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Abstract

The rise of visually driven social media platforms
like Instagram has transformed the way information
and narratives are shared. This study explores
the impact of social, cultural, and political (SCP)
symbols in Instagram images on user engagement
within Taiwan’s 2024 Election Anti-Disinformation
Campaign. Specifically, it investigates the correlation
between the presence of SCP symbols and user
engagement, and further examines whether a higher
semantic similarity between SCP symbols in user text
and large language model (LLM) generated image
descriptions (consistency) leads to increased likes.
Additionally, the SEIZ epidemiological model is used
to assess whether the presence of SCP symbols and
consistency in messaging influence the spread of this
content, measured by its infection rate. Our findings
reveal that posts rich in SCP symbols and those with
greater text-image alignment not only achieve higher
engagement but also greater dissemination, as indicated
by a faster infection rate. These results highlight the
importance of multimodal analysis in understanding
information campaigns. By integrating semiotics,
LLMs, and epidemiological modeling, this study offers
a robust framework for future research on social media
information campaigns and provides valuable insights
for strategic communication efforts aimed at countering
disinformation.
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1. Introduction

Can a picture truly convey a thousand words?
Chandler (2002) explored how images communicate
both literal and connotative meanings. With platforms
like Instagram—boasting over 1 billion monthly and
500 million daily active users—images have become a
powerful medium for expressing diverse topics (Rejeb
et al.,, 2022). Research shows that social media
images can evoke a wide range of emotions (Schreiner
et al., 2021), emphasizing that analyzing user-generated
text alone is insufficient to capture the full narrative
conveyed by visuals. This is particularly relevant as
Gurung et al. (2024) found that content titles often don’t
align with the actual content.

To bridge this gap, we utilize advanced large
language models (LLMs), which offer profound
contextual understanding thanks to their extensive
training on diverse datasets. Specifically, we employ
GPT-4 Omni (GPT40) and Gemini Pro Vision to
identify and analyze social, cultural, and political
(SCP) symbols within Instagram posts related to
Taiwan’s election anti-disinformation campaign. Our
research aims to determine how these symbols influence
user engagement, as reflected by the number of
likes these posts receive. Furthermore, we examine
whether the increased semantic similarity between
SCP symbols in user-generated text and descriptions
produced by LLM models—resulting in greater message
consistency—leads to higher user engagement, as
measured by likes.

These experiments provide a method for evaluating
user resonance, while epidemiological frameworks
such as the SEIZ model offer insights into how this
resonance propagates. Compartmental models illustrate
how individuals move between various states of
engagement. We focus on identifying how the presence
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of symbols and message consistency contributes to the
increased dissemination of content. The methodological
framework has been illustrated in figure 1.

Factor Outcome
Presence of RQ1 -
Social, Cultural RQ2 Content Engagemment
and Political
Symbols 2
Message Consistency RQ4 Spread of Content

Figure 1. Methodological diagram summarizing the
study’s research questions on how social, cultural, and
political (SCP) symbols and messaging consistency
affect content engagement and spread.

This leads us to the following research questions:

1. Does the presence of social, cultural, and political
(SCP) symbols improve post-engagement?

2. Does a higher alignment of SCP symbols
between user-generated text and image descriptions
(i.e., consistency in the message) lead to more post
engagement?

3. How does the presence of SCP symbols impact
the spread of posts?

4. How does the alignment of SCP symbols with
user-generated content (i.e., consistency in the message)
influence the spread of posts?

Background. Taiwan’s 2024 election faced
significant misinformation challenges, including false
claims of voter fraud and miscounted results. As ballots
were counted on January 13, rumors of vote fabrication
emerged, raising concerns about election integrity.
Taiwan avoided a crisis similar to the January 6 incident
in the US through a “whole-of-society” approach:
fact-checking groups debunked false claims, the Central
Election Commission addressed discrepancies, and
YouTube influencers quickly corrected misinformation.
This coordinated effort preserved election integrity
and restored public trust. Figure 2, based on
publicly available articles (Klepper & Wu, 2024;
MyGoPen, 2024), shows the timeline of these actions,
where Red indicates disinformation campaign and
green indicates disinformation debunking campaign.
Although early research efforts were made on YouTube
and TikTok, Instagram emerged as the primary source
of anti-disinformation data for our study due to its
extensive volume of available information.

