving the focus from manually ~ (G-D). By analyzing this generated content, our re-
crafted falsehoods to automated, systemic threats ~ search bypasses the need to analyze the human
(Vykopal et al., 2023). Consequently, the rapid  source texts, allowing us to directly assess the role
generation of unreliable information through these ~ of NLG in the automated disinformation pipeline.
models poses a critical new challenge to cyberse-  This approach leads to the formulation of three core
curity and information ecosystems worldwide. research questions:

Traditional disinformation campaigns relied on
human effort, making them slow and costly. LLMs
erase these limitations, enabling the rapid construc-
tion of coherent, contextually relevant, and poten-
tially multilingual disinformation. The risk is magni-
fied because LLM-Generated content often exhibits
high linguistic quality, making it difficult for both hu-

+ RQ1 (Textual Fidelity and Information
Scarcity): How does the quantity of source
information, specifically under conditions of in-
formation scarcity, influence the preservation
of content and overall textual fidelity in LLM-
generated news?

man users and automated tools to distinguish from + RQ2 (Disinformation Compliance and the

genuine journalism (Su et al., 2023). Consequently, Rhetorical Gap): When prompted to gener-

understanding the specific linguistic signature of ate content based on deceptive information,

LLM-Generated disinformation is essential to de- to what extent do LLMs demonstrate disinfor-

veloping effective detection mechanisms. mation compliance, and do the resulting texts
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exhibit a measurable rhetorical gap compared
to human-authored persuasion?

RQ3 (Feature Importance and the Linguis-
tic Signature of Al): Which specific linguistic
features (ranging from readability to persua-
sion techniques) constitute the distinct linguis-
tic signature of Al, allowing for the effective dif-
ferentiation of machine-generated news from
human counterparts?

The paper is organized as follows: In Section 2,
we review previous studies covering the delimita-
tion of disinformation (2.1), NLG and summariza-
tion principles (2.2), and cybersecurity evaluation
in LLMs (2.3). Section 3 details our methodolog-
ical framework, beginning with the motivation for
our dataset selection (3.1) and models selection
(3.2), followed by the design of our prompts (3.3),
which includes both the summarization pipeline
(3.3.1) and the news generation pipeline (3.3.2).
We then introduce our multi-level analysis frame-
work in Section 3.4. Finally, we present the results
and discussion in Section 4, concluding the study
with Section 5.

2. Related Work

The following review establishes the study’s frame-
work by examining three interconnected domains:
the role of disinformation within the Information Dis-
order taxonomy, the use of NLG and summarization
as methodological engines, and the cybersecurity
implications of LLM-driven deceptive threats.

2.1. Disinformation within Information

Disorder

The information landscape is undergoing a rapid
transformation, accelerated by the integration of
LLMs into daily life (Lazer et al., 2018; Esteban-
Bravo et al., 2024). LLMs possess a pervasive
ability to generate convincing yet false information
which, combined with the difficulty humans have
in discerning Al-generated text, poses a significant
threat (Zhou et al., 2024). Recent studies, such as
(Zhou et al., 2023), highlight that Al-generated mis-
information is increasingly indistinguishable from
human content, often simulating personal tones
and uncertainty to bypass traditional skepticism.
This escalating issue, combined with the vulnerabil-
ity of digitally illiterate individuals, drives an urgent
need for advanced detection research (Gravanis
et al., 2019).

2.2. Natural Language Generation and
Summarization

NLG has been revolutionized by the Transformer
architecture and the rise of LLMs (Erdem et al.,
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2022; Miré Maestre et al., 2025). Advanced capa-
bilities in Controllable Text Generation (CTG) allow
models to satisfy specific user-defined constraints
while maintaining high quality (Zhang et al., 2023).
This is particularly relevant for analyzing system-
atic nuances in media language, where linguistic
indicators (such as grammatical patterns and lexi-
cal variety) serve as primary features for identify-
ing deceptive texts (Mahyoob and Algarady, 2020).
In this study, we leverage summarization-based
prompting techniques to generate synthetic news,
ensuring semantic coherence while exploring the
models’ ability to emulate the rhetorical structures
of both verified information and disinformation.

