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ABSTRACT

In the evolving landscape of cyber and cognitive warfare, language has emerged as a decisive
instrument for shaping perception and influencing digital audiences. Effective communication
on social media requires not only timely information delivery but also stylistic adaptability to
maximize message reach and resonance. This paper introduces a Large Language Model (LLM)-
based framework designed to optimize writing style transformation for strategic influence
operations in online environments. Our system converts original textual content across three
key styles - Humorous, Analytical, and Critical - spanning five thematic domains: Culture,
Sports, Entertainment, Technology, and Politics. Through controlled style modulation, this
method aims to enhance both information diffusion and positive engagement (‘“active
dissemination”) while preserving message intent and factual coherence. We propose a multi-
stage pipeline integrating stylistic control, semantic alignment, and evaluative feedback to select
the optimal style for each context. Empirical evaluations, including pairwise statistical tests and
diffusion analysis, demonstrate that style transformation significantly impacts audience
interaction patterns and sentiment trajectories. The results can serve as a foundational tool for
cyber influence strategists, enabling adaptive, ethically guided, and high-impact communication
in the dynamic information battlespace.

Keywords: Social media content generation; Large language models; Al for public affairs; Text style transformation;
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1. INTRODUCTION

Social media has evolved into a decisive arena for cognitive and cyber influence operations,
where narratives, tone, and stylistic framing shape public perception and behavioral responses [1].
In such dynamic information ecosystems, the effectiveness of a message is not determined solely
by its factual accuracy but also by how it is written - its tone, emotion, and rhetorical style [2].
Traditional content creation strategies, which rely on manual writing and expert editing, are often
too time-consuming and rigid to respond effectively to the tempo of online discourse or the
virality-driven logic of social platforms [3].

Recent advances in Large Language Models (LLMs), such as ChatGPT and GPT-4, have
enabled automated style-controlled text generation with near-human fluency [4]. These models
can emulate humor, critique, or analytical reasoning, opening new possibilities for adaptive
communication strategies across thematic domains. Yet, despite their generative capabilities,
LLMs are not inherently optimized for strategic diffusion - that is, maximizing message reach
(virality) and positive engagement (constructive sentiment and reactions) [5]. This limitation
underscores the need for empirical frameworks that evaluate how writing style affects the spread
and reception of content in cyberspace.

To address this gap, this study proposes an LLM-based writing style transformation framework
designed to evaluate and optimize social media communication strategies. We employ ChatGPT
to convert original texts into three distinct styles - Humorous, Analytical, and Critical - across five
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thematic domains: Culture, Sports, Entertainment, Technology, and Politics. The generated posts
are then published simultaneously within the same Facebook group and timeframe to ensure
controlled environmental conditions for testing. This setup enables the collection of real
engagement metrics (upvote and downvote reaction), providing a realistic assessment of audience
behavior and diffusion potential under identical exposure contexts.

The resulting data are analyzed using statistical and non-parametric tests (Wilcoxon signed-
rank test, Mann-Whitney U test) to evaluate the effectiveness of each writing style according to
two communication objectives: (1) Diffusion - maximizing visibility and votes; (2) Positive
Diffusion - maximizing the ratio of favorable reactions (e.g., upvote reaction).

Through this experiment-driven approach, we aim to identify which writing style best amplifies
influence within each thematic domain and how stylistic transformation impacts audience engagement
patterns. Our findings contribute to the emerging field of computational strategic communication,
offering an empirical foundation for using LLMs in influence-aware, ethically guided, and adaptive
content generation. By bridging generative Al with behavioral data analytics, this research highlights
a path toward intelligent, data-driven narrative shaping in cyber influence operations.

2. METHODOLOGY

This section presents the methodological framework used to perform writing style
transformation, social media deployment, and statistical evaluation of engagement effectiveness.
The goal is to empirically examine how stylistic variation generated by a LLM influences both
message diffusion and positive audience response.

2.1. Style transformation

To investigate the role of writing style in online communication effectiveness, we
employed ChatGPT-4, a state-of-the-art LLM, to perform automated style transformation of
social media content.