2. Literature Review
Semiotics, the study of signs and symbols in

communication, offers a valuable framework for
understanding how images generate and convey

meaning.  According to Chandler (2002), images
function on two primary levels: the denotative (literal)
and the connotative (associative). Symbols within
images evoke complex ideas and emotions that extend
beyond their literal representations. For example,
a photograph of a dove may symbolize peace or
freedom, depending on the cultural context. Research
by Van Leeuwen (2005) and Rose (2022) explores
the evolving nature of semiotic analysis in the digital
age, where images are produced and consumed at
an unprecedented rate. Van Leeuwen argues that
social media intensifies the connotative power of
images, necessitating more nuanced analysis, while
Rose highlights the importance of multimodality. Her
findings suggest that political symbols in images
are often interpreted through the lens of viewers’
existing beliefs and cultural backgrounds, thereby
reinforcing ideologies and shaping political narratives.
These symbols have deep historical roots, representing
complex ideas, beliefs, and values within society.

Social symbols, such as gestures or rituals, facilitate
communication and social cohesion by embodying
shared meanings within a community (Turner, 1967).
Cultural symbols, including flags and religious icons,
represent the collective identity, traditions, and norms
of a group, serving as unifying forces (Dadze-Arthur,
2017). Political symbols, such as emblems and slogans,
signify authority, power, and political ideologies,
playing a crucial role in shaping public perception and
mobilizing collective action (Mosse, 2023). In today’s
social media landscape, symbols have gained new
significance as they can spread quickly, be reinterpreted,
and be contested online. They become powerful tools
for identity expression, social movements, and political
discourse, often evolving into viral memes that influence
public opinion and drive social change (Johann, 2022).
This digital environment has redefined the role of
symbols, making them central to modern cultural and
political communication. Efforts to computationally
analyze these symbols are underway.

Entity extraction from images, a key component of
computer vision, involves identifying and classifying
objects, scenes, and textual elements. Researchers
have made significant advancements in object detection
and classification through deep learning, particularly
with Convolutional Neural Networks (CNNs). Early
architectures like AlexNet, VGGNet, and ResNet
effectively captured spatial hierarchies (Ren et al.,
2015).However, Large language models (LLMs), such
as OpenAl’s GPT-4, offer a promising alternative by
leveraging pre-trained multimodal inputs for entity
extraction from images. These models enhance
contextual and semantic understanding, generating
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Figure 2. Spread and rapid debunking of election-related disinformation in Taiwan. Red indicates disinformation
campaign and green indicates disinformation debunking campaign.

detailed captions and accurately identifying entities
(OpenAl, 2024).

Furthermore, we examine the spread of these posts
using epidemiological modeling, traditionally used
in public health to predict disease spread.  This
interdisciplinary approach has been adapted to study
information dissemination on social media. Coletti et al.
(2012) describe rumor spread as analogous to the spread
of infectious diseases, forming the basis for applying
epidemiological models to social media dynamics. The
Susceptible-Infectious-Recovered (SIR) model, widely
used in epidemiology, has been adapted for analyzing
information spread and categorizes individuals as
susceptible, infectious, or recovered (Coletti et al.,
2012). By incorporating social network structures,
researchers such as Wang et al. (2019) demonstrate
how factors like community structure impact the spread
of information online (Yu et al., 2021). The SIHR
model introduces hesitant individuals (H), who may
share information after initial resistance (Zhao et al.,
2012). The SEIZ model, which includes the states
of Susceptible, Exposed, Infectious, and Skeptical (Z),
provides a more nuanced understanding of user behavior
on platforms like Twitter (Guille et al., 2013; Jin et al.,
2013). Recent advancements integrate machine learning
with epidemiological models, using social media data
to improve prediction accuracy. Neural network-based
models dynamically adjust to real-time data, enhancing
responsiveness (Lazer et al., 2018).

3. Methodology

The following section discusses the methodology
employed in the study, including how the data was
collected and how social, cultural, and political (SCP)
entities were extracted from these images using Large
Language Models (LLMs). Additionally, it provides an
explanation of the mathematical model used, referred to
as “SEIZ.”

3.1. Data Collection

We used the Apify tool to collect Instagram images
related to specific keywords, including “DPP,” “Taiwan
Elections,” “Huang Guochang,” “Taiwan People Party,”
and “Taiwan Presidential Election.” In the first round,
these keywords were curated by subject matter experts
to ensure relevance and accuracy. To further enhance our
dataset, we employed a two-round snowball sampling
method. Initially, we gathered posts matching these
keywords and then expanded our dataset by examining
related posts and connections. In total, we collected
3,097 images. These images were subsequently used for
further analysis.