2.3. Cybersecurity Threats and Detection

The generative scale of LLMs has transformed dis-
information into an automated, low-cost cybersecu-
rity threat (Li and Fung, 2025; Park and Nan, 2025).
A major concern in this domain is the emergence
of “style-based attacks”, where LLMs are used to
reframe disinformation into an objective, trustwor-
thy style, significantly degrading the performance
of existing detectors (Wu et al., 2024). Detection
remains a challenge because LLM-generated con-
tent often mimics legitimate news more effectively
than human-written disinformation (Chen and Shu,
2023). However, as noted in recent surveys (Wu
et al., 2025), synthetic text often exhibits unique
statistical footprints, such as lower emotional vari-
ance and highly deterministic syntactic structures,
compared to the high rhetorical intensity of human
deception. These findings suggest that focusing
on structural patterns, rather than just content ve-
racity, offers a more robust path for future detection
mechanisms.

3. Methodology

This section describes the systematic framework
established to evaluate the role of LLMs in the gen-
eration of synthetic news and disinformation. The
experimental workflow, illustrated in Figure 1, in-
tegrates text summarization as a preprocessing
stage to facilitate the generation task.

To isolate the impact of LLMs on automated dis-
information, we analyze four distinct text groups
categorized by authorship and veracity:

* Human-Authored Verified News (H-V) and
Human-Authored Disinformation (H-D):
Used as the initial “seeds”.

* LLM-Generated from Verified News (G-V)
and LLM-Generated from Disinformation (G-
D): The resulting synthetic outputs.

The summarization step serves purely as a pre-
processing tool, condensing the source texts (H-V
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Figure 1: Schematic representation of the experi-
mental workflow, illustrating the integration of text
summarization as a preprocessing stage to facili-
tate the generation of synthetic news and disinfor-
mation.

and H-D) into essential information for the subse-
quent generation task. This setup allows for a direct
linguistic comparison between reliable and unre-
liable inputs when processed by neural architec-
tures.

3.1. Dataset Creation

We construct a multilingual dataset based on the
resource introduced in (Pérez-Montero et al., 2025),
covering three languages: Spanish, Bulgarian and
English.

» Source Material: The corpus includes 160
balanced human-written articles per language
(80 genuine news, 80 disinformation), totaling
480 base texts.

Synthetic Extension: We generated syn-
thetic counterparts for every article using three
LLMs under three prompt configurations. This
resulted in a total of 4,320 generated texts
(480 texts x 3 models x 3 prompts).

Validation and Annotation: All generated
texts underwent manual review to ensure they
meet the requirements of the experiment. Both
human and synthetic texts were annotated
with stylistic features, readability scores, and
persuasion techniques to support machine-
generated text detection research. This pro-
cesses are explained in detail in Sections 3.2
and 3.3.
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3.2. Model Selection

As this study involves two distinct tasks requiring
different capabilities, we selected models based on
their specific strengths and safety architectures.

3.2.1. Summarization Pipeline

For the preprocessing stage, we employ GPT-5
(gpt—-5-mini-2025-08-07). This model acts as
a data processing tool to extract essential informa-
tion for the generation pipeline. As the study does
not aim to evaluate summary quality, this model
was chosen for its efficiency in handling instruction-
following tasks (Adams et al., 2023).

3.2.2. Generation Models

To examine how different architectures affect syn-
thetic content, we selected three state-of-the-art
LLMs via their official APls:

* GPT-5 (gpt-5-mini-2025-08-07): Known
for versatile performance. While early ver-
sions faced limitations regarding “hallucina-
tions” (Achiam et al., 2023), later iterations
have implemented stricter firewalls to mitigate
harmful content generation (Leon, 2025).

