
Understanding User Engagement with Cross-Platform Social Media

Content Created by Humans Versus AI: An Evaluation of ChatGPT in

Content Marketing

KHOLOUD ALDOUS, Hamad Bin Khalifa University Qatar Computing Research Institute, Doha, Qatar

JONI SALMINEN, University of Vaasa, Vaasa, Finland

ALI FAROOQ, University of Strathclyde, Glasgow, United Kingdom of Great Britain and Northern Ireland

SOON-GYO JUNG, Hamad Bin Khalifa University Qatar Computing Research Institute, Doha, Qatar

BERNARD JANSEN, Hamad Bin Khalifa University Qatar Computing Research Institute, Doha, Qatar

Even though generative artiicial intelligence (GenAI) is increasingly integrated into user-facing technologies like social

media, its impact on content marketing remains unveriied. Early evidence suggests that language models (LLMs) can generate

content that rivals human-created content (HCC) in terms of appeal. However, the question of adapting such content for

various social media platforms remains unanswered. This study examines the efectiveness of an LLM, GPT-4, in customizing

cross-platform content for Facebook, Instagram, and X. A total of 892 participants evaluated 30 pairs of AI-created content

(ACC) and HCC. The indings reveal that ACC was preferred by users, delivered stronger calls to action, and elicited more user

engagement than HCC, especially on Facebook, with a less pronounced efect for shorter posts on X and Instagram. We further

generated six data-driven user personas of the 892 participants, illustrating the diferences between those who preferred

ACC or HCC on the three platforms. The results indicate that GPT-4 can adapt content to platform-speciic requirements and

maintain high perceived quality, making LLMs applicable for cross-platform content creation for user engagement. Findings

contribute to understanding user engagement with AI-generated content across platforms. We also discuss the role of LLMs

in content creation, including their ethical implications.

CCS Concepts: · Human-centered computing→ Collaborative content creation; Social media.

Additional Key Words and Phrases: Social media, Facebook, Instagram, X, Generative AI

1 Introduction

Social media platforms are important for users in communicating, sharing, and engaging with online content from
companies, other organizations, and friends and family [18, 94]. Platforms such as Facebook (FB), Instagram (IG),
and X ofer distinct communication styles for individuals and businesses to achieve their goals through content
creation and branding [37, 55, 113]. At the same time, these communication styles present challenges for creating
efective content [5] that meets the styles (and limitations, such as length requirements) of multiple platforms.
For this reason, many organizations strive to maximize their reach by employing cross-platform content creation,
which refers to adapting or tailoring the generated content to each targeted social media platform [72, 104]. So,
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cross-platform content involves adapting digital contentÐsuch as social media posts, text, images, and videosÐto
align with a social media platform’s speciic audience expectations and communication styles (e.g., short vs. long,
formal vs. informal). This adaptation is labor-intensive and requires a solid understanding of the diferences
between the platforms.
Generative artiicial intelligence (GenAI) ofers innovative ways to create tailored cross-platform content for

various social media platforms, particularly by using large language models (LLMs) [38]. LLMs, such as OpenAI’s
GPT-4, exhibit proiciency in comprehending and generating text [31], leading to increased use in creating social
media content [4, 21]. The interaction of users with AI-created content (ACC) has garnered signiicant attention
in disciplines such as computer science, consumer psychology, and marketing [15, 17, 21, 48, 104]. However,
several questions remain unanswered: How efectively can LLMs produce engaging cross-platform content?, How
does ACC compare to human-created content (HCC) impact users emotionally?, and What are the broader efects of
ACC on social media users’ engagement and preferences? Although previous studies mention cross-applicability of
LLMs for online content creation [48, 97, 104], much remains to be understood about AI’s cross-platform content
creation capabilities. In addition, it is important to understand the segments of social media users that prefer
ACC over HCC (or vice versa).

This study investigates how content generated by an LLM, speciically OpenAI’s GPT-4, performs across difer-
ent social media platforms and examines its impact on diferent levels of user engagement (UE) [8] and emotional
response [9]. We collect empirical data from actual social media users and conduct a comparative analysis between
ACC and HCC on three major social media platforms: FB, IG, and X. This analysis investigates the efectiveness
of LLMs in social media content marketing. Given that each platform has distinct content requirements essential
for successful content marketing [73] (see Section 2.1), we present the following motivational question: Can LLMs
create engaging content? Speciically, can such content efectively capture the distinctive demands of FB’s expansive
user base, IG’s image-centric approach, and X’s concise, rapid communication style? This question is critical for
the social media marketing community, content marketers, and researchers, as leveraging LLMs for content
customization may improve both the efectiveness and eiciency of social media content creation [97, 104].

Based on the motivation outlined above, this study addresses the following research questions (RQs):

• RQ1: To what extent can ACC, relative to HCC, efectively fulill the unique user engagement expectations of
speciic social media platforms?

• RQ2: How do emotional responses elicited by ACC difer from those elicited by HCC?
• RQ3: How does user engagement with ACC difer from engagement with HCC?
• RQ4: Do users prefer ACC or HCC?
• RQ5: How do users who prefer ACC compare with users who prefer HCC?

These RQs address critical aspects of LLMs content performance within social media marketing. RQ1 examines
LLMs’ capability to produce content that aligns with platform-speciic constraints such as length, visual orienta-
tion, and tone. RQ2 explores whether AI-generated content can evoke genuine emotional engagement, which
remains essential for content efectiveness. RQ3 focuses on engagement metrics, because audience reactions
and interactions are of primary importance for organizations doing content marketing [48]. RQ4 investigates
user preferences, including attitudes, perceptions, and content ainity [5, 9], determining whether AI-generated
content can meaningfully contribute to marketing efectiveness. Finally, RQ5 seeks to identify key audience
traits associated with preferences for either content type, which is crucial for optimizing cross-platform content
creation [36, 95].
We formalize our expectations for the empirical investigation through speciic hypotheses (see Table 1). Our

overarching expectation, applied implicitly and consistently across each individual hypothesis, is that “ACC will
perform better than HCC.ž This expectation is grounded in accumulating evidence demonstrating that LLMs
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achieve human-level performance on diverse tasks [11, 97]. Speciically, the hypotheses are consistent with
nascent research indicating the substantial capabilities of LLMs in generating digital content [38].

Table 1. Research questions and corresponding hypotheses.

RQ1: Platform-speciic

adaptability

RQ2: Emotional re-

sponses

RQ3: User engagement RQ4: User preference

• H01: ACC has
greater topical
relevance than
HCC.

• H02: ACC has su-
perior clarity com-
pared to HCC.

• H03: ACC has a
more appropriate
tone relative to
HCC.

• H04: ACC has
more efective calls
to action (CTA)
than HCC.

• H05: ACC has
stronger positive
emotional re-
sponses from users
than HCC.

• H06: ACC results
in more reads than
HCC.

• H07: ACC results
in more views than
HCC.

• H08: ACC results
in more likes than
HCC.

• H09: ACC gen-
erates more
comments than
HCC.

• H10: ACC will
be shared more
frequently than
HCC.

• H11: Users will
exhibit a greater
preference for ACC
than for HCC.

To empirically investigate our RQs, we conducted a user study in which participants evaluated ACC against
HCC across three widely used social media platformsÐFB, IG, and X. Participants assessed each post’s adaptability
to platform-speciic requirements, emotional impact, engagement potential, and overall preference, without being
informed whether the content was created by a human or by a LLMs. Our indings ofer implications for diverse
stakeholders, including content marketers, media and news organizations, political campaigners, non-proit
entities, and advertising agencies. The results are especially relevant to the “digital creatorž economy, valued
annually at $14 billion USD [26], comprising content professionals such as authors, podcasters, visual artists,
and musicians who leverage social media to reach their audiences and monetize their creative work. Given that
LLMs are currently reshaping the digital content industry, empirical studies are essential for understanding their
efects.