3.2. Extraction of Social, Cultural, and
Political Symbols

Many researchers have leveraged LLMs for various
applications, including text generation, sentiment
analysis, and entity recognition (Deng et al., 2023;
Yao et al.,, 2024). Studies like (Liu et al.,, 2023)
have demonstrated that LLMs possess a contextual
understanding, enabling them to interpret and generate
context. Furthermore Building on this foundation,
our research applied LLMs to analyze Instagram
data, concentrating on identifying social, cultural,
and political semiotics. We employed GPT-40 and
the Gemini Pro Visions API for this analysis. In
our analysis, we considered several key parameters.
Temperature controls the randomness of the output,
with lower values resulting in more deterministic
responses and higher values yielding more creative
ones. Max Tokens sets the maximum number of
tokens (words or parts of words) in the output, which
helps control the length of the response.  Top-p
(nucleus sampling) manages diversity by setting a
probability threshold, ensuring the model considers
only the smallest set of tokens whose cumulative
probability exceeds this threshold. Lastly, Frequency
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Penalty reduces the likelihood of repeated phrases
in the output, enhancing the overall quality and
coherence of the generated text (Brown et al., 2020;
Team et al., 2024). This comparative approach
significantly deepened our semiotic extraction process
by cross-verifying the identified entities. GPT-40, with
its training on diverse datasets like ImageNet, ensured
strong recognition and interpretation of visual content,
while Gemini excelled in detailed textual analysis (Bao
et al., 2023). Through the synergy of both models, we
attained a more comprehensive analysis of Instagram
narratives, shedding light on their embedded social,
cultural, and political dimensions. This framework led
to the development of a prompt aimed at extracting
SCP symbols from images, encompassing entries for
social, cultural, and political aspects where applicable.
A detailed exploration of each potential combination is
illustrated in Figure 3.

The prompt employed for both models was the
following: ““Visualize yourself as a proficient linguist
tasked with scrutinizing an Instagram image. Your goal
is to pinpoint and categorize three forms of “Symbolic
Communication” present in the image, namely “Social,”
“Cultural,” and “Political.” In cases where a category
isn’t evident, assign “0” to it. For instance, if you
identify “Social” and “Cultural” but not “Political,” your
output should take this form: {*“Social”: 1, “Cultural”:
1,“Political”: 0}. Justify each 1 value with reasoning}.”

3.3. Epidemiological Modeling

To model the spread of resonance on Instagram
using an epidemiological approach, it is crucial to select
an appropriate model and parameters that accurately
reflect the complexity and realism of the problem. Our
methodology draws a parallel between the spread of
likes on Instagram and the dissemination of toxicity and
rumors on social media (Obadimu et al., 2020). People’s
ideologies are complex, and when they are exposed to
news or rumors, they may hold different views, take time
to adopt an idea, or even be skeptical of some facts. In
these situations, they might be persuaded to propagate
a story or share it only after careful consideration.
Additionally, it is quite conceivable that an individual
can be exposed to a story yet never share it themselves.

According to Jin et al. (2013), the SEIZ model
has the following rules: Susceptibles, once exposed
to the posts, transition into the exposed compartment.
Individuals in the exposed compartment may become
skeptics or transition to the infected class either after
further contact with the infected or without additional
contact through self-adoption. All transitions occur at a

specific rate.

Specifically, we identify the following groups of
Instagram users for the SEIZ model, which are modeled
using equations 1.

¢ Susceptible (S): Users who have not yet
encountered the posts.

* Exposed (E): Users who have seen the posts but
have not interacted with them yet.

¢ Infected (I): Users who have liked the posts.

* Skeptics (Z): Users who have stopped engaging
with the posts.

Figure 4. Diagram of the SEIZ model showing the
flow between Susceptible (S), Exposed (E), Infectious
(1), and Zero (Z) states with transition rates

The following system of Ordinary Differential
Equations (ODEs) represents the SEIZ model (Jin et al.,
2013), demonstrated in Figure 4:
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To apply SEIZ models from equations (1), key
parameters like contact rates (53, -y, 7) must be defined,
along with initial values for S(tg), E(to), I(to), and
Z(to).The implementation was done in Python using
scipy.optimize for least-squares fitting and odeint for
solving ODEs. We used Nelder-Mead optimization
within scipy.optimize.minimize to ensure parameter
convergence by minimizing the difference between the
Infected compartment (I) and corresponding Instagram
data, |I(t) — posts(t)|. We tracked weekly cumulative
post counts to set optimization boundaries.