For each of the five thematic domains - Culture, Sports, Entertainment, Technology, and
Politics - we selected 70 original articles, denoted as A;where i = 1,2,...,70. Each article was
rewritten into three distinct styles: Humorous (H), Analytical (A), and Critical (C).

The transformation process is formalized as:

Sie = LLM (prompt(transform-style-t) A (1)

Where s; ; represents the transformed article i under style t, and PrOMPt . ormestyle-t) denotes

a predefined instruction guiding ChatGPT-4 to rewrite the text according to the intended style.

Each prompt was crafted to maintain semantic fidelity to the source while enforcing stylistic
distinctiveness. Specifically:

e Humorous style: incorporated irony, exaggeration, and playful tone to increase emotional
resonance.

e Analytical style: emphasized logical reasoning, cause—effect structure, and factual
explanation.

o C(ritical style: employed evaluative language, contrasting arguments, and rhetorical
questioning to highlight weaknesses or alternative perspectives.

This process generated 1,050 transformed articles (70 % 5 topics % 3 styles), forming the
experimental dataset for analysis.
2.2. Experiment setup

To measure real-world audience reactions, all transformed articles (s; ;) were posted automatically

to the same Facebook group within a controlled time frame, ensuring consistent environmental
exposure and minimizing external bias (e.g., posting time, group activity fluctuations).

130 N. H. Dang, ..., T. Lam, “An LLM-driven framework for strategic ... cyber influence operations.”



Research

For each post, interaction metrics were collected after a fixed observation window (e.g., 48
hours), including:

e Number of votes or reactions — representing overall audience reach (Diffusion).

e Number of positive reactions (like, love, haha, wow, care) — representing audience
approval.

e Ratio of positive reactions to total reactions — representing Positive Diffusion.

To evaluate the statistical significance of style-induced differences in communication
performance, two non-parametric tests were applied:

1. Wilcoxon Signed-Rank Test — used for pairwise comparison between writing styles (e.g.,
Humorous vs. Analytical, Humorous vs. Critical, Analytical vs. Critical) within the same
topic. This test evaluates whether median engagement levels differ significantly across
paired samples.

2. Mann—Whitney U Test — used to compare distributions of engagement metrics between
independent style groups or across topics, assessing whether one style tends to generate
higher engagement or more positive diffusion.

Both tests were chosen for their robustness under non-normal data distributions, which are
typical in social media engagement datasets. Statistical significance thresholds were set at p <0.05.
This experimental design allows for a controlled, data-driven assessment of how writing style
transformations affect diffusion and positive engagement across thematic domains - providing
quantitative evidence for identifying the optimal communication style for influence-oriented
content in cyberspace.

3. RESULTS

3.1. Analysis of diffusion (visibility and votes)

The analysis of the mean and median Diffusion values provides initial evidence for the most
effective writing styles across various topics. Figure 1 illustrates that for several topic, a dominant
style clearly emerges for maximizing visibility and votes. Specifically, Politics exhibits the highest
diffusion when employing the Analytical style (Mean: 271.28, Median: 139.0). Conversely,
Entertainment content is most effectively diffused through the Humorous style (Mean: 139.70,
Median: 33.0). Similarly, Culture content sees its maximum reach achieved by the Critical style
(Mean: 141.64, Median: 43.5). In these three domains, the data strongly suggest a clear style-topic
match for achieving the greatest audience engagement.

Vote and Topic

Style
B Analytical
B Critical
B Humorous

17500

15000

12500

Total vote (Up + Doawn)

Culture Entertainment FPolitics Sport Technology
Topic

Figure 1. Total vote generated by different style transform in each topic.
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However, for Sports and Technology, the distinction between the top two performing styles -
Analytical and Critical - is less pronounced. In Technology, the Critical style (Mean: 174.80) slightly
outperforms the Analytical style (Mean: 160.54), while in Sports, the Analytical style (Mean: 220.44)
is only marginally ahead of the Critical style (Mean: 210.09). Given these small numerical
differences, further inferential analysis is required to determine whether one style offers a statistically
significant advantage over the other, or if both are equally viable for maximum diffusion.

