
Using ChatGPT in Content Marketing: Enhancing Users’ Social
Media Engagement in Cross-Platform Content Creation through

Generative AI
Kholoud Aldous

Qatar Computing Research Institute
Doha, Qatar

kkaldous@hbku.edu.qa

Joni Salminen
University of Vaasa

Vaasa, Finland
jonisalm@uwasa.fi

Ali Farooq
University of Strathclyde

Glasgow, Scotland
afk@ieee.org

Soon-gyo Jung
Qatar Computing Research Institute

Doha, Qatar
sjung@hbku.edu.qa

Bernard J. Jansen
Qatar Computing Research Institute

Doha, Qatar
jjansen@acm.org

ABSTRACT
As the integration of artificial intelligence into social media con-
tinues to attract attention, the key impacts on content marketing
are still undefined. Initial studies have shown that language models
are capable of producing content that is competitive with content
created by humans. However, how can such content be tailored
for different social media platforms as part of an organization’s
content marketing strategy? To address this question, we evaluate
the effectiveness of using GPT-4, to generate cross-platform content
for Facebook, Instagram, and Twitter (currently X). Participants
(𝑁 = 892) evaluated 30 AI-created content (ACC) and human-
created content (HCC). Findings show that ACC scored higher on
preference by users, call-to-action, and emotional responses than
HCC for Facebook. However, AI’s advantage wanes on Twitter and
Instagram, where posts are terser. The results imply that GPT-4
comprehends what type of content to create for different platforms,
making it a useful tool for cross-platform content creation.

CCS CONCEPTS
• Human-centered computing→ Collaborative content cre-
ation; Social media.
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1 INTRODUCTION
Social media is a fundamental part of how people communicate,
share, and interact online [13, 61]. Social media platforms, such as
Facebook (FB), Instagram (IG), and Twitter (TW) (currently “X”),
have their unique features and user bases, creating challenges for
companies and other organizations producing content [2] as part of
their content marketing1. To maximize their reach, organizations
create cross-platform content as a social media marketing strategy
[49, 68]. Cross-platform content refers to digital content (i.e., posts
including text, images, and video) adapted to suit different social
media platforms’ features and user demographics.

Generative artificial intelligence (Gen AI) technology offers new
ways to customize cross-platform content for different social media
platforms, notably using large language models (LLMs) [28]. We
refer to this capability of customizing content for different social
media platforms as the generation of cross-platform content. In
general, LLM technologies, such as OpenAI’s GPT-4, demonstrate
remarkable capabilities in understanding and generating text [24].
Consequently, users’ interaction with AI-generated content is rais-
ing significant interest within fields like computer science, con-
sumer psychology, and marketing [11, 12, 35, 68]. However, ques-
tions remain about how effective generative AI is in generating
engaging cross-platform content, how the cross-platform content
compares to content made by humans in terms of its impact on the
users, and what the overall effects of AI-generated social media
content are on user engagement and preferences. Though nascent
work addresses these questions [35, 62, 68], much remains to be
explored.

Gen AI can create original digital content from prompts (i.e.,
instructions, requests) provided by users [68]. These prompts can
specify the desired output type and characteristics the user desires,
and the AI will produce the requested content. It is, therefore, an
intriguing question if we ask the AI to generate “engaging” content,
is it able to do so? Addressing the problem of cross-platform content
adaptation through LLMs, this research looks into how AI-created
content, specifically using OpenAI’s GPT-4, performs on specific
social media platforms and how it affects user engagement and
emotions. Collecting data from real users, we compare AI-created

1Content marketing is the process of planning, creating, and distributing digital content
to engage customers and improve marketing performance [68].