4. Results
During the extraction of social, cultural, and

political elements from images, some images could
not be processed by the models. The GPT-40 model
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Gemini- S:0 C:0 P:1
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Figure 3. Exploration of images comparing various combinations of Social, Cultural, Political (SCP) symbols and
their performance in GPT 40 and Gemini Pro Vision

encountered more difficulties compared to the Gemini
Pro Vision model. Detailed descriptions of the

processed and unprocessed images are presented in
Table 1.

Description Count
Total Images 3,097
Images Analyzed by GPT-40 2,160
Images Analyzed by Gemini-Pro-Vision 2,180
Unprocessed Images by GPT-40 937
Unprocessed Images by Gemini-Pro-Vision 917

Table 1. Summary of Image Analysis by GPT-4 and
Gemini-Pro-Vision

Our analysis revealed that the Gemini model
identified more social symbols, while the GPT model
identified more cultural symbols.  Although there
were only minor differences in the identification of
political symbols, the disparity in social and cultural
symbol identification was significant, as illustrated in
Figure 5. This difference may be attributed to the
Gemini model’s analysis of 16 additional images, which
allowed it to detect social semiotics more frequently
than the GPT model. These variations likely arise from
the distinct training data and methodologies employed
by each model (Park et al., 2018). Furthermore,
Bommasani et al. (2021) suggests that addressing these
discrepancies will require significant interdisciplinary
collaboration due to the inherently socio-technical
nature of foundation models.

Researchers like Wies et al. (2023) have highlighted
the significant role followers play in post-engagement.

Figure 5. Comparison of Social, Cultural, and
Political Entities Extracted by Gemini and GPT

To ensure that engagement wasn’t solely due to follower
count, we conducted further analysis of each symbol
category. We found that all groups had a similar follower
count range, as shown in Figure 6.

4.1. Impact of Social (S), Cultural (C), and
Political (P) Symbols in Instagram Posts

The posts were classified into four distinct categories
based on the presence of symbols: images with no
symbols (i.e., Category 1), images with one symbol
from either of the three symbol types S, C, or P
(i.e., Category 2), images with two symbol types (i.e.,
Category 3), and images with all three symbol types
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Figure 6. Comparison of Follower Counts Across
Symbol Categories. Category 1 = Images with no
symbols, Category 2 = images with one symbol from
either of the three symbol types S, C, or P, Category
3 = images with two symbol types, and Category 4 =
images with all three symbol types.

(i.e., Category 4). Our analysis shows that images
featuring a greater number of these symbols generally
receive higher levels of user engagement, as evidenced
by an increased number of likes (see Figure 7). This
finding addresses one research question (RQI) and
highlights a clear trend: posts incorporating multiple
social, cultural, and political elements attract more
interaction from users.

This positive correlation between the number of
symbols and user engagement is consistently observed
across both the GPT and Gemini models, even
though there are minor differences in their results.
The consistency across these models reinforces the
robustness of our findings, suggesting that the presence
of diverse symbols in images significantly enhances user
engagement on social media platforms.

4.2. Impact of Semantic Similarity Between
SCP in User Text and LLM Captions on
Instagram

After we extracted social, cultural, and political
(SCP) symbols from user-generated text using Gemini
Pro Vision and GPT-40, we then utilized the Universal
Sentence Encoder (USE) to create embeddings for both
the user text and the LLM-generated descriptions. By
calculating the cosine similarity between SCP elements
in user text and those in model-generated captions, we
assessed the alignment between these two sources.

Figure 8 illustrates the distribution of similarity
scores for GPT-40. Notably, Gemini Pro Vision
achieved a maximum similarity score of 0.81, while

H Gemini
GPT

Total Likes
N w IS
=3 <} S
S) 3 IS

=
o
S

Category 1 Category 2 Category 3

Categories

Category 4

Figure 7. The chart shows that increased symbol
usage leads to higher engagement, with more likes for
both the Gemini and GPT models. Category 1 =
Images with no symbols, Category 2 = images with
one symbol from either of the three symbol types S,
C, or P, Category 3 = images with two symbol types,
and Category 4 = images with all three symbol types.