This journal paper extends our previously published work [4] by generating personas for the 892 participants
and examining the diferences between individuals who preferred either ACC or HCC. Speciically, for this work,
we created AI chat-based personas that we interviewed to generate qualitative insights into their preferences for
ACC or HCC.

2 Literature Review

2.1 Platform Specific Diferences in Online Content

To reach a larger audience, content creators, including organizations and individuals, frequently create and
publish the same content across various social media platformsÐtermed cross-platform content creation [76].
This practice allows for the eicient management of multiple social media accounts and regularly disseminating
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updated content. This process may involve customizing the content to align it efectively with the requirements
of each platform, thereby aiming at increased UE [46, 77, 87]. Speciically, FB appeals to users who prioritize
meaningful interpersonal connections, likely due to the platform’s emphasis on community interactions [88].
IG, in contrast, emphasizes visual aesthetics and lifestyle presentation, attracting users concerned with self-
promotion and personal branding, often relected through personality-driven content [88]. X is primarily oriented
toward concise updates and timely information, characterized by brief and direct text communication [44]. These
distinct platform characteristics shape user expectations and inluence their engagement behaviors [81]. For
example, a study of slang content on Instagram and TikTok during a seven-year period revealed that unique
digital expressions emerge [81] on the platforms. Other work shows that edge-based adaptive delivery systems
improve performance and responsiveness in dynamic content environments [40].

Content that engages users on one platform does not necessarily achieve equivalent engagement on another,
even if the content is essentially identical [6]. Although cross-posting identical content may occasionally amplify
engagement, this efect varies substantially by the speciic content and platforms involved [6, 10]. Generating
tailored and engaging content for multiple platforms typically requires considerable time and efort, which creates
demand for tools and processes that facilitate cross-platform content creation [5, 75]. Echoing this sentiment,
Hollebeek et al. [48] discuss the emerging concept of consumer engagement powered by LLMs. An analysis of
content from more than one thousand news outlets on FB and YouTube over a six-year period found that most
content has minimal impact on engagement and rarely drives sustained growth [98].
LLMs, such as GPT-4, demonstrate proiciency in language understanding and production, enabling them to

interpret nuanced contexts and generate text aligned with speciic communication objectives [83, 101, 108]. This
linguistic capability, derived from extensive training in diverse textual corpora, positions LLMs as potentially
transformative in the domain of content creation on multiple digital platforms. However, social media platforms
such as FB, IG, and X each maintain distinct content ecosystems with unique linguistic patterns and stylistic
conventions that inluence user interactions and overall engagement [7]. Some prior research shows only a weak
correlation between demographics and platform usage behavior, implying that engagement with social media
content is driven by factors other than demographics [86]. Other prior work shows diferences in how people
react to AI-generated content [91, 106].

Accordingly, a signiicant challenge for LLMs lies in the ability to align content generationwith various platform-
speciic requirements, which can be formal or informal requirements. These requirements include dimensions
such as content characteristics and engagement levels. Content characteristics include topical relevance, message
clarity and tone appropriateness, and the efectiveness of CTA, each of which possibly impacts key content
marketing performance indicators or engagement levels, including views, likes, comments, and shares [10, 103].
While studies have demonstrated that LLMs possess proiciency in adapting to varied writing styles and

contextual nuances [2, 28, 62, 69], there is limited empirical evidence regarding their capacity to meet the content
demands and audience expectations speciic to individual social media platforms. To bridge this gap, we advance
H01śH04, proposing that ACC may demonstrate enhanced adaptability to platform-speciic characteristics,
thereby potentially surpassing HCC in overall content marketing efectiveness.

Salvi et al. [97] provide evidence indicating that GPT-4 exhibits a superior ability to convince individuals in a
debating context compared to human interlocutors, particularly when equipped with personalized information
about the persuasion target. These results suggest promising possibilities for employing LLMs to enhance
engagement in content marketing. However, the authors also raise signiicant concerns regarding LLMs adoption,
speciically the risk of using LLMs to create personalized and persuasive yet potentially misleading content. In
this research, we explicitly refrain from using any personal user data, thus circumventing ethical issues related to
the use of sensitive personal information to personalize content [90]. Instead, our approach incorporates platform-
speciic guidelines directly within the prompts given to GPT-4, enabling content customization tailored to distinct
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social media contexts. This method aims to maintain content relevance and adaptability while simultaneously
preserving user privacy, ofering a robust alternative to personalization that accesses individual user information.

2.2 The Role of Emotions in Online Content

Emotions deeply inluence how individuals deine their humanity, express themselves, and interact socially [50, 70].
Studies of emotional contagion indicate that social media users often mirror the emotional tone of the content
they consume, with such content subsequently shaping their own emotional states [65]. Speciically, positively
framed content tends to encourage users to further share positive emotions [65], whereas exposure to negatively
charged posts may provoke corresponding negative emotional responses [42].
On social media, emotional expression is particularly pronounced, revealing personal insights into the pri-

vate and public dimensions of people’s lives, thoughts, and activities [63, 64, 84]. Given that emotional states
profoundly shape daily behaviors, beliefs, and motivations [50], comprehending emotional responses is essential
for understanding UE on social media [27, 112]. Indeed, social media content regularly elicits emotional reac-
tions from audiences, prompting expressive interactions such as comments or other behavioral responses [111].
Identifying and interpreting online emotional responses is also critical for mitigating challenges in digital social
environments, including issues like radicalization and misinformation [71], particularly during times of crisis or
instability [3, 49, 93, 99].
In terms of emotions, LLMs exhibit capabilities in sentiment and emotion classiication that rival specialized

systems like IBMWatson, even without targeted training in these speciic tasks [23]. Moreover, emotional analysis
performed by LLMs has been found to closely relect human emotional judgments [107]. Although the emotional
characteristics of ACC have begun receiving attention [33], comparative studies assessing the emotional depth of
ACC versus HCC, particularly within the context of social media, remain scarce. This gap presents an important
research opportunity to examine how efectively ACC captures emotional nuances relative to HCC. Motivated by
this gap, H05 posits that ACC may generate stronger positive emotional responses than HCC.

2.3 User Engagement and Online Content

UE is a multifaceted phenomenon shaped by numerous factors, including the speciic context, the nature of
the content, and the attributes of the content creator [51, 74, 78]. Deined as “the emotional, cognitive, and
behavioral connection established between a user and a resource at any given moment, potentially extending
over time,ž UE encompasses interactions with digital applications or content [14]. Consistent with prior research,
our study operationalizes UE by measuring observable user behaviors and interactions [13, 53, 67]. Within the
social media domain, quantiiable engagement indicators such as likes, comments, and shares serve as key metrics
for organizations to evaluate the efectiveness of their content [89], with certain behaviors being more prevalent.
For instance, users are more inclined to click on a post’s link or like it rather than comment, as the former actions
require less efort [25, 68]. Comprehending these engagement behaviors is vital for organizations because they
ofer audience feedback and represent an indirect form of user contribution [47]. Consequently, understanding
these behaviors can improve organizational performance in areas such as sales growth and cost reduction [43, 66].

The labeling of AI-generated advertisements has been shown to signiicantly afect UE behaviors [33]. Consid-
ering this, the present study employs an experimental method where participants view two sequential versions
of identical social media postsÐone created by AI (i.e., ACC) and the other by humans (i.e., HCC)Ðwithout
disclosing their origins. This design independently enables a precise assessment of engagement metrics for each
type of content. However, comparative analyses examining UE with ACC versus HCC across multiple social
media platforms remain scarce in the existing literature, implying a need for the current study.