376

https://orcid.org/0000-0003-1188-5724
https://orcid.org/0000-0003-3230-0561
https://orcid.org/0000-0003-4864-3155
https://orcid.org/0000-0002-6130-8012
https://orcid.org/0000-0002-6468-6609
https://doi.org/10.1145/3648188.3675142
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1145/3648188.3675142
http://crossmark.crossref.org/dialog/?doi=10.1145%2F3648188.3675142&domain=pdf&date_stamp=2024-09-10


HT ’24, September 10–13, 2024, Poznan, Poland Kholoud Aldous, Joni Salminen, Ali Farooq, Soon-gyo Jung, and Bernard J. Jansen

content (ACC) with human-created content (HCC) on three promi-
nent social media platforms–FB, IG, and TW–to verify if LLMs can
improve content marketing in social media. Because these three
platforms each impose specific requirements on the type of content
required to be successful in content marketing [7], we pose the
following research questions (RQs):

RQ1: How effectively can ACC (vs. HCC) match specific platform
requirements? Again, this is crucial for LLM-aided content mar-
keting to be successful: it needs to demonstrate awareness of the
distinct conditions in different platforms in terms of length, visual-
ity, tone of voice, and so on.

RQ2: How do users’ emotional responses to ACC compare with
HCC? LLM-generated content might be perceived as robotic, stale,
boring, or disengaging. Good online content evokes emotion–thus,
we investigate this aspect of LLMs being able to create emotionally
engaging content.

RQ3: How does users’ engagement with ACC compare with HCC?
“Engagement” is the primary motivation and goal for firms and
other organizations engaging in content marketing [35]. In other
words, these organizations expect reactions and responses from
the audience. Therefore, measuring this aspect of LLM-generated
content is crucial to our investigation.

RQ4: Do users prefer ACC or HCC? Preference relates to users’
overall attitudes, perceptions, and liking of content [2, 6]. To add
value to content marketing, LLM-generated content needs to per-
form well in terms of preference.

We formalize our expectations on the empirical investigation in
the form of hypotheses. Our general expectation, which we then
apply to the individual hypotheses, is that “AI does equally well or
better than humans”. This expectation is based on the growing evi-
dence that LLMs have reached human-level or higher (superhuman)
capabilities across a broad range of tasks [8, 62].

More specifically, for RQ01, we put forth the following hypothe-
ses, all that deal with platform adaptability: ACC scores higher
on topical interest (H01), clarity (H02), tone (H03), and call to
action (CTA) (H04) than HCC.

For RQ02, we put forth the following hypothesis that deals with
users’ emotional responses to content: H05: ACC scores higher
on positive emotional responses than HCC.

For RQ03, we put forth the following hypotheses, all that deal
with individuals’ engagement with social media content: ACC
scores higher on reads (H06), views (H07), likes (H08), comments
(H09), and shares (H10) than HCC.

For RQ4, we put forth a hypothesis that deals with users’ prefer-
ences: H11: ACC scores higher on preference than HCC.

For each of the hypotheses, our premise is that ACC will out-
perform HCC given the reported potential of LLMs in content
generation [28]. To address our RQs, we conducted a user study
where participants evaluated the HCC and ACC for three promi-
nent social media platforms: FB, IG, and TW. Participants were
asked to assess the platform’s adaptability, emotional responses,
engagement, content preferences, and other factors for each post,
without knowing if the post was created using HCC or ACC.

Our findings have implications for a broad range of stakeholders,
including actors like content marketers, news and media organi-
zations, political marketers, non-profits, advertising firms, and so

on. In addition to organizations, individuals–called influencers or
creators—also rely on content marketing on social media to gen-
erate income. The estimated annual value of the digital creator
economy is $14 billion USD [19], involving creative workers such
as writers, podcasters, artists, and musicians who use social media
to reach their audiences and generate income. So, our research is
relevant for several stakeholder groups.

2 LITERATURE REVIEW
Content creators often share similar content across multiple social
media platforms, known as cross-platform content creation [52]. This
approach is used to manage several social media profiles/channels
efficiently. It typically involves tailoring content by platform to
address each platform’s unique features [34, 53, 57, 66]. For in-
stance, FB attracts users looking for meaningful and personal con-
nections [58]. IG is more about visuals and lifestyles, so it attracts
users focused on personal and corporate branding [39]. TW is more
about quick updates and news; i.e., concise microtext [32]. These
unique aspects of each platform shape users’ expectations and en-
gagement. So, content that is engaging on one platform may not
necessarily perform well on another, despite the similarities in the
content [3]. However, creating cross-platform engaging content is
both time-consuming and requires significant effort, which high-
lights the need to support creating engaging content for multiple
platforms [2, 51].