Table 1. Diffusion descriptive statistics.

Style Topic Mean Median Total votes
Analytical Culture 10.57 5.00 740
Critical Culture 141.64 43.50 9,915
Humorous Culture 48.53 16.00 3,397
Analytical Entertainment 17.58 7.00 1,213
Critical Entertainment 15.13 7.00 1,044
Humorous Entertainment 139.70 33.00 9,639
Analytical Politics 271.28 139.00 18,718
Critical Politics 100.12 52.00 6,908
Humorous Politics 23.97 10.00 1,654
Analytical Sport 220.44 120.00 15,431
Critical Sport 210.09 123.50 14,706
Humorous Sport 24.23 13.00 1,696
Analytical Technology 160.54 77.00 11,238
Critical Technology 174.80 98.50 12,236
Humorous Technology 21.21 13.00 1,485

To address this ambiguity, the Wilcoxon signed-rank test was deployed to compare the paired
diffusion scores between the Analytical and Critical styles within these two topics.

1. Technology: The Wilcoxon test yielded a statistically significant result (» = 0.000$).
With p < 0.05, the null hypothesis of no difference is rejected, indicating that the Critical
style is significantly more effective at maximizing diffusion than the Analytical style for
Technology content.

2. Sports: The Wilcoxon test revealed a non-significant result (p = 0.779). With p > 0.05,
there is no statistically discernible difference between the diffusion rates of the
Analytical and Critical styles. Thus, for Sports content, content creators can confidently
utilize either the Analytical or Critical style to achieve maximal visibility and votes.

Table 2. Diffusion Wilcoxon-test.

Style Topic p-Wilcoxon Conclusion (a = 0.05)
Analytical - critical | Technology 0.000 Crltlcgl style is _significantly more
effective
Analytical - critical | Sports 0.779 Either the analytical or critical style

This advanced statistical assessment confirms that while the choice is clear for Politics,
Entertainment, and Culture, the ambiguous descriptive statistics for Technology are resolved in
favor of the Critical style, leaving Sports as the only domain where both Analytical and Critical
styles are equally optimal for high diffusion.

3.2. Analysis of positive diffusion (maximizing favorable reactions)
Figure 2 indicates that the analysis of Positive Diffusion, measured by the upvote ratio, is
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critical for understanding audience sentiment. Descriptive statistics show that all topic-style
combinations achieve a high upvote rate (ranging from 0.84 to 0.96), indicating that most content
is generally well-received. Due to this high overall positivity and the minimal numerical
differences in upvote rate between styles within each topic, it is necessary to employ robust
statistical testing to determine if any single style provides a statistically significant advantage in
maximizing favorable reactions.

Consequently, the Pairwise Mann—Whitney U test was performed to compare the distribution

of upvote ratios for all style pairs within each topic, with the objective of identifying a superior
style for Positive Diffusion.

Upvote rate of each style for each topic
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Figure 2. Total upvote rate generated by different style transform in each topic.
Table 3 provide a breakdown of significant findings from Pairwise Mann—Whitney U Test:

- Technology: The Humorous style was found to be significantly less effective at generating
positive reception compared to both the Analytical (p = 0.0026) and Critical (p = 0.0032) styles.
This strongly suggests that for a technical audience, a serious, informative tone ensures a higher
ratio of positive feedback. Analytical and Critical styles are equally optimal here (p = 0.9900).

- Entertainment: Similar to Technology, the Humorous style was found to be significantly less
positive than the Analytical style (p = 0.0157). Despite being optimal for raw reach (Diffusion),
humor may introduce ambiguity or attract mildly negative sentiment in Entertainment content
compared to an Analytical approach.

- Culture: A more complex pattern emerged. The Analytical style was associated with a
significantly lower positive ratio compared to both Humorous (p = 0.0462) and Critical (p =
0.0012) styles. This suggests that in the nuanced domain of Culture, highly objective, analytical
writing may feel impersonal, whereas the more evocative Humorous and Critical styles are
superior for eliciting favorable sentiment.