ACM Trans. Web



6 • K. Aldous et al.

Prior research suggests an interplay between content attributes and UE behaviors [10]. Accordingly, hypotheses
H06śH10 examine whether ACC, leveraging its adaptability to platform-speciic contexts and capacity for
emotional resonance, can surpass HCC in fostering UE.

Natural Language Generation (NLG) technologies have reached a stage where LLMs-created texts frequently
appear indistinguishable from those authored by humans. Prior studies [20, 61] illustrate this capability by
showcasing the naturalness of texts produced using contemporary NLG approaches. Empirical evidence further
demonstrates that individuals frequently face challenges distinguishing AI-created from human-authored content,
often failing to accurately identify the true origin [56, 109]. Henestrosa et al. [45] reported no signiicant diferences
in perceived credibility or trustworthiness between AI-generated and human-written texts. However, Rezwana
and Maher [92] examined interactions between humans and AI, discovering that AI-to-human communication
improves UE, collaboration quality, and perceptions of AI as reliable, intelligent, and personable. As such, we
advance H06-H10; ACC will outperform HCC.

3 Methodology

3.1 Overview

Building on the concept of cross-platform content creation, this study investigates how a LLM, GPT-4 can support
creating engaging content tailored to multiple social media platforms. Using GPT-4’s capabilities in language
comprehension and text generation, we empirically assess the model’s utility in creating content for diferent
social platforms. Speciically, we examine GPT-4’s ability to adapt to the unique requirements of each platform,
generate content with emotional resonance, and inluence overall UE and perception.

3.2 Participants

To obtain a diverse and representative sample of participants suitable for addressing our RQs, we recruited 892
participants through CloudResearch, an established online participant recruitment platform [24]. The invitations
targeted social media users based in the United States who met two eligibility criteria: (1) active engagement
with at least one of the social media platforms examined (FB, IG, or X); (2) current participation in employment
(full-time, part-time, or self-employed) or enrollment in educational programs. We ensured a balanced sample
for each of the investigated social media platforms. For FB, our sample comprised 301 active users (���� = 41.76
years), of whom 36.88% (n = 111) were male, and 63.12% (n = 190) were female. On average, participants reported
spending 4.58 hours per day on the platform. For IG, our sample included 305 active users (���� = 48 years).
Among these participants, 40.66% (n = 124) identiied as male, and 59.34% (n = 181) as female. Participants reported
spending an average of 5.02 hours daily on IG. For X, the sample consisted of 286 regular users (���� = 41.81
years). Among these participants, 42.66% (n = 122) were male, and 57.34% (n = 164) were female. On average,
participants reported spending 5.19 hours per day on the platform.

3.3 Procedure

We initially collected and prepared 90 pairs of HCC and ACC, comprising 30 pairs for each platform (FB, IG, and X).
Each set represented 30 cross-platform posts, with every post shared across the three distinct platforms. Figure 1
provides examples that illustrate three pairs of HCC and ACC, one pair for each platform. We conducted three
surveys, each customized for a speciic social media platform, using the Qualtrics survey platform. The detailed
study pipeline is presented in Figure 2. Each participant evaluated content exclusively from one platformÐFB, IG,
or XÐ aligned with their platform usage.
To verify participant attentiveness and genuine engagement, we embedded 30 attention-check questions,

distributing one question per post. Participants who failed any of these quality-control checks were excluded
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(a)

(b)

Fig. 1. Sample social media content from a major international news agency on FB, IG, and X: (a) is the HCC for each

platform, and (b) is the ACC for each platform.

from the analysis. Following informed consent, the participants evaluated three content posts relevant to their
active platform.

This research used a within-subjects experimental design [41, 60], where each participant viewed two versions
of a social media postÐone HCC and one ACCÐlinked to the same video, speciic to a single social media platform.
The order in which participants viewed these posts was counterbalanced across the sample. The participants were
instructed to read each post and provided a link to the corresponding original video. Importantly, participants
remained unaware of each post’s origin (human or GPT-4). This methodological choice ensured that each
participant’s evaluation formed a paired comparison between ACC and HCC, directly associated with identical
content on the same platform.

ACM Trans. Web
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Fig. 2. The study pipeline shows the process of FB, IG, and X users starting the ualtrics corresponding survey. Each

participant sees three randomly selected content. Each post has a video, version A, HCC, and version B, ACC, which is

displayed to users randomly.

The participants viewed three randomly selected posts from a total pool of 30 available posts. Applying
Qualtrics’ balanced distribution feature, we ensured that each post was evaluated by approximately an equal
number of participants and appeared equally often in diferent presentation orders. Speciically, each post was
assessed an average of 30.1 times on FB, 30.5 times on IG, and 28.6 times on X.

3.4 Data Collection

Video Content: We constructed a dataset comprising 30 video clips, each cross-posted to FB, IG, and X, originally
published between May and July 2023, sourced from a prominent international news and media organization,
AJ+ English, with a strong emphasis on social media engagement and cross-platform content strategies. The
selection of FB, IG, and X was driven by their widespread popularity and diverse user demographics, ranking as
the top three social media platforms at the time of data collection1. Our exclusive focus on video content aimed
to minimize potential biases arising from varying content types [7].

AJ+ English is recognized for its innovative approach to journalism and its use of digital platforms to engage
a global audience. AJ+ typically covers impactful news topics, often addressing social issues through a format
appealing to younger demographics. At the time of our study, AJ+ English had 11M followers on FB, 947,000
followers on IG, and 1.2M followers on X. The selected videos were identical across platforms, accompanied by
uniform or customized textual descriptions and captions. Figure 1a presents examples of HCC from FB, IG, and X.
The engagement metrics for identical video content vary considerably across FB, IG, and X, consistent with

previous studies [6]. Speciically, we observed the following average engagement metrics: On FB, posts received
an average of 4,173 likes (Median=156), 445 comments (Median=27), and 1,002 shares (Median=48) (Figure 3a).
On IG, posts garnered an average of 7,007 likes (Median=3466), 116 comments (Median=73), and 1,420 shares
(Median=621)(Figure 3b). On X, the average engagement per post was lower, with 117 likes (Median= 73), 5
comments (Median=2), and 63 shares (Median=30) (Figure 3c).
Video Transcription: We transcribed all 30 videos into text format to provide input suitable for GPT-4, as this

model processes text inputs. A sample video transcript of the sample social media posts in Figure 1 is shown
in Appendix A. The average length of a video transcript was approximately 493 words (2,998 characters). The

1https://www.similarweb.com/top-websites/united-states/computers-electronics-and-technology/social-networks-and-online-

communities/
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(a)

(b)

(c)

Fig. 3. The box plots of the distribution of engagement metrics across 30 video content and three platforms: (a) FB, (b) IG, and

(c) X. The engagement metrics are likes, comments, and shares. Outliers are removed from the box plots for beter illustration.