Because social media platforms such as FB, IG, and TW each
possess distinctive content ecosystems characterized by unique
linguistic and stylistic norms that dictate user engagement and
interaction [4], it is both a challenge and an opportunity for LLMs to
adapt to these diverse content characteristics–ranging from topical
interest and clarity to tone of voice and CTA–which are critical
determinants of user engagement metrics in content marketing,
including likes, comments, and shares [7, 65]. While research [1, 21,
42, 47] highlights LLMs’ ability to adapt different writing styles and
contextualizing content, a gap remains in understanding how these
capabilities translate to platform-specific content creation, where
each social media platform presents its own set of requirements and
audience expectations. To address this gap, we propose hypotheses
H01-H04, suggesting that ACC may exhibit superior adaptability
in aligning with platform-specific demands.

Emotions are crucial in our daily lives, shaping howwe define hu-
manness, express ourselves, and communicate with others [36, 48].
Social media content is a profound reflection of personal expression,
revealing insights into the private and public aspects of individuals’
lives through their emotions, thoughts, and activities [43, 44, 56].
Emotions significantly impact our daily actions, beliefs, and mo-
tivations [36], and understanding emotional reactions is key to
comprehending the motivations of social media users [20, 72]. So-
cial media postings can trigger emotions in readers, leading to
expressions of feelings through comments or other actions [71].

Research on emotional contagion suggests that users mirror emo-
tions in social media, with positive content often leading to positive
reactions [45], while negatively charged content can trigger neg-
ative emotions [31]. LLMs, like ChatGPT, can perform sentiment
and emotion classification comparably to systems like IBM Watson
without explicit training [17], aligning with human emotions [69].
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Though emotional analysis in ACC using LLMs has been a subject
of interest [26, 73], comparative studies between the emotional
depth of ACC and HCC, especially in a social media context, are
scarce. So, H05 suggests that ACC may evoke higher positive emo-
tional responses than HCC, leveraging AI’s proficiency in sentiment
analysis and emotional tone replication.

User engagement is impacted by many factors, including the
context, content, and creator [37, 50, 54]. User engagement is de-
fined as “the emotional, cognitive, and behavioral connection that
exists, at any point in time and possibly over time, between a
user and a resource,” with a resource being an online application
or content [10]. Our approach involves analyzing user engage-
ment through recorded user behaviors, as detailed in prior stud-
ies [9, 38, 46]. In social media, engagement metrics (e.g., likes, com-
ments, and shares) are crucial for businesses and research to assess
performance in terms of marketing objectives [59].

Empirical studies show that users struggle to discern between
ACC and HCC, often unable to accurately identify the true author
[40, 70]. Specifically, Henestrosa et al. [33] found no significant dif-
ferences in the perceived credibility and trustworthiness between
texts authored by AI and humans. Rezwana and Maher [60] found
that AI-to-human communication significantly enhances user en-
gagement, collaboration experience, and the perception of AI as a
reliable, personal, and intelligent source. In light of the complex
interplay between content characteristics and user engagement
behaviors, H06-H10 explore the potential of ACC to surpass HCC
in engaging users, driven by its adaptability and emotional depth.
In H11, we investigate whether the nuanced capabilities of AI in
content generation might lead to a preference for ACC over HCC.

3 METHODOLOGY
3.1 Participants
To secure a broad and varied sample for investigating our RQs, we
recruited 892 participants through CloudResearch, an online partici-
pant pool [18]. Our invitations targeted US-based social media users
who fulfilled three criteria: (1) active usage of one of the studied
platforms (FB, IG, or TW); (2) passing the quality check questions;
and (3) currently engaged in some form of employment–whether
full-time, part-time, self-employed (both full-time and part-time) or
studying. We applied a bucketed data collection to ensure a reason-
ably sized sample from each platform under investigation. For FB,
the sample consisted of 301 regular users (𝑀𝑎𝑔𝑒 = 41.76 years). Of
these, 36.88% (n = 111) were male, and 63.12% (n = 190) were female.
Participants reported spending 4.58 hours per day on the platform.
For IG, the sample consisted of 305 regular users(𝑀𝑎𝑔𝑒 = 48 years).
Among these participants, 40.66% (n = 124) were male, and 59.34%
(n = 181) were female. Participants reported spending 5.08 hours per
day on the platform. For TW, the sample consisted of 286 regular
users (𝑀𝑎𝑔𝑒 = 41.81 years). Among these participants, 42.66% (n
= 122) were male, and 57.34% (n = 164) were female. Participants
reported spending 5.19 hours per day on the platform.