Non-Significant Findings:

- Politics (All pairs p > 0.05): No statistically significant difference was detected between any
style pair. The high positive reception is maintained regardless of whether the content is
Humorous, Analytical, or Critical, indicating that the primary concern in Politics should be
maximizing raw Diffusion (via Analytical style).

- Sports (All pairs p > 0.05): Similarly, no statistically significant difference was found.
Creators can rely on Critical or Analytical styles, which also maximize Diffusion, without concern
for negatively impacting the favorable reaction ratio.
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Table 3. Upvote diffusion Mann-Whitney U test.

. . p-Mann- . _
Topic Pair compare Whitney Conclusion (a = 0.05)
Humorous and No statistically significant
. 0.3616 .
analytical difference
Politics Humorous and critical | 0.2114 No statistically significant

difference

Analytical and critical | 0.8178 No statistically significant

difference
Humorous and 0.0462 Statistically significant
analytical ' difference
Culture Humorous and critical | 0.6622 N.O statistically significant
difference
Analytical and critical | 0.0012 Sj[atlstmally significant
difference
Humorous and No statistically significant
. 0.6787 .
analytical difference
Sports Humorous and critical | 0.2426 No statistically significant

difference

Analytical and critical | 0.094 No statistically significant

difference
Humorous and 0.0157 Statistically significant
analytical ' difference

No statistically significant

Entertainment | Humorous and critical | 0.1359 .
difference

Analytical and critical | 0.3351 No statistically significant

difference
Humorous and Statistically significant
. 0.0026 .
analytical difference

Statistically significant

Technology Humorous and critical | 0.0032 difference

No statistically significant
difference

Analytical and critical | 0.99

3.3. Style transfer validity check

To verify that the rewritten posts accurately reflect their intended writing styles (Humorous,
Analytical, Critical), we conducted a cross-style evaluation using a multilingual zero-shot
classifier (xlm-roberta-large-xnli).

For each rewritten text, the model computes entailment scores for three hypotheses:
“This text is humorous / analytical / critical.”

We then construct a 3%3 cross-style matrix, where each row represents the rewritten style and
each column represents the predicted style score.

Effective style transfer is indicated by diagonal dominance, i.e., each rewritten text should score
highest on its target style and lower on non-target styles.

Figure 3 shows the adjusted style transfer evaluation heatmap, where diagonal entries (0.91,
0.95, 0.88) are consistently the highest in their rows.
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This confirms that the style-transfer system produces texts that are stylistically distinct and
aligned with their intended tones, ensuring the validity of subsequent experiments on improving
user engagement through stylistic rewriting.

Adjusted Style Transfer Evaluation Heatmap Content Similarity Distribution Across Rewritten Styles
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Figure 3. Adjusted style transfer Figure 4. Content similarity distribution across
evaluation heatmap. rewritten styles.

To further validate the reliability of the style-transfer system, we evaluated the extent to which
rewritten texts preserve the semantic content of the original posts. Using a multilingual sentence-
embedding model, we computed the cosine similarity between each rewritten version (Humorous,
Analytical, Critical) and its corresponding source text. The distribution of these similarity scores
is visualized in the boxplot in figure 3.

Across all styles, the majority of similarity values remain relatively high (centered around 0.75—
0.82), indicating that the rewritten outputs retain most of the core meaning of the original posts.
Among the three styles, the Analytical rewrites exhibit the highest and most stable semantic
similarity, suggesting that this style undergoes minimal semantic drift. The Humorous and Critical
styles show slightly wider variance and occasional low outliers, reflecting the fact that stylistic
transformations involving humor or critique naturally introduce greater linguistic flexibility.

Together with the cross-style classification matrix, this content-similarity analysis provides
convergent evidence that the style-transfer system is both stylistically accurate and
semantically faithful, supporting its use in downstream experiments on enhancing user
engagement in online platforms.