length of the transcript varied considerably across the dataset, with the shortest transcript comprising 186 words
(1,093 characters) and the longest reaching 1,122 words (6,722 characters). All transcripts were manually veriied
to ensure consistency with the respective video content. For videos containing non-English dialogue, translated
text was incorporated into the transcripts. Given that GPT-4 had, at the time of the study, a limit of 32,000 tokens,
our longest transcript, comprising 1,122 words, remained within this limit.
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GPT-4 Prompting: There are two primary approaches to prompting GPT-4 for cross-platform content generation:
the individual platform prompt, which generates content for each platform separately, and the combined prompt,
which creates a uniform post tailored for multiple platforms simultaneously. In this study, we adopted the
combined prompt approach. Speciically, we designed a structured prompt instructing GPT-4 to generate a post
for X, a caption for IG, and a post for FB based on the same video transcript. The prompt was as follows: Please
provide a Twitter tweet, an Instagram caption, and a Facebook post suitable for video content based on the following
transcript: [transcript] The prompt used in this study refers to Twitter rather than X, as it was formulated in
August 2023, shortly after the platform’s rebranding. At that time, the GPT-4 model used in this research had
not yet incorporated the name change. This concatenated prompt, along with the respective video transcript,
was provided to GPT-4. Given that our dataset included 30 videos, this process was repeated 30 timesÐonce per
transcriptÐto produce ACC for all three platforms.
For FB, the response was extracted as a more descriptive and contextually engaging post tailored to the

platform’s user expectations and content dynamics. For IG, the output emphasized engagement-driven language,
encouraging actions such as swiping left or clicking the video link to increase interaction. For X, the irst segment
of the response was selected, ensuring compliance with X’s character limit. Across all three platforms, ACC
included hashtags, which play a crucial role in categorizing posts, improving discoverability and UE. Figure 1b
presents an example of LLMs cross-platform content for FB, IG, and X. To ensure the ACC aligned with our
research objectives, we performed a manual review to remove action-related text irrelevant to the study. Despite
specifying in the prompt that the content was for a video post, some IG captions (5 out of 30) still included
directives such as “Swipe⇒ž or ł[link to the video].ž Since these elements were not pertinent to our analysis, they
were manually removed. For each video, we irst captured a screenshot of the HCC as it appeared on its respective
platform. Then, we replaced the post text with the AI-generated version and took another screenshot to create the
survey (see Figure 1). To avoid any social inluence on participants’ evaluations, engagement metrics such as likes,
comments, and shares were hidden. Additionally, we ensured that both versionsÐACC and HCCÐmaintained the
same visual format, difering only in the text content.

3.5 Measures

Platform Adaptability: To address RQ1, platform adaptability was assessed based on four key dimensions: topical
interest, clarity, tone, and call to action (CTA). Participants rated each dimension using a ive-point semantic
diferential scale through the following survey questions:

• Topical Interest: Participants evaluated how engaging they found the topic of the content, using a scale of
Not Interesting (1) to Very Interesting (5).

• Clarity: Participants rated the clarity of the text from Very unclear (1) to Very clear (5).
• Tone: Participants assessed the tone of the content, ranging from Very informal (1) to Very formal (5).
• CTA: Participants rated the efectiveness of the CTAÐstatements prompting engagement (e.g., liking,
commenting, sharing)Ðon a scale from Very weak (1) to Very strong (5).

Emotional Response: To address RQ2, we examined participants’ emotional responses to HCC and ACC by
assessing general sentiment (positive or negative) [22]. Participants were asked: “How did the post make you
feel?ž Responses were recorded using a ive-point Likert scale, ranging from 1 (Very negative) to 5 (Very positive),
allowing for a comparative analysis of emotional reactions to ACC and HCC.
Engagement: To measure UE (RQ3), we incorporated both consumption-based metrics (e.g., views and reads)

and contribution-based metrics (e.g., likes, comments, and shares) [32, 100]. Engagement was assessed through a
series of questions in which participants rated their likelihood of interacting with the content. The responses
were collected using a ive-point Likert scale, ranging from 1 (Very unlikely) to 5 (Very likely). Participants were
asked to evaluate their likelihood of (1) reading the post, (2) viewing the video based on the post content, (3) liking
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the post, (4) commenting on the post, and (5) sharing the post. These measures allowed for a direct comparison
between ACC and HCC in terms of their ability to drive UE.
User Preferences: To address RQ4, we measured participants’ post preference by presenting them with paired

contentÐone HCC and one ACC. For each pair, participants answered the following question: łIf you had to
select, which of the two posts do you prefer?ž Their responses allowed us to assess the general user preference,
determining whether ACC or HCC was more favored across diferent social media platforms.
Diferences Between ACC and HCC Preference Users: To address RQ4, we generated six personas of the survey

participants, two for each platform, based on preference for ACC and HCC to understand the users better.
For this purpose, we used an AI-driven persona generation system, Survey2Persona (S2P, publicly available at
https://s2p.qcri.org), a state-of-the-art algorithmic persona tool [57]. Personas are data-driven, ictional repre-
sentations of target users, customers, or audiences designed to improve user understanding [54, 79, 80]. These
personas serve as a shared reference point within organizations [54]. Personas also support cognitive engagement
for decision-makers [96] and provide a humanized representation of numbers, including survey data such as
what we used in this research. As such, personas a valid approach for addressing RQ5.

S2P is an advanced system that converts survey data and similar structured datasets into actionable, user-
centered personas, making it valuable for user research, social science, and business applications such as user
experience and product development [57]. S2P uses Retrieval Augmented Generation (RAG) combined with an
LLMÐspeciically OpenAI’s GPT-4o at the time of this studyÐenabling users to engage in dynamic conversations
with personas, thereby making the persona-user interaction more immersive and human-like. In addition to the
typical persona proiles, S2P has a dialogue feature enabling one to chat directly with the personas [58], and each
persona responds based solely on the data used to create it. We will use this feature to “interviewž the personas
for additional insights.

We used survey data from the previous analysis to generate personas by platform using S2P, based on whether
or not the persona preferred ACC or HCC (see Figure 4). Then, we conversed with each of the six generated
personas to uncover the underlying reasons for their attitudinal preferences toward ACC or HCC (see Figure 5,
enriching the quantitative indings presented with qualitative insights derived from the survey data [59].
We then queried each persona in an LLM chat more, using the prompt “[Salutation], why do you prefer

[ACC/HCC] on [FB,IG, X]?ž for a total of six responded, ACC or HCC on each of the three platforms, FB,IG, and
X.

4 Results

4.1 RQ1: To what extent can ACC, relative to HCC, efectively fulfill the unique user engagement

expectations of specific social media platforms?

H01. ACC has greater topical relevance than HCC. A Wilcoxon signed-rank test was performed to compare
topical relevance scores between HCC and ACC across FB, IG, and X. The results for FB revealed that ACC
received signiicantly higher topical relevance ratings than HCC (W = 20701.0, p = 0.001). However, the diferences
for IG and X were not statistically signiicant (see Table 2). Thus, H01 is supported for FB only, indicating that ACC
demonstrates higher topical relevance than HCC on FB but not on IG or X.

H02. ACC has superior clarity compared to HCC. For FB, the results indicated that ACC had higher clarity
scores than HCC, W = 17957.0, p <0.001. The IG and X results were non-signiicant (see Table 2). Thus, H02 is
supported for FB only: ACC shows superior clarity than HCC on FB but not on IG or X.

H03. ACC has a more appropriate tone relative to HCC. For FB, the results indicated that ACC had a more
appropriate tone relative to HCC, W = 18818.0, p <0.001. The IG and X results were non-signiicant (see Table 2).
Thus, H03 is supported for FB only: ACC has a more appropriate tone relative to HCC on FB but not on IG or X.
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(a)

(b)

(c)

Fig. 4. Set of personas based on preference for ACC or HCC by platform, FB, IG, or X, generated by Survey2Persona.

H04: ACC has more efective calls to action (CTA) than HCC. For FB, the ACC had a higher CTA score
than HCC, W = 23572.5, p <0.001. For IG, ACC had a higher CTA score than HCC, W = 32135.5, p = 0.024. For
X, ACC had a higher CTA score than HCC, W = 27260.0, p <0.001. Thus, H04 is fully supported: ACC has more
efective calls to action (CTA) than HCC for all platforms.