3.2 Procedure
We first collected and prepared 90 pairs of HCC and ACC, 30 pairs
per platform (i.e., FB, IG, and TW). These pairs relate to 30 cross-
platform content, where each post is shared on three platforms. We

Figure 1: The study pipeline shows the process of FB, IG, and
TW users starting the Qualtrics 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.

conducted three separate surveys, each tailored to a specific social
media platform, on Qualtrics. The study pipeline is shown in Figure
1. To ensure participant attentiveness and genuine engagement,
we integrated 30 quality control questions, spread at one per post.
Participants who failed any of the quality check questions were
excluded from the study. After getting their consent, participants
were assigned the task of evaluating three posts specific to one
platform: FB, IG, or TW.

This study employed a within-subjects design [30, 41]. Each par-
ticipant was presented with two versions of a post related to the
same video on a single social media platform, HCC and ACC, with
the versions counterbalanced across all participants. The partici-
pants were directed to read each post with a link to the original
video to watch. The participants were not informed about the ori-
gin of each post, whether it was created by a human or by GPT-4.
This ensures that every evaluation is a paired comparison within
the same platform and related to the same content. Participants
were exposed to a random selection of three posts from a pool of
30 posts. With the help of Qualtrics’ balanced distribution option,
we ensured that each post received nearly equal evaluations from
different participants and equal ordering. Each post was evaluated
on average 30.1 times on FB, 30.5 times on IG, and 28.6 times on
TW. Given that the impact of labeling ACC on user engagement
behavior is significant [26], the current study adopts a method
where we present participants with two versions of the same post
in sequence, without indicating the source.

3.3 Data Collection
Collecting Video Content: We compiled a dataset of 30 video clips,
cross-posted during June and July 2023 on FB, IG, and TW from a
major international news and media organization focused on social
media distribution and applying the cross-channel content strategy.
We selected FB, IG, and TW based on their popularity and diverse
user bases, ranking as the top three platforms widely used at the
time of this study2. Our study focused on video content to reduce
biases from different content types [4].

All videos were sourced exclusively from the organization, AJ+
English, known for its contemporary approach to journalism, lever-
aging digital platforms to reach a global audience. Their content
often covers hard-hitting news with social issues, presenting them
2https://www.similarweb.com/top-websites/united-states/computers-electronics-
and-technology/social-networks-and-online-communities/
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in a format that appeals to the younger generation. AJ+ English had
11M followers on FB, 1.2M followers on TW, and 947K followers
on IG at the time of the study. The collected videos are exactly the
same across the platforms, with the same or different associated
text descriptions or captions.

Across the three platforms, video engagement levels vary, even
when the same content is cross-posted [3]. On FB, on average, a
post had 4,173 likes, 445 comments, and 1,002 shares. On IG, on
average, a post had 7,007 likes, 116 comments, and 1,420 shares. On
TW, on average, a post had 117 likes, 5 comments, and 63 shares.

Video Transcription: We transcribed the 30 collected videos into
text to serve as input for generating LLM content. At the time
of this research, GPT-4 required text-based input. This transcrip-
tion process guarantees that we grasp the precise phrasing and
context vital for generating accurate and engaging LLM content.
On average, a single video transcript contained approximately 493
terms, equivalent to roughly 2,998 characters. The range of terms
per transcript was observed to be quite diverse, with a minimum
of 186 terms (or approximately 1,093 characters) and reaching a
maximum of 1,122 terms (or approximately 6,722 characters). All
transcripts were manually checked for accuracy and consistency
with the video content. For videos featuring non-English speakers,
we integrated the translated text into the video transcripts. GPT-4
has a limit of 32,000 tokens, while our transcripts have a maximum
of 1,122 terms, which is well within the limit.