Gemini 2.5 (gemini-2.5-flash): Opti-
mized for professional-grade output. Google
employs a layered security strategy, includ-
ing Automated Red Teaming (ART), to detect
and mitigate vulnerabilities (Google DeepMind
Team, 2025).

Grok 4 (grok—-4-fast-non-reasoning):
Marketed as a “maximally truth-seeking” and
minimally censored Al (xAl Team, 2024). Its
documented low refusal rate (Leite et al., 2025)
makes it a critical subject for comparative dis-
information analysis.

These models were chosen to represent diverse
industry approaches to news generation and for
their widespread accessibility through API inter-
faces. While we acknowledge that the proprietary
nature of these closed-source models poses in-
herent challenges to long-term reproducibility, they
represent the most prevalent tools currently used
in the automated content landscape. To ensure
results representative of standard user interactions,
all models were accessed via their default API con-
figurations without hyperparameter tuning during
the generation phase.

3.3. Prompt Design: Summarization and
Generation of News

Prompt design is fundamental to our two-step
pipeline: (1) data summarization and (2) news arti-
cle generation. Following Chen and Shu (2023), we



implement controlled generation by providing initial
summaries to guide the output, utilizing established
principles of few-shot learning and constrained text
generation (Liu et al., 2023). To optimize perfor-
mance across our multilingual corpus, all prompts
are formulated in English. This strategy leverages
the models’ primary reasoning capabilities (Vadlap-
ati, 2023) and adheres to established cross-lingual
paradigms, such as “translate-then-summarize”, to
ensure consistency in Spanish and Bulgarian out-
puts (Zhang et al., 2024).

3.3.1. Summarization Pipeline

To produce structured summaries, we employ a
prompt strategy targeting two objectives. First,
models extract the most important information
using the 5W1H framework (Who, What, When,
Where, Why, How) (Kipling, 1902)", ensuring in-
formational completeness. Second, the extracted
content is presented as clear bullet points, following
approaches such as the “retrieve-then-summarize”
pipeline (Zhang et al., 2024). The prompt explicitly
instructs the model:

Create an abstract summary in
{language} of the following news
article and extract the most im-—
portant information. Focus on
the information essential to un-
derstanding the news content,
using the 5W1H (What, Why, When,
Where, Who, How) technique.

News Article:

{article_text}

This method blends extractive and abstractive
summarization: the model identifies fundamental
facts from the source (extractive) and condenses
them into concise, independent bullet points (ab-
stractive). By removing linguistic elements often as-
sociated with disinformation (Pérez-Montero et al.,
2025), this strategy generates summaries con-
taining only crucial facts, allowing us to evaluate
whether LLMs, when provided solely with core in-
formation, introduce bias or fabricated content in
subsequent news generation.

3.3.2. News Generation Pipeline

In the generation step, we provide LLMs with two
distinct inputs (news titles and summaries) to as-
sess how information granularity affects content
generation. Three prompt types were designed,

1AIthough rooted in classical rhetoric, the 5W1H
method was popularized by Rudyard Kipling’s 1902 poem
(Kipling, 1902), which established these six questions as
the professional journalistic standard for comprehensive
reporting.
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each conveying different instructions, but all be-
gin with a standardized set of guidelines. Impor-
tantly, these prompts use neutral instructions (e.g.,
"Generate a news article") without explicitly prompt-
ing for disinformation; the veracity of the output
depends solely on the source material provided.
This ensures consistent structure and format across
outputs, enabling a reliable comparison of model
performance. The foundational guidelines for all
prompt types are as follows:

You’'re an experienced Jjournalist.
Use the following title and/or
description to write a news ar-—
ticle in {language}. Answer in
structured JSON format (without
Markdown formatting) like so:

{ "generated_title": "The title
of the article",
"generated_news_article": "The
generated content of the arti-
cle." }.