4.2 RQ2: How do emotional responses elicited by ACC difer from those elicited by HCC?

Table 2 shows the Wilcoxon test results of the emotions measure.
H05. ACC has stronger positive emotional responses from users than HCC. For FB, a Wilcoxon signed-

rank test indicated that ACC had higher emotional response scores than HCC, W = 17605.0, p = 0.008. For IG, ACC
had higher emotional response scores than HCC, W = 15878.0, p = 0.002. The result for X was non-signiicant.
Thus, H05 is supported for FB and IG: ACC has stronger positive emotional responses from users than HCC on FB and
IG but not on X.

4.3 RQ3: How does user engagement with ACC difer from engagement with HCC?

A Wilcoxon signed-rank test was conducted to compare HCC and ACC on FB, IG, and X regarding engagement
measures. The results are summarized in Table 2.
H06: ACC results in more reads than HCC. For FB, ACC had higher reads than HCC, W = 20374.5, p =

0.001. The IG and X results were non-signiicant (see Table 2). Thus, H06 is supported for FB only: ACC results in
more reads than HCC on FB but not on IG or X.
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Fig. 5. Example of a Survey2Person Persona Engaged in Dialogue Mode.

H07: ACC results in more views than HCC. For FB, ACC had a higher views score than HCC, W = 23083.0,
p = 0.014. The IG and X results were non-signiicant (see Table 2). Thus, H07 is supported for FB only: ACC results
in more views than HCC on FB but not on IG or X.

H08: ACC results in more likes than HCC. For FB, ACC had a higher likes score than HCC, W = 20405.0, p
<0.001. The IG and X results were non-signiicant (see Table 2). Thus, H08 is supported for FB only: ACC results in
more likes than HCC on FB but not on IG or X.

H09: ACC generates more comments than HCC. For FB, ACC had a higher comments score than HCC, W
= 19613.0, p = 0.005. For X, ACC had a higher comments score than HCC, W = 20274.0, p = 0.028. The IG result
was non-signiicant (see Table 2). Thus, H09 is supported for FB and X only: ACC generates more comments than
HCC on FB and X but not on IG.

H10: ACC will be shared more frequently than HCC For FB, ACC had a higher share score than HCC, W
= 18200.5, p <0.001. The IG and X results were non-signiicant (see Table 2). Thus, H10 is supported for FB only:
ACC will be shared more frequently than HCC on FB but not on IG or X.

4.4 RQ4: Do users prefer ACC or HCC?

H11: Users will exhibit a greater preference for ACC than for HCC. The Chi-square test of independence
was performed to test the preference for ACC relative to HCC among participants on FB, IG, and X. FB users had
a higher preference for ACC, �2(1, N = 903) = 35.48, p <.001. The ACC (n = 541) was preferred more frequently
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Table 2. Wilcoxon test results comparing HCC with ACC across diferent measures and platforms. Includes medians (Md),

Wilcoxon statistic (W), p-values (p), sample size (N), Z-statistics (Z), and efect size (r). Significant results are highlighted in

green.

Platform RQ Measure Md (HCC) Md (ACC) W p N Z r

FB RQ01 Topical (H01) 4.0 4.0 20701.0 0.001 902 3.323 0.111

Clarity (H02) 5.0 5.0 17957.0 <0.0001 902 5.062 0.168

Tone (H03) 4.0 4.0 18818.0 <0.0001 902 6.607 0.220

CTA (H04) 4.0 4.0 23572.5 <0.0001 902 6.234 0.207

RQ02 Emotions (H05) 3.0 4.0 17605.0 0.008 902 2.639 0.088

RQ03 Read (H06) 4.0 4.0 20374.5 0.001 902 3.237 0.108

View (H07) 4.0 4.0 23083.0 0.014 902 2.460 0.082

Like (H08) 4.0 4.0 20405.0 <0.0001 902 4.300 0.143

Comment (H09) 3.0 3.0 19613.0 0.005 902 2.802 0.093

Share (H10) 3.0 4.0 18200.5 <0.0001 902 4.269 0.142

IG RQ01 Topical (H01) 4.0 4.0 18521.5 0.720 914 0.358 0.012

Clarity (H02) 5.0 5.0 20424.0 0.266 914 1.113 0.037

Tone (H03) 4.0 4.0 26310.5 0.203 914 1.274 0.042

CTA (H04) 4.0 4.0 32135.5 0.024 914 2.250 0.074

RQ02 Emotions (H05) 3.0 4.0 15878.0 0.002 914 3.136 0.104

RQ03 Read (H06) 4.0 4.0 21309.5 0.435 914 0.780 0.026

View (H07) 4.0 4.0 24257.0 0.197 914 1.289 0.043

Like (H08) 4.0 4.0 24359.0 0.347 914 0.941 0.031

Comment (H09) 4.0 4.0 17612.0 0.574 914 0.562 0.019

Share (H10) 4.0 4.0 19156.5 0.259 914 1.128 0.037

X RQ01 Topical (H01) 4.0 4.0 21645.0 0.149 857 1.443 0.049

Clarity (H02) 5.0 5.0 21312.0 0.094 857 1.673 0.057

Tone (H03) 4.0 4.0 31205.5 0.258 857 1.130 0.039

CTA (H04) 4.0 4.0 27260.0 <0.000 857 4.782 0.163

RQ02 Emotions (H05) 4.0 4.0 23858.0 0.146 857 1.454 0.050

RQ03 Read (H06) 4.0 4.0 22128.5 0.090 857 1.697 0.058

View (H07) 4.0 4.0 22657.0 0.576 857 0.559 0.019

Like (H08) 4.0 4.0 27759.5 0.070 857 1.815 0.062

Comment (H09) 4.0 4.0 20274.0 0.028 857 2.199 0.075

Share (H10) 4.0 4.0 20693.5 0.072 857 1.799 0.061

than HCC (n = 362). X users had a higher preference for ACC, �2 (1, N = 858) = 12.61, p <.001. The ACC (n = 481)
was preferred more frequently than HCC (n = 377). The result on IG was non-signiicant. Thus, H11 is supported
for FB and X only: ACC is preferred to HCC on FB and X but not on IG.

Table 3 summarizes the results of the hypothesis testing.

4.5 RQ5: How do personas of users who prefer ACC compare with users who prefer HCC?

Based on a binary persona generation (i.e., ACC and HCC), a person for each archetype preference was created,
with the representative demographic being the most commonly occurring from survey respondents (with the
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Table 3. Support level for each hypothesis based on the study results.

Hypothesis

Fully

Supported

Partially

Supported

Not

Supported

H01: ACC has greater topical relevance than HCC ✓(FB)

H02: ACC has superior clarity compared to HCC ✓(FB)

H03: ACC has a more appropriate tone relative to HCC ✓(FB)

H04: ACC has more efective calls to action (CTA) than HCC ✓(FB, IG, X)

H05: ACC has stronger positive emotional responses from users than

HCC

✓(FB, IG)

H06: ACC results in more reads than HCC ✓(FB)

H07: ACC results in more views than HCC ✓(FB)

H08: ACC results in more likes than HCC ✓(FB)

H09: ACC generates more comments than HCC ✓(FB, X)

H10: ACC will be shared more frequently than HCC ✓(FB)

H11: Users will exhibit a greater preference for ACC than for HCC ✓(FB, X)

associated percentages), as per established persona development practices [12]. This approach corresponds to
the concept of using “extreme personasž to tease out diferences between user segments at an opposing end of
a spectrum [110]. For this, we applied S2P, a state-of-the-art interactive persona system [52] to automatically
generate persona descriptions based on the corresponding survey responses for each segment [57]. Each persona
corresponded to one of the six possible user segments derived from content preference (n=2) and platforms (n=3)
(see Table 4). To uncover the underlying reasons for content preference, we posed a uniform question to each
persona: łWhy do you prefer ACC/HCC on FB/IN/X?ž. The collected responses, based on S2P’s interpretation of
the personas’ underlying data, are summarized in Table 5.
From the persona responses in Table 5, it appears that the main reasons for preferring ACC or HCC relate

to emotional or cognitive reactions to the content based on individual preferences. The persona responses
also reveal platform-speciic trends in content preferences, highlighting diferences in UE and perception of
ACC versus HCC. For FB and IG, clarity and engagement are key drivers of content preference, with HCC
respondents valuing authenticity and emotional connection, while ACC respondents focusing on strong CTA
and readability. On X, HCC users emphasize authenticity and personal expression, whereas ACC respondents
prioritize clarity, neutrality, and structured content. This suggests that the preference drivers for ACC are clarity
and engagement-oriented and for HCC are emotional depth and relatability. These indings indicate that content
strategy optimization must be based on both platform dynamics and audience content expectations.