GPT-4 Prompting: There are two approaches to prompting GPT-4
for cross-platform content generation: individual platform prompt
and combined prompt. The choice between these approaches de-
pends on the goals of the content strategy—whether it prioritizes
uniformity and efficiency or customized engagement for each plat-
form. This research simultaneously adopts the combined prompt for
creating a uniform post across different platforms. We formulated
a prompt for GPT-4 that specifically asked the model to create a
tweet for TW, a caption for IG, and a post for FB. The prompt was
structured 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 concatenated prompt and a
video transcript were fed into GPT-4, generating tailored content
for each specified platform. As we have thirty videos, we repeated
the prompting thirty times, one per video transcript.

All prompts were performed on the first of August, 2023, using
GPT-4. The output for TW was the first segment of the response,
designed to adhere to TW’s character limit. The output for IG
focused on generating interest and action, encouraging users to
swipe left or click the video link. The FB post was extracted as a
more descriptive or engaging post that would suit FB’s audience
and platform dynamics. The ACC contains hashtags for the three
platforms, which serve as critical tools for categorizing, enhancing
discoverability, and driving engagement.

ACC underwent a detailed manual review to remove any action-
related text that did not align with our research focus. For example,
even though we mentioned in the prompt it is a video, we still got
‘Swipe⇒’ and ‘[link to the video]’ on a few IG captions (5 out of
30). These were not relevant to our needs, so we manually removed
them. For each video, we first took a screenshot of the HCC on the
respective platforms. Then, we replaced the post text with the AI-
created post and took another screenshot (AI-created) to create the

survey. When taking the screenshots, we hide engagement metrics
to eliminate any social effect during the evaluation. We ensured
the two versions of the post, ACC and HCC, were the same format
with only different text.

3.4 Measures
Platform Adaptability: For addressing RQ01, platform adaptabil-
ity was evaluated through four aspects: topical interest, clarity,
tone, and CTA. The following survey questions were used, with a
five-scale semantic differential: (1) Topical Interest: The level of
interest users had for the content (Not Interesting (1) to Very Inter-
esting (5)); (2) Clarity (Very unclear (1) to Very clear (5)); (3) Tone
(Very informal (1) to Very formal (5)); and (4) CTA: a statement
motivating viewers to engage with the post (like, comment, share,
etc.) (Very weak (1) to Very strong (5)).

Emotional Response: For addressing RQ02, we compared the par-
ticipant’s emotional responses to HCC and ACC using general
sentiment (positive or negative) [16]. The participants were asked
about their general sentiment through the question, “How did the
post make you feel?” with the responses collected on a Likert scale
from 1 (Very negative) to 5 (Very positive).

Engagement: For measuring user engagement, we used both the
consumption (e.g., views and reads) and contribution measures (e.g.,
likes, comments, and shares) [25, 63]. Participant engagement was
measured through a series of questions using a Likert scale ranging
from Very unlikely (1) to Very likely (5). Participants were asked to
rate their likelihood of reading the post, viewing the video based
on the post content, liking, commenting, and sharing the ACC and
HCC (addressing RQ03).

User Preferences: The measure used to address RQ04 was par-
ticipants’ post-preference. Participants were presented with pairs
of content – one HCC and the other ACC. For each pair, they re-
sponded to the question, “If you had to select, which of the two posts
do you prefer?”. Their responses allowed us to determine which
type of post (human vs. AI) was more preferred.

4 RESULTS
4.1 RQ01
H01.AI-created content has better topical interest thanhuman-
created content. A Wilcoxon signed-rank test was conducted to
compare HCC and ACC for FB, IG, and TW regarding topical in-
terest. For FB, the results indicated that ACC had higher topical
interest scores than HCC, W = 20701.0, p = 0.001. The IG and TW
results were non-significant (see Table 1). Thus, H01 is partially
supported: ACC shows better topical interest than HCC for FB.

H02. AI-created content has better clarity than human-
created content. For FB, the results indicated that ACC had higher
clarity scores than HCC, W = 17957.0, p <0.001. The IG and TW
results were non-significant (see Table 1). Thus, H02 is partially
supported: ACC shows better clarity than HCC for FB.