{configuration}

Following this, each prompt design will include
a different type of configuration to guide the LLMs
in generating a news article at a particular level
of granularity. Although the desired outcome is
consistent (a single news article), the input options
vary significantly in the quantity of information they
contain. The different prompt types are as follows:

» Prompt 1 (P1): For this prompt type, we com-
bine the available information, introducing both
the titles and the summaries of the seed texts
into the model guidelines, so the prompt de-
sign is completed with:

Title: [title]

Description: [summary]

Prompt 2 (P2): This prompt type includes only
the titles of our seed texts within the guidelines,
so the rest of the prompt design consists of:

Title: [title]

Prompt 3 (P3): In this type of prompt we only
introduce on the guidelines the summarized
content of our texts, following Section 3.3.1.
The summaries themselves were created us-
ing a specific, structured prompt strategy to
ensure a comprehensive set. This prompt de-
sign is completed with:

Description: [summary]

3.4. Analysis Framework

To evaluate the output of LLMs across diverse lin-
guistic contexts, we use a multi-dimensional analy-
sis framework. Given that journalistic norms and



structural complexities vary significantly across dif-
ferent language families, a “one-size-fits-all” ap-
proach to text evaluation is insufficient. Conse-
quently, our methodology integrates standardized
cross-lingual metrics with specialized tools tailored
to the morphological and syntactic nuances of En-
glish, Spanish, and Bulgarian. This approach en-
sures that the assessment of readability, lexical
diversity, and factual fidelity remains sensitive to
the inherent properties of each language while al-
lowing for statistically valid cross-comparisons.

3.4.1. Readability

To quantify structural differences between human
and machine-generated news, we use language-
specific readability formulas for each target lan-
guage. For English and Spanish, we utilize the es-
tablished libraries in the textstat suite. English
texts are evaluated using the Flesch Reading Ease
score, while Spanish texts are analyzed using the
Fernandez-Huerta formula (Fernandez Huerta,
1959), which adapts the Flesch Reading Ease to
Spanish language.

For the Bulgarian subset, we implement a spe-
cialized linear regression formula introduced by
(Kazakov et al., 2025). However, as the authors of
the Bulgarian metric do not provide a standardized
interpretation scale (such as a school-grade level
or “ease of reading” category), our methodology
addresses this gap through Language-Stratified Z-
Score Normalization. By transforming raw scores
from the Flesch, Fernandez-Huerta, and Kazakov
formulas into a standardized distribution (where
u = 0and o = 1) within each language group, we
isolate the relative “complexity” of a text compared
to its linguistic peers. This allows us to determine
if LLMs consistently produce texts that are more
“standardized” or “readable” than human-authored
equivalents, regardless of the underlying language
or the specific formula used.

3.4.2. Lexical Complexity via MTLD

To evaluate the richness of the vocabulary used by
the models, we move beyond the standard Type-
Token Ratio (TTR), which is mathematically biased
by text length. Instead, the Measure of Textual Lex-
ical Diversity (MTLD) is implemented (McCarthy
and Jarvis, 2010). MTLD calculates the average
length of word sequences that maintain a specific
TTR threshold, offering a more stable reflection of
an author’s lexical range. This is crucial for RQ3, as
LLMs often suffer from “statistical collapse,” where
they favor high-probability tokens, leading to a more
repetitive and less diverse vocabulary than human
journalists (Ippolito et al., 2020), particularly in dis-
information contexts where the model may over-rely
on a limited set of persuasive adjectives.
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3.4.3. Cross-Lingual Semantic Mapping and
Fidelity

To address the preservation of content (RQ1), we
employ a Bi-Encoder Architecture based on the
Sentence-BERT (SBERT) framework. Using mul-
tilingual model like LaBSE, the text is projected
into a shared high-dimensional vector space where
semantic meaning is language-agnostic. Content
fidelity is quantified through Maximum Cosine Sim-
ilarity between the generated output and the pool
of human-authored ground-truth texts. This metric
serves as a proxy for “information decay”; as the
prompt moves from the detail-rich P1 (Title + Sum-
mary) to the sparse P2 (Title only), the similarity
score tracks how far the LLM drifts from the original
source material.