5 Discussion

5.1 Answering the RQs

Addressing RQ1, ACC exhibited greater adaptability for FB, outperforming HCC in terms of clarity, tone, and
topical interest. This suggests that GPT-4 efectively aligns with FB’s content dynamics, out of reasons that
require further research. For IG and X, the advantages of ACC were less pronounced, with most diferences
between ACC and HCC being non-signiicant. This indicates that while LLMs can efectively tailor content for
given platforms, its efect varies by the platform.
Addressing RQ2, ACC elicited stronger positive emotional responses than HCC on FB and IG. This inding

indicates that GPT-4 can create content that resonates emotionally with users. However, for X, no signiicant
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Table 4. Descriptive Data of Survey2Persona Personas.

Platform Persona Age (%) Gender (%) Description

FB

Elizabeth

35-44 (41.30%) Female (68.12%) This persona exhibits a strong preference for content created by humans over AI-generated
options. The majority inds the topics presented to be very interesting, indicating a desire
for engaging and thought-provoking material. They are likely to pause and read posts in
their social media feeds, relecting a higher engagement level. Although they express a
range of likelihoods to share or comment, many still show a willingness to interact with
content. Overall, this group values clarity and quality in writing, reinforcing the importance
of human touch in content creation.

FB

Amanda

35-44 (35.94%) Female (57.29) This persona predominantly prefers AI-created content, showcasing a strong inclination
towards digital engagement. They express a high likelihood of sharing and liking posts,
indicating an active participation in online discussions. Clarity in post text is crucial for this
group, and they ind the topics generally interesting. The CTA is essential, as they respond
positively to prompts encouraging interaction.

IG

Michelle

35-44 (33.80%) Female (61.27%) This persona shows a strong preference for human-created content, valuing clarity and
quality in writing. They ind the topic of posts very interesting and are likely to engage
through likes and comments. The CTA in posts resonates well, encouraging viewers to
participate actively. Additionally, their social media habits suggest they spend a moderate
amount of time engaging with content, relecting a desire for meaningful interactions.

IG

Linda

65_ (25.26%) Female (61.64%) This persona exhibits a strong preference for AI-generated content, indicating a clear favor
for technology-driven communication. The majority inds the text of the posts to be very
clear, and they are likely to engage with the content by viewing and sharing it. Topics
of interest resonate well with this group, leading to a positive perception of the overall
quality and tone of the writing. Additionally, they appreciate a strong CTA, enhancing their
likelihood of interacting with the posts.

X

Xiaoyu

35-44 (41.61%) Female (62.77%) This persona strongly prefers human-created content over AI-generated alternatives, re-
lecting a deep appreciation for authenticity. They engage with social media actively, often
spending several hours daily on various platforms. This group is likely to view posts, inding
the topics very interesting, and they respond positively to clear and high-quality writing.
Their inclination to interact with posts is evident, as they frequently show interest in com-
menting and sharing content with others.

X

Laura

35-44 (39.27%) Female (61.26) This persona is primarily inclined towards AI-generated content, demonstrating a strong
preference for digital interactions. They tend to spend a signiicant amount of time on social
media, showing a high likelihood of engaging with posts through shares and comments.
Clarity and quality in content are paramount for them, as they favor well-written and clear
posts. Their interest in topics is notably high, often inding them very interesting, which
drives their interaction levels. Overall, this group is characterized by their eagerness to
engage with and share content that resonates with them.

diferences in emotional response were observed between ACC and HCC, implying that ACC does not necessarily
evoke stronger emotions in the fast-paced, text-centric environment of X.

Addressing RQ3, ACC on FB consistently outperformed HCC in higher UE across multiple metrics, including
reads, views, likes, comments, and shares. However, for IG and X, the impact of AI on engagement was less
conclusive, with most engagement metrics showing no signiicant diferences between ACC and HCC. Again,
this repeats the observation from RQ1 in that the efects of LLMs are to some extent platform speciic.
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Table 5. Chat responses from personas on reasons for ACC or HCC preferences.

Platform Persona Preference Dialogue Response

FB

Elizabeth

HCC Hi there! I prefer human-created content (HCC) on Facebook because it resonates more with me and
feels more engaging and authentic. It’s important to me that the posts I encounter are interesting and
thought-provoking, which I ind is often the case with HCC. Additionally, I am very likely to pause
and read posts that catch my eye, and I appreciate the clarity and quality that typically come with
human writing. Overall, HCC provides a richer experience on social media.

FB

Amanda

ACC I prefer AI-created content (ACC) on Facebook because it resonates with my digital engagement style
and keeps me interested in the topics presented. The clarity of AI-generated text is crucial, making
it easier to pause and read while browsing my feed. Additionally, I appreciate strong calls to action,
which encourage interaction and make the experience more engaging. Overall, ACC aligns with my
preferences for online content.

IG

Michelle

HCC Hi there! I prefer human-created content on Instagram because it tends to ofer better clarity and
quality in writing, which I really value. Engaging with content that has a strong call to action resonates
with me, encouraging meaningful interactions. Overall, human-created posts feel more relatable and
engaging, making my time spent on social media more enjoyable.

IG

Linda

ACC I prefer AI-created content (ACC) on Instagram because it tends to be very clear and resonates well
with me. The technology-driven communication feels fresh, and I appreciate the strong call to action
that encourages engagement. This content often prompts me to pause and read while browsing,
making my social media experience more enjoyable. Overall, I ind that ACC enhances my interactions
on platforms like Instagram.

X

Xiaoyu

HCC I prefer human-created content (HCC) because it resonates with my appreciation for authenticity and
the unique perspectives that come from personal experiences. I ind HCC to be more engaging and
relatable, which enhances my overall interaction with the content. Additionally, I believe that human
touch in writing adds depth and emotional connection that AI-generated content often lacks.

X

Laura

ACC I prefer AI-created content (ACC) because it consistently delivers clarity and quality, which are crucial
for my engagement. With 100% of my group favoring ACC, we ind that it resonates well with our
interests. Additionally, AI-generated content often maintains a neutral to somewhat formal tone,
which suits our preferences and encourages thoughtful interactions. Overall, the clarity in the content
makes it much easier for us to connect and engage with the posts.

Addressing RQ4, users preferred ACC over HCC on FB and X. This inding indicates that ACC may align more
closely with user expectations and engagement behaviors on these platforms. However, for IG, users did not
indicate a signiicant preference between ACC and HCC. Overall, these indings point to the same direction as
those from the previous RQs in that LLMs content is generally preferred.
Concerning RQ5, clarity, emotional appeal, and CTA were contributing factors in users preferring ACC or

HCC, indicating that these factors play a role in users’ formation of online content preference, as one would
logically assume.