H03.AI-created content has better tone thanhuman-created
content. For FB, the results indicated that ACC had higher tone
scores than HCC, W = 18818.0, p <0.001. The IG and TW results
were non-significant (see Table 1). Thus, H03 is partially supported:
ACC shows higher tone scores than HCC for FB.
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Table 1: Wilcoxon test results comparing the HCC with the
ACC across measures. Significant results are in green color.

Facebook
RQ Measure M (HCC) M (ACC) Md (HCC) Md (ACC) W p N

RQ01

Topical (H01) 3.807 3.924 4.0 4.0 20701.0 0.001 902
Clarity (H02) 4.264 4.433 5.0 5.0 17957.0 0.000 902
Tone (H03) 3.645 3.867 4.0 4.0 18818.0 0.000 902
CTA (H04) 3.614 3.847 4.0 4.0 23572.5 0.000 902

RQ02 Emotions (H5) 3.494 3.574 3.0 4.0 17605.0 0.008 902

RQ03

Read (H06) 3.650 3.766 4.0 4.0 20374.5 0.001 902
View (H07) 3.641 3.717 4.0 4.0 23083.0 0.014 902
Like (H08) 3.394 3.538 4.0 4.0 20405.0 0.000 902
Comment (H09) 3.155 3.251 3.0 3.0 19613.0 0.005 902
Share (H10) 3.194 3.329 3.0 4.0 18200.5 0.000 902

Instagram

RQ01

Topical (H01) 3.998 4.007 4.0 4.0 18521.5 0.720 914
Clarity (H02) 4.423 4.454 5.0 5.0 20424.0 0.266 914
Tone (H03) 3.719 3.751 4.0 4.0 26310.5 0.203 914
CTA (H04) 3.822 3.898 4.0 4.0 32135.5 0.024 914

RQ02 Emotions (H5) 3.469 3.564 3.0 4.0 15878.0 0.002 914

RQ03

Read (H06) 3.784 3.807 4.0 4.0 21309.5 0.435 914
View (H07) 3.757 3.801 4.0 4.0 24257.0 0.197 914
Like (H08) 3.550 3.576 4.0 4.0 24359.0 0.347 914
Comment (H09) 3.328 3.341 4.0 4.0 17612.0 0.574 914
Share (H10) 3.291 3.319 4.0 4.0 19156.5 0.259 914

Twitter

RQ01

Topical (H01) 3.943 3.980 4.0 4.0 21645.0 0.149 857
Clarity (H02) 4.381 4.429 5.0 5.0 21312.0 0.094 857
Tone (H03) 3.718 3.754 4.0 4.0 31205.5 0.258 857
CTA (H04) 3.693 3.868 4.0 4.0 27260.0 0.000 857

RQ02 Emotions (H5) 3.542 3.578 4.0 4.0 23858.0 0.146 857

RQ03

Read (H06) 3.744 3.793 4.0 4.0 22128.5 0.090 857
View (H07) 3.753 3.773 4.0 4.0 22657.0 0.576 857
Like (H08) 3.561 3.621 4.0 4.0 27759.5 0.070 857
Comment (H09) 3.253 3.321 4.0 4.0 20274.0 0.028 857
Share (H10) 3.360 3.418 4.0 4.0 20693.5 0.072 857

H04: AI-created content has a better call to action than
human-created content. 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 TW, ACC had a higher
CTA score than HCC, W = 27260.0, p <0.001. Thus, H04 is fully
supported: ACC has a better CTA than HCC for all platforms.

4.2 RQ02
H05. AI-created content results in higher positive emotional
responses than human-created content. For FB, a Wilcoxon test
indicated 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 TW was
non-significant. Thus, H05 is partially supported: ACC scores higher
on positive emotional responses than HCC (for FB and IG).

4.3 RQ03
H06: AI-created content will have higher reads than human-
created content. For FB, ACC had higher reads than HCC, W =
20374.5, p = 0.001. The IG and TW results were non-significant.
Thus, H06 is partially supported: ACC has higher reads than HCC for
FB.