3.4.4. Rhetorical and Persuasion Profiling

To investigate the characteristics of generated dis-
information (RQ2), the analysis focuses on the den-
sity and variety of persuasion techniques. We em-
ployed a pretrained multilingual sequence label-
ing model that detects persuasion strategies at the
span level, accessible via the GATE Cloud plat-
form? (Razuvayevskaya et al., 2024). This tool is
based on the SemEval-2020 Task 11 taxonomy,
which identifies 18 distinct rhetorical techniques.
By using this framework, we examine how these
devices are distributed in both human-written and
generated articles, calculating a Persuasion Den-
sity metric to objectively compare rhetorical inten-
sity across authors.

Rather than a simple binary “real vs. fake” clas-
sification, we extract specific rhetorical markers
such as “Fear Appeals,” “Bandwagoning,” and “Ap-
peal to Authority”. This allows the research to pro-
file the “malicious compliance” of each model. By
correlating persuasion counts with the disinforma-
tion category, we can determine if LLMs gener-
ate deceptive news articles by simply mirroring
human-written propaganda styles or if they develop
a distinct, hyper-persuasive “Al dialect” that distin-
guishes them from human bad actors.

3.4.5. Factual Consistency through Named
Entity Overlap

Factual preservation is assessed via Multilingual
Named Entity Recognition (NER) Overlap using
the Stanza library® (Qi et al., 2020). By compar-
ing discrete entities (e.g., persons, locations) be-
tween source summaries and generated news, we
establish a quantitative baseline of model fidelity.
While NER overlap is a proxy that may overlook

?https://cloud.gate.ac.uk/shopfront/
displayItem/persuasion-classifier—-spans
3https ://github.com/stanfordnlp/stanza
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Metric H-statistic  p-value Effect Size (%)
MTLD 18.485 0.0001 *** 0.0041 (Small)
Lexical Density 183.317 0.0000 ***  0.0468 (Small)
Readability 0.223 0.8943 (ns) 0.0000

Table 1:
models and languages.

semantic nuances, it serves our primary objective
in RQ1: measuring the models’ capacity to pre-
serve the factual anchors provided in the prompt.
This quantitative mapping is distinct from the stylis-
tic and rhetorical analysis of deceptive intent ex-
plored in RQ2. The Entity Consistency Ratio (the
intersection of LLM entities and Human entities di-
vided by total LLM entities) provides a concrete
measure of whether the models are adhering to
the provided facts or introducing “hallucinations”.
Utilizing Stanza ensures that the NER pipelines
are optimized for the specific Cyrillic characters
of Bulgarian and the accented nuances of Span-
ish, maintaining high precision across the entire
dataset.

3.4.6. Statistical Framework

To synthesize these findings, we employ a com-
prehensive statistical framework. We first assess
the data distribution using Shapiro-Wilk tests for
normality and Levene’s tests for homogeneity of
variance. To evaluate the impact of prompt detail
(RQ1), we utilize Spearman (p) and Pearson (r) cor-
relations alongside a Factorial ANOVA to determine
the interaction between model, prompt type, and ve-
racity. This is supplemented by Kruskal-Wallis tests
and post-hoc Dunn’s tests with Bonferroni and FDR
corrections to isolate specific group differences.
To address the rhetorical gap (RQ2), we utilize
Mann-Whitney U tests to compare human-authored
and machine-generated content, quantifying dif-
ferences through Cohen’s d and rank-biserial r
effect sizes. Finally, we evaluate the predictive
power of these features (RQ3) using a supervised
classifier, assessing feature importance through
bootstrap confidence intervals and 5-fold cross-
validation. The consistency of these linguistic sig-
natures across languages is evaluated using Spear-
man rank correlation, while overall model signifi-
cance is verified via a Binomial test against chance.