In conclusion, the Pairwise Mann—Whitney U test was essential in distinguishing the optimal
style for Positive Diffusion, revealing that the Analytical and Critical styles are broadly superior
for fostering positive sentiment, except in the domain of Culture, where the Humorous and Critical
styles prevail. The Humorous style, while sometimes maximizing reach (Entertainment), poses a
risk of lower positive sentiment ratios in Technology and Entertainment topics.

4. CONCLUSIONS

This study examined the impact of writing style on social media content diffusion and positive
audience reception across five topics—Politics, Entertainment, Culture, Sports, and Technology—
using ChatGPT-4 and statistical evaluation. Analysis of diffusion shows topic-specific optimal
styles: Analytical maximizes reach in Politics, Humorous in Entertainment, and Critical in Culture.
For Technology, the Critical style slightly outperforms Analytical (p < 0.001), while in Sports,
both styles are equally effective (p = 0.779).

Positive diffusion analysis, measured by upvote ratio, reveals that Humorous content may

reduce positive reactions in Technology and Entertainment, whereas Analytical and Critical styles
maintain high audience approval. In Culture, Critical and Humorous styles elicit more favorable
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responses than Analytical writing. Politics and Sports show no significant differences, suggesting
style choice can prioritize diffusion without affecting sentiment.

Overall, the findings demonstrate that style effectiveness is topic-dependent. Aligning writing
style with topic enables content creators to maximize both reach and positive engagement, offering
practical guidance for data-driven strategic communication on social media.
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TOM TAT
Framework dua trén LLM cho chién hrgc bién d6i phong cach viét
trong cac chién dich truyén théng khong gian mang

Trong boi canh tién héa cua chién tranh mang va chién tranh nhdn thirc, ngon ngir da
noz lén nhu mot cong cu quyét dinh dé dinh hinh nhdn thirc va gay anh hwong dén khan gia
so Giao tiép hiéu qua trén cdc, nén ting truyen thong xa hoi khong chi doi hoi viéc cung
cap théng tin kip thoi ma con can sie linh hoat vé mdt phong cdch dé téi da héa pham vi tiép
can va do cong huong cua thong diép. Bai bdo nay gioi thi¢u mot framework dua trén Mo
hinh Ngén ngit Lon (LLM) dwoc thiét ké dé toi wu héa sw bién déi phong cdach viét nham
phuc vu cdc chién dich gay anh hwéng chién luoc trong méi truong triec tuyén. Hé thong
cia chiing t6i chuyén doi ngi dung van ban goc thanh ba phong cach chii dao—Hai hude
(Humorous), Phdn tich (Analytical), va Phé phan (Critical) - trdi rong trén nam linh vuc
chii @é: Van héa, Thé thao, Gidi tri, Cong nghé, va Chinh tri. Thong qua viéc diéu bién
phong cdch cé kiém sodt, phwong phédp nay hwéng dén muc tiéu tang cuong ca si khuéch
tan théng tin va sy tu"ong tac tich cyc (hay con goi la "ohé bién tich cuc”) dong thoi bdo
toan y dinh thong diép va tinh gan két vé mat dir kién. Chiing téi dé xudt mét quy trinh da
giai doan tich hop kiém sodt phong cdch, can chinh ngit nghia, va phan hoi danh gia dé hra
chon phong cdch toi wu cho tirng béi canh cu thé. Céc ddnh gid thire nghiém, bao gom kiém
dinh théng ké cap doi va phan tich sy khuéch tan, da chimg minh rcfng sw bién doi phong
cach tic dong ding ké dén cic mé hinh twong tdc ciia khan gid va quy dao cam xuc
(sentzment trajectories). Két qua nghién civu c6 thé dwoc sir dung nhir mot cong cu nén tang
cho cdc nha chién hege gdy dnh hiong mang, cho phép thuwc hién giao tiép thich img, cé
hiémg dan dao dire, va tao ra téc dong cao trong khéng gian chién dau thong tin nang dong.

Tir khoa: Tao sinh dit liéu truyén thong mang xa hoi; M6 hinh ngbn ngit 16n; Al cho cac vén d& cong cong; Chuyén dbi
ki€u van ban; Al cho chién lugc truyén thong; Kiém tra thong ké; Tam ly giao tiep.
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