H07:AI-created contentwill have higher views thanhuman-
created content. For FB, ACC had a higher views score than HCC,
W = 23083.0, p = 0.014. The IG and TW results were non-significant.
Thus, H07 is partially supported: ACC has higher views than HCC
for FB.

H08:AI-created contentwill have higher likes thanhuman-
created content. For FB, ACC had a higher likes score than HCC,

W = 20405.0, p <0.001. The IG and TW results were non-significant.
Thus, H08 is partially supported: ACC has higher likes than HCC for
FB.

H09: AI-created content will have higher comments than
human-created content. For FB, ACC had a higher comments
score than HCC, W = 19613.0, p = 0.005. For TW, ACC had a higher
comments score thanHCC,W= 20274.0, p = 0.028. The IG result was
non-significant. Thus, H09 is partially supported: ACC has higher
comments than HCC for FB and TW.

H10:AI-created contentwill have higher shares thanhuman-
created content For FB, ACC had a higher share score than HCC,
W = 18200.5, p <0.001. The IG and TW results were non-significant.
Thus, H10 is partially supported: ACC has higher reads than HCC for
FB.

4.4 RQ04
H11.AI-created content is preferred relative to human-created
content. The Chi-square test of independence was performed to
test the preference for ACC relative to HCC among participants on
FB, IG, and TW. FB users had a higher preference for ACC, 𝜒2(1,
N = 903) = 35.48, p <.001. The ACC (n = 541) was preferred more
frequently than HCC (n = 362). TW users had a higher preference
for ACC, 𝜒2 (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-significant. Thus, H11 is partially supported: ACC is preferred
to HCC for FB and TW.

5 DISCUSSION
5.1 Study Implications
Addressing RQ1, ACC demonstrated superior adaptability for FB,
with better clarity, tone, and topical interest compared to HCC. For
IG and TW, however, the advantages of ACC in matching platform-
specific requirements were not as pronounced, with non-significant
differences observed in most cases. Addressing RQ2, ACC elicited
stronger positive emotional responses than HCC for FB and IG,
indicating that AI has the potential to engage users emotionally
more effectively on these platforms. TW did not show a significant
difference in emotional response between ACC and HCC. Address-
ing RQ3, for FB, ACC consistently led to higher user engagement
across various metrics, including reads, views, likes, comments,
and shares. This suggests that ACC can more effectively drive en-
gagement on this platform. For IG and TW, the impact of AI on
engagement was less clear, with most measures not showing sig-
nificant differences. Addressing RQ4, users showed a preference
for ACC over HCC for FB and TW, indicating a general favorability
towards the former in terms of content preference. IG users did not
exhibit a significant preference between ACC and HCC.

In summary, our findings demonstrate that GPT-4 effectively
generates cross-platform content that is preferable to HCC on FB
and TW and has similar preferences compared to HCC on IG. This
finding highlights the changing nature of LLMs [15], which adapt
to different social media platforms with varying content styles and
audience engagement strategies. In other words, ACC is at least as
good (on IG) and statistically better on FB and TW based on our
study results. For FB, all the tested hypotheses showed significant
results. Participants perceived the ACC as more adapted to the FB
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platform, which is evident in relevance, clarity, tone, and CTA. They
also responded more emotionally to ACC, increasing engagement
through increased reads, views, likes, comments, and shares.

Our findings indicate that ACC exhibits a notable advantage
in evoking emotional responses on platforms such as FB and IG,
as compared to its performance on TW, where human creators
maintain a competitive edge. This distinction may be attributed to
the nature of the content; we leveraged news content, which has
been demonstrated to elicit varying emotional responses across
different social media platforms [6].

For FB, ACC consistently outperformed HCC across all user en-
gagement metrics. The highest gaps were observed in the ‘Likes’
and ‘Shares’ metrics, indicating that ACC might be more likable
and share-worthy on FB than HCC. Also, ACC encourages more
comments than HCC on TW, but similar reads, views, likes, and
shares. Different types of content work better on different plat-
forms [5]. As a result, it is possible that the nature of ACC is more
suited to FB’s content preferences (e.g., narrative content), which
results in higher engagement, while on TW, where concise and
timely content is often key, ACC performs similarly to HCC.