In summary, our indings indicate that GPT-4 creates cross-platform content that is preferred over HCC on FB
and X, while demonstrating a user preference comparable, but not preferred more, to that of HCC on IG. This
inding underscores the evolving capabilities of LLMs [19], which can adapt to diverse social media environments,
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even when each are characterized by distinct content formats and audience engagement dynamics. For FB, all
tested hypotheses yielded signiicant results, (i.e., participants perceived ACC as more efectively compared to
HCC). This was relected in key aspects such as topical relevance, clarity, tone, and CTA. These indings suggest
that ACC aligns well with FB’s content dynamics and UE patterns.

Our indings show that ACC holds a distinct advantage in evoking emotional responses on FB and IG, whereas
on X, HCC maintains a competitive edge. This discrepancy may be inluenced by the nature of the content, as
our study focused on news-related posts, which have been shown to elicit varying emotional responses across
diferent social media platforms [9]. Additionally, FB’s platform design, which includes ive distinct reaction
iconsÐlove, surprise, joy, sadness, and angerÐallows for a more nuanced expression of emotional engagement,
potentially amplifying the observed efect of ACC. This suggests that platform-speciic features inluence how
users interact emotionally with content, which may also have implications for training LLMs like GPT-4 to
generate more emotionally resonant and platform-adapted content.
On FB, ACC consistently outperformed HCC across all UE metrics. The largest diferences were observed

in Likes and Shares, suggesting that ACC may be more likable and shareable on FB compared to HCC. On X,
ACC encouraged more comments than HCC, while other engagement metricsÐincluding reads, views, likes,
and sharesÐshowed no signiicant diferences. This aligns with prior indings that diferent types of content
perform better on diferent platforms [8]. Given that FB favors narrative-driven content, ACC may be naturally
more suited to FB’s content preferences, resulting in higher engagement. Conversely, on X, where concise and
real-time content is prioritized, ACC appears to perform similar to HCC.

The CTA is where ACC consistently outperforms HCC across FB, IG, and X. ACC proves to be more efective
in prompting user interaction and encouraging engagement through well-structured CTAs, whereas HCC often
lacks explicit engagement prompts. For example, in a single video post, ACC-generated CTAs varied by platform:
FB: łWe invite you to share your thoughts on the narratives that shape our world.ž IG: łDon’t forget to leave a
comment and let us know which artifact you’d like us to explore next!ž X: łJoin us as we explore the captivating yet
controversial history behind these artifacts.ž In contrast, HCC for the same video did not include any form of CTA,
reinforcing LLMs’ advantage in strategically incorporating prompts that drive user interaction and engagement.

Notably, we did not explicitly instruct GPT-4 to include CTA statements, yet most ACC automatically incorpo-
rated them. This suggests that GPT-4 inherently recognizes the importance of CTAs in digital engagement. One
possible explanation is that GPT-4 has been trained on extensive text data, including successful social media posts,
marketing materials, and other promotional content that frequently utilize CTAs. Given that CTAs are known to
enhance UE with social media posts [82], the model appears to have internalized their strategic use as a best
practice. Furthermore, including CTAs without explicit prompting indicates that GPT-4 autonomously applies
learned principles of efective content marketing. This suggests that LLMs can adaptively generate content that
aligns with engagement-driven communication strategies, even when not directly instructed to do so.
Additionally, while CTA usage is more pronounced in ACC across all three platforms, engagement metrics

on IG and X do not show signiicant diferences compared to HCC, except for higher comment activity on
X. This discrepancy may stem from various audience-related factors identiied in prior research, particularly
the pre-existing relationship between the audience and the content creator[82]. For instance, on IG, a CTA
is more likely to encourage engagement from existing followers through electronic word-of-mouth (eWOM)
but has a limited impact on non-followers[82]. This suggests that while AI-generated CTAs are strategically
well-formed, their efectiveness in driving engagement may depend on platform-speciic audience dynamics and
user familiarity with the content source.
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5.2 Theoretical Implications

A key implication of our indings is that AI tools can efectively scale social media strategies, enabling broader
reach and higher engagement without proportional increases in efort or resources. Our results demonstrate
that ACC drives greater UE and incorporates more efective CTAs, reinforcing the potential of LLMs to optimize
content marketing. This research highlights that LLMs, such as GPT-4, can generate content that adapts to diverse
social media platforms, often matching or surpassing HCC in key areas such as platform adaptability, emotional
engagement, user interaction, and content preferenceścritical factors in efectively connecting with social media
audiences [34]. These indings suggest that LLMs exhibit a high degree of linguistic lexibility and creative
adaptability, positioning them as valuable assets for scalable and impactful content creation across various digital
platforms.
This research demonstrates that user responses to ACC vary by platform, with ACC outperforming HCC on

FB and X, but showing less advantage on IG. These indings suggest that platform-speciic characteristicsÐsuch
as content length, format, tone, and visual emphasisÐsigniicantly shape how users perceive and engage with
social media content, reinforcing the need for tailored ACC strategies. Additionally, ACC ofers the advantage
of maintaining a consistent quality and tone across posts and platforms, a crucial factor for brand identity and
content uniformity [19]. This consistency is key in establishing a recognizable and trustworthy brand image,
particularly when multiple content creators collaborate on cross-platform content strategies for diferent social
media platforms.

This research emphasizes several ethical and social considerations associated with the use of ACC, particularly
regarding authenticity, credibility, and accountability in digital communication. The increasing reliance on AI for
content creation raises critical questions about transparency in authorship, the potential for misinformation, and
the accountability of AI-generated outputs. These concerns underscore the need for further research into the
ethical and societal implications of ACC [71, 85].

5.3 Practical Implications

Our indings indicate that ACC can serve as a valuable tool for content creators, particularly in enhancing
and streamlining cross-platform content creation. Leveraging LLMs can help creators increase eiciency and
maintain UE consistency across multiple platforms, making AI an efective complement to traditional content
creation methods. Additionally, AI-driven content generation can reduce costs associated with human content
creation, ofering a cost-efective solution for small businesses and individual creators with limited budgets. This
afordability makes ACC an attractive option for scaling digital marketing eforts.

However, despite these advantages, human oversight remains crucial to ensure that ACC maintains accuracy,
contextual relevance, and ethical integrity [35]. Even though LLMs is eicient, its outputs may still require
reinement and validation to align with an organization’s strategic communication goals and ethical standards [16].
Integrating AI’s content generation capabilities with human editorial oversight may provide the most efective
and responsible strategy for leveraging LLMs in content creation.

This research highlights potential challenges for content consumers when engaging with ACC. These challenges
include diiculty in distinguishing ACC from HCC, the risk of manipulation or deception, and the potential
erosion of human connection and trust with content and its creators [4, 33]. These indings suggest that content
consumers must becomemore aware and critical of the digital content they engage with. The increasing prevalence
of ACC requires the development of digital literacy and media literacy skills to help users evaluate content
authenticity, recognize LLM-created content, and critically assess the reliability of online information [105].

This research presents new opportunities for social media research, including examining the efects of ACC on
user behavior, attitudes, and cognition, comparing the performance of diferent LLMs in cross-platform content
generation, and developing methods and metrics to assess and improve the quality and efectiveness of ACC.
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These indings suggest that ACC can serve as both a research topic and a methodological tool, ofering novel
insights into digital engagement, content personalization, and platform-speciic optimization strategies.
Our study demonstrates that LLMs can adapt content characteristics to diferent social media platforms,

allowing content creators to produce consistent and platform-speciic content eiciently. ACC is also capable of
eliciting emotional engagement, sometimes exceeding HCC in emotional resonance. However, it remains essential
for creators to ensure alignment between ACC and their organization’s messaging and values. The efectiveness
of HCC varies across platforms, emphasizing the need for platform-speciic adjustments to optimize engagement.
Regardless of whether content is LLMs- or human-created, it must maintain high quality, authenticity, and
relevance to efectively engage users [1].