4. Results and Discussion

This section presents our empirical findings across
three core research questions. We utilize a combi-
nation of non-parametric testing, factorial ANOVA,
and supervised machine learning to evaluate the
nature of LLM-generated disinformation across En-
glish, Spanish, and Bulgarian.
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Kruskal-Wallis Test results for the effect of Prompt Type on textual fidelity metrics across all

4.1. RQ1: Textual Fidelity and

Information Scarcity

We evaluated whether the amount of information
provided in a prompt (P1, P2, P3) significantly alters
the structural complexity of the output.

4.1.1. Correlation and Distribution Analysis

Statistical tests revealed that readability scores re-
mained remarkably stable across prompt types.
Spearman (p) and Pearson (r) coefficients con-
firmed negligible associations between prompt de-
tail and MTLD, lexical density, or readability (p >
0.05). However, as detailed in Table 1, the Kruskal-
Wallis test indicated significant, although small, dif-
ferences in MTLD and Lexical Density depending
on the prompt type.

4.1.2. Factorial Analysis

A Type Ill Factorial ANOVA assessed interactions
between model, prompt type, and veracity. While
the main effects for model (p < 0.01) and verac-
ity (p < 0.001) were significant, the interaction be-
tween model and prompt was not (p = 0.317). This
suggests that while models differ in their baseline
complexity, they react to prompt detail in a uniform,
limited manner.

4.2. RQ2: Disinformation Compliance
and Rhetorical Gap

4.2.1. Compliance Rates

Across the experimental setup, the tested models
showed near-universal compliance with disinforma-
tion generation tasks. GPT and Grok achieved a
100% compliance rate across all languages and
prompt types, offering no resistance to the creation
of deceptive content.

Gemini demonstrated a minor exception in the
Bulgarian subset, initially declining three prompts
of type P2 (Title Only) due to safety triggers asso-
ciated with specific words. However, after several
iterations, the model successfully bypassed these
internal filters and generated the requested con-
tent. Consequently, while the initial refusal rate was
non-zero for Gemini in Bulgarian, the final compli-
ance rate across the entire study reached 100%



Metric Human; LLMy Cohen’'sd Rank-Biserial r

Lexical Density 0.391 0.455 -1.388 0.651

MTLD 60.077 81.953 -0.977 0.547
Persuasion Count 8.846 7.029 0.776 -0.345
Burstiness 219.060 116.017 0.933 -0.274

Table 2: Top linguistic metrics defining the significant rhetorical gap between human-authored and
LLM-generated disinformation.
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Figure 2: Comparative distribution of persuasion
density, illustrating the significant reduction in per-
suasive intensity in machine-generated disinforma-
tion compared to human-authored content.

4.2.2. The Human-LLM Rhetorical Gap

A Mann-Whitney U test identified a profound rhetor-
ical gap. As shown in Table 2, LLM-generated fake ‘
news is characterized by higher lexical density and
MTLD, but significantly lower "burstiness" and per-
suasion density compared to human-written sam-  Figure 4: Global feature importance ranking with
ples. These differences are visualized in Figure  95% bootstrap confidence intervals, identifying lex-
2, which highlights the distinct distributional shift  ical density and sentence length as primary predic-
between the two groups. tors of LLM authorship.

The persistence of these gaps across languages
is further evidenced by the effect size distributions
in Figure 3). rankings showed high stability across 5-fold cross-

validation, although per-language analysis (Figure

4.3. RQ3: Linguistic Signatures of LLMs 5) indicates that "Readability" is the dominant fea-
ture specifically for English and Spanish.

Finally, we assessed the performance of a classifier
in distinguishing human from LLM-generated text. 4.3.2. Classification Performance

The model achieved a mean CV accuracy of
95.23%. Table 3 reveal high precision for LLM text
Global feature importance analysis (Figure 4) iden-  (0.96). However, the model struggles more with
tified lexical density and mean sentence length as  human-authored samples, yielding a lower recall
the primary predictors of LLM authorship. These  of 0.60.