The CTA is where AI does best across FB, IG, and TW. For in-
stance, for a single video post, ACC CTAs varied as follows: on FB,
the call was “We invite you to share your thoughts on the narratives
that shape our world,” on IG, it encouraged “Don’t forget to leave a
comment and let us know which artifact you’d like us to explore
next!,” and on TW, it was “Join us as we explore the captivating yet
controversial history behind these artifacts.” In contrast, HCC for
the same video lacked any form of CTA.

It is important to highlight that we did not explicitly instruct
GPT-4 to include CTA statements; this was automatically included
on most of the ACC. One reason could be that GPT-4 is trained on
a vast array of text data, which includes countless examples of suc-
cessful social media posts, marketing content, and other forms of
marketing communication that effectively use CTAs. As CTAs were
found to encourage users to engage with social media posts [55].
This training enables the AI to learn which CTAs effectively engage
audiences. Also, the fact that these CTAs were included without ex-
plicit instructions suggests that the AI has learned to recognize the
value of CTAs in digital content as a best practice. This demonstrates
the AI’s ability to apply learned concepts in practical applications,
even when not directly prompted to do so.

Additionally, we observe that although the CTA is more pro-
nounced in ACC across the three studied platforms, the engage-
ment metrics on IG and TW do not significantly differ from those
of HCC, except for TW’s comments. This difference may be due to
several factors explored in the literature, including the audience’s
pre-existing relationship with the content creator [55]. For example,
on IG, a CTA motivates followers to participate in eWOM, but not
non-followers [55]. The reader should observe that the mean scores
of ACC (Table 1) were consistently higher than those of HCC across
all studied measures. However, the differences were not statistically
significant in most cases for IG (8 out of 10) and TW (8 out of 10).
This consistent, though not statistically significant, higher perfor-
mance of AI suggests that the study might require more power to
validate the findings, implying a need for a larger sample size. This
is an area for future research.

5.2 Limitations and Future Work
Our participant base was primarily from the US, potentially not
capturing the diverse global attitudes. This geographical limitation
might mean we missed out on varied cultural interpretations, es-
pecially if the AI models are mostly trained on Western datasets.
Although our study focused on data from a single organization that
posts across FB, IG, and TW, it is important to note that organiza-
tions may utilize different platforms. To gain a more comprehensive
understanding of the adaptability of the LLM, future evaluations
on multiple user groups outside of the US and multiple platforms
such as YouTube and LinkedIn would be valuable.

We employed a combined prompt for generating cross-platform
content from a single prompt, yet future research could explore the
effects of using separate prompts for each platform,. While LLMs
incorporate knowledge of platform-specific characteristics, using
just platform names for prompting may lead to biased outputs; an
alternative is to use real-world examples and user profiles for each
platform to minimize inherent biases, a method future research
could evaluate. Additionally, we relied solely on video content
transcripts to generate social media content. While this is suitable
for videos, it does not consider other content types, such as IG
photo albums, photo captions, and images with overlaid text. Future
studies could explore different content sources.

The study asked people to read social media content carefully,
but users might usually glance quickly in real life. This might affect
how the study’s findings relate to what happens in real social media.
One way to improve future research is by trying out two versions
of the same post on the organization’s social media and seeing how
people engage with it. This could involve making a post in one
way and then making a similar one with a slight difference. By
comparing how people interact with both, we can get insights into
what kind of content gets more attention and why. This real world
experiment would be a worthwhile extension of our research.

The findings could partially be affected by the post lengths due to
the longer post lengths observed in ACC compared to HCC. There
is a noticeable trend that the impact of AI is less effective on shorter
social media posts, like those on TW and IG. This suggests that the
length of content affects how people evaluate it [22, 23, 29]. Also,
there could be different platform-specific dynamics, which affect
how content generation methods impact user engagement. Factors
like the nature of the platform, its user demographics, and typical
content consumption patterns could all play a role in how users
perceive and engage with ACC [14, 27, 64, 67]. More research on
these human factors is needed.

Finally, we employed GPT-4 to generate social media content. In
future research, exploring and assessing the performance of other
LLMs like Gemini, Claude, and Llama would be beneficial.
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