As AI continues to shape content creation, it is crucial to prioritize ethical and legal considerations to mitigate
risks such as biases, misinformation, and a lack of transparency. Ensuring responsible AI use in digital media
requires clear guidelines, oversight mechanisms, and platform accountability to maintain content integrity.
Looking ahead, these insights can inform the development of AI-driven systems that enable content creators to
efortlessly generate cross-platform content from any text input.

6 Limitations and Future Work

While our study provides valuable insights, it also has limitations.
First, our participant pool was primarily U.S.-based, which may not fully capture diverse global perspectives

on ACC versus HCC. Cultural diferences can inluence content perception, emotional engagement, and platform
preferences, and given that LLMs are predominantly trained on Western datasets, their adaptability to non-
Western linguistic and cultural contexts remains an open question. Additionally, our study focused on content
from a single organization that cross-posts on FB, IG, and X, whereas diferent organizations may use a broader
range of platforms. To develop a more comprehensive understanding of LLMs adaptability, future research should
include a wider set of user groups outside the U.S. and examine additional platforms, such as YouTube, LinkedIn,
and TikTok, to evaluate ACC across varied content formats and engagement models.

This study used a combined prompt to create cross-platform content from one input. However, future research
could explore the efects of using separate prompts for each platform. A comparative analysis of single versus
combined prompting, using the method applied here, could provide deeper insights into the efectiveness of
diferent prompting strategies for optimizing platform-speciic content. While LLMs inherently encode platform-
speciic characteristics, relying solely on platform names in prompts may introduce biases in generated outputs. A
potential alternative is to incorporate real-world examples and user proiles speciic to each platform, which could
help reduce biases and enhance contextual relevance. Future research could evaluate this alternative prompting
approach to determine its efectiveness in producing more authentic and tailored content for diverse social media
platforms.
Additionally, this study relied exclusively on video content transcripts to generate social media posts. While

this approach is well-suited for video-based content, it does not account for other common social media formats,
such as IG photo albums, standalone photo captions, or images with overlaid text. Future research should address
these limitations by expanding the scope to additional content types and evaluating how ACC performs across
diverse media formats.
This study required participants to carefully read and evaluate social media content, whereas in real-world

settings, users often scan posts quickly rather than engaging in detailed reading. This diference in attention
duration may impact how our indings translate to actual social media interactions. A potential direction for
future research is to conduct real-world experiments by posting ACC and HCC on an organization’s live social
media accounts. This could involve creating two versions of a post with slight variations and measuring organic
UE metrics such as views, likes, comments, and shares.
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The indings may have been partially inluenced by diferences in post length, as ACC tended to be longer
than HCC. This length discrepancy could have afected participant evaluations, particularly on platforms where
brevity is a key characteristic. A notable trend in our results suggests that LLMs’ impact is less pronounced for
shorter social media posts, such as those on X and IG. This aligns with prior research indicating that content
length inluences user perception and engagement [29, 30, 39]. Future research could further explore how post
length afects ACC evaluations, particularly by controlling for length variations between ACC and HCC, to isolate
the efects of AI-driven content creation from those of post length itself.
Previous studies indicate that GPT-4 can tailor content to speciic target audiences, but it may exhibit biases

against minority populations due to imbalanced training data [102]. This limitation suggests that ACC may not
always be equally efective across diverse audience segments. To enhance GPT-4’s performance in generating more
engaging ACC for platforms like X and IG, future research could explore incorporating high-engagement posts
from these platforms as exemplars in the prompt. Additionally, including audience demographic details when
prompting GPT-4 could potentially improve targeted content generation, ensuring that AI-created posts resonate
more efectively with speciic user groups. This targeted prompting approach presents an intriguing direction for
future research. However, implementing and testing AI-generated posts on live social media platforms would
require additional efort, including real-time engagement tracking, platform-speciic optimizations, and iterative
reinements based on audience response patterns.
In this study, we used GPT-4 to generate social media content. However, future research could beneit from

exploring and evaluating the performance of alternative LLMs, such as Gemini, Cohere, and Claude. Comparing
multiple LLMs would provide insights into how diferent models handle cross-platform content generation,
engagement optimization, and platform-speciic customization. In addition, such studies could help identify
which models produce the most efective and contextually relevant content for various social media platforms.

7 Conclusion

This research examined the efectiveness of OpenAI’s GPT-4 in generating cross-platform content for FB, IG,
and X. Through a user study, participants evaluated ACC versus HCC across multiple dimensions, including
platform adaptability, emotional response, engagement, and user preference. The results revealed that ACC was
highly preferred over HCC on FB and X, while preferences on IG remained similar between ACC and HCC. The
CTA emerged as the strongest feature of ACC across all platforms, whereas tone was identiied as the weakest
aspect. Additionally, ACC elicited stronger positive emotional responses than HCC on FB and IG, though this
efect was not observed on X. These indings suggest that LLMs like GPT-4 have the potential to transform social
media content creation, particularly for cross-platform posting by enhancing eiciency, expanding reach, and
increasing engagement. However, they also underscore the need for ongoing improvements and evaluations to
ensure that LLMs are used ethically and responsibly in social media content generation.

8 DECLARATION OF GENERATIVE AI AND AI-ASSISTED TECHNOLOGIES IN THE WRITING

PROCESS

During the preparation of this work, the author(s) used Open AI’s ChatGPT (GPT-3.5 and GPT-4) to assist us in
the analysis and provide material for addressing the ‘blank page’ problem in writing. After using this tool/service,
the author(s) reviewed and edited the content as needed and take(s) full responsibility for the publication’s
content.
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A Sample video transcript

Table 6 shows a sample video transcript related to Figure 1 discussing lood-proof bamboo housing in Pakistan.
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Table 6. Transcript of a video discussing flood-proof bamboo housing in Pakistan

Could these bamboo houses be a solution to Pakistan’s climate crisis?
Pakistan’s irst woman architect is working in rural areas to make lood-proof houses.
The world today actually needs something like this, which will be zero carbon. And my mottoÐI don’t
know whether you knowÐis zero carbon, zero waste, zero donor, which I think leads to zero poverty. So
this is what I’m trying to do. And I hope that I manage to get to as many people as possible.
82-year-old Yasmeen Lari wants Pakistan to have 1 million homes made from afordable materials.
In some of the areas worst hit by Pakistan’s deadly 2022 loods.
At least 1,739 people were killed and millions have been displaced.
Scientists have linked the loods to intense, “record-breaking monsoonal rainfall.ž
One-third of Pakistan was underwater after the 2022 loods.
My dream for some years now is that we should build in a mannerÐor that I should get the skills of building
into the hands of everybody in my country, and the poor particularly, who can build so that they will not
be displaced. So this has been something that I’ve been wanting to do.
And now I ind that with this disaster, I’m getting a chance to be able to spread that message.
Pakistan has the ifth-largest population in the world.
But it is responsible for less than 1% of global greenhouse gas emissions.
Pakistan’s most vulnerable people live in areas that are at risk because of poor infrastructure.
The elevated houses that Lari has designed can withstand rushing water.
Everything is elevated so that the waters coming, they won’t afect anything. And then bamboo is something
that I’ve been using since 2009, so I learned how to use it and we’ve been using it in earthquake areas as
well as lood areas. And they have survived very well because they are very well designed.
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