4.3.1. Feature Importance and Stability
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Class Precision Recall F1-Score Support
LLM 0.96 0.99 0.98 864
Human 0.92 0.60 0.73 96
Overall Acc. 0.96 960

Table 3: Classification report for the test set across all languages, demonstrating high precision for

LLM-generated content identification.

Feature Importance by Language

readability 0.162 0.352 0.282

mtid 0.196

0.099

0.165 0.108

mean_sentence_length - 0.074 0.059

eee I_density - 0.068

subordination_ratio - 0.076 0.033 0.133

mean_dependency_distance - 0.070 0.035 0.113

0.068 0.066 0.103

0.000 0.000 0.000

0.099 0.026 0.038

0.048 0.073 0.096

Figure 5: Comparison of linguistic feature impor-
tance across English, Spanish, and Bulgarian, high-
lighting the dominance of readability in Western
languages.

5. Conclusions and Future Work

This study establishes a linguistic framework to
compare human-authored news with generated dis-
information across a multilingual corpus.

Regarding prompt informativeness (RQ1), our
analysis reveals that LLMs do not significantly
adapt their structural complexity to varying levels
of input. Instead, models adhere to a rigid internal
stylistic template. While structural complexity re-
mains static, a notable decay in factual consistency
occurred in the title-only configuration (P2). This
suggests that LLMs are most prone to hallucination
when provided with insufficient grounding data.

A significant rhetorical gap was identified regard-
ing persuasive strategies (RQ2). While human au-
thors intensify their style to drive deceptive intent
by using diverse and dense persuasion techniques,
LLMs maintain a homogenized, neutral tone. As
shown in Table 2, LLMs can emulate the structure
of a news article but fail to replicate the emotional
markers and burstiness inherent in human decep-
tion.

The comparative analysis (RQ3) highlights a dis-
tinct statistical profile for generated content. It is
syntactically dense, rhetorically neutral, and struc-
turally invariant. With a classification accuracy of
96% (Table 3), these features (specifically high lex-
ical density and standardized readability) serve as
LLM signatures across English, Spanish, and Bul-
garian.
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Critically, we observed a 100% compliance rate
across all models. Despite Gemini’s initial flagging
of several Bulgarian prompts, all were successfully
bypassed. The lack of refusal from GPT and Grok
suggests that current safety filters are easily evaded
by neutral prompting, even when the underlying
narratives involve known disinformation.

Future research should address four primary ar-
eas. First, we must study whether giving LLMs
more time to 'think’ before responding helps them
write with the same emotional and persuasive depth
as humans, which would hide the typical signs of
machine-generated text. Second, extending this
analysis to long-form and conversational disinfor-
mation will determine if structural density remains
a consistent marker as narrative length increases.
Third, expanding the framework to non-Western
languages like Arabic or Mandarin is necessary to
test the universality of these linguistic signatures.
Finally, integrating features like rhetorical neutrality
and structural density into real-time, explainable Al
tools can provide transparent indicators for content
verification.

6. Limitations

While this study provides significant insights into
synthetic disinformation markers, several con-
straints exist. First, the sample size of 160 texts
per language may limit generalizability to larger cor-
pora or niche domains; a broader human baseline
is required to capture the full spectrum of decep-
tive journalism. Second, focusing on proprietary
models like GPT, Gemini, and Grok prevents us
from determining if the identified "Al Dialect" is a
universal transformer trait or an artifact of com-
mercial fine-tuning. Finally, while our multilingual
approach covers diverse syntactic profiles, the re-
sults remain grounded in a specific cultural context.
These linguistic indicators of persuasion and fact-
preservation may vary in non-Indo-European or
high-context languages where rhetorical strategies
for deception are culturally distinct.
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