GPT-40 reached a maximum score of 0.6124. To
analyze the data more effectively, we categorized the
similarity scores into three distinct ranges for each
model. The range was determined by dividing the
similarity score distribution into three equal intervals.
For GPT-40, the ranges were the following: Range 1
(-0.097 to 0.140), Range 2 (0.140 to 0.377), and Range
3 (0.377 to 0.614). For Gemini Pro Vision, the ranges
were the following: Range 1 (-0.095 to 0.208), Range 2
(0.208 to 0.521), and Range 3 (0.521 to 0.814).

Distribution of Similarity Score: GPT-generated Descriptions and User-generated Caption

4.0 =

- N

0.0

0.1 0.0 0.1 0.2 0.3 0.4 0.5 0.6
Similarity Score

Figure 8. Distribution of similarity scores between
GPT-generated descriptions and user-generated
captions

We found a positive correlation between similarity
and user engagement, as measured by the number
of likes. Specifically, in our case study on
anti-disinformation campaigns, posts with a high
similarity between SCP elements in user text and
model-generated captions had higher engagement, thus
addressing our RQ2. This trend was observed for both
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GPT-40 and Gemini Pro Vision, as illustrated in Figure
9.

E Gemini
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w I
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o o
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o
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Categories

Figure 9. The chart shows that greater similarity
scores lead to higher engagement, with more likes for
both the Gemini and GPT models. The range was
determined by dividing the similarity score distribution
into three equal intervals. For GPT-4o0, the ranges
were the following: Range 1 (-0.097 to 0.140), Range
2 (0.140 to 0.377), and Range 3 (0.377 to 0.614).
For Gemini Pro Vision, the ranges were the following:
Range 1 (-0.095 to 0.208), Range 2 (0.208 to 0.521),
and Range 3 (0.521 to 0.814).

4.3. Epidemiological modeling of Anti
Disinformation posts in Instagram

To evaluate the success of posts in terms of
dissemination, we utilized the SEIZ model. We
investigated whether posts with the highest SCP
symbols and those with greater similarity between
user-generated text and LLM-generated descriptions
had higher dissemination rates. The analysis produced
the following results: In both experiments, our data
fitting resulted in a minimum error rate as seen in
Tables 2 and 3 indicating that Instagram data can be
effectively modeled using the given epidemiological
model. We observed that from day 1 to day 4, both
categories reached their peak dissemination, suggesting
that in anti-disinformation campaigns, posts debunking
misinformation tended to have a high infection rate
and grow rapidly as soon as they were exposed on the
platform.

In the first experiment, we assessed whether a higher
number of SCP symbols led to higher infection rates.
High correlation values signify a strong fit between the
model and actual engagement data, implying effective
prediction of information spread. Low relative error
(Fre1) and mean absolute error (MAE) indicate accurate
modeling with minimal deviations, crucial for assessing

rapid and extensive engagement spread.

Among the categories analyzed, posts featuring
all symbols exhibit the highest infection rate, with a
near-perfect correlation of 0.9960, the lowest MAE of
0.3, and an infection rate of 0.3. This indicates that posts
containing SCP symbols spread quickly and widely,
resonating strongly with users and achieving higher
engagement, thus addressing our RQ3. Conversely,
posts without symbols showed the lowest correlation
at 0.7502, a higher FE., and the lowest infection
rate of 0.15. These findings are consistent with
the SEIZ model’s principles, where high infection
rates signify rapid and extensive dissemination of
information, making the category with all three symbols
the most effective in spreading content among users.
Figure 10 illustrates the model fit for posts without SCP
symbols, while Figure 11 shows the model fit for posts
with all symbols.

Category E. Correlation | MAE
Category 4 | 0.0041 0.9960 0.3
Category 3 | 0.0131 0.9711 10.6
Category 2 | 0.0101 0.9821 7.1
Category 1 | 0.0576 0.7502 33

Table 2. Results for Different Numbers of SCP
Symbols in Instagram Posts

Model Fitting for Taiwan Instagram Data

Cpd Time = 224 seconds
—&- Instagram Data
—&- fitted Model

Cumulative: 3 x;

8 10 12

Time(Days)
Figure 10. SEIZ model fitting for Instagram posts
with no SCP Symbols

In the second experiment, we found that posts
with higher similarity between the user text and
LLM-generated descriptions of images disseminated
faster. Based on the results, Range 3 (i.e., highest
alignment between user text and LLM-generated
description of image) demonstrated a higher likelihood
of garnering user likes as evidenced by its superior
infection rate. This is supported by the high correlation
value of 0.9957, indicating an excellent fit between
the Instagram data and the fitted model, and a low
relative error (Ei) of 0.0047, which signifies minimal
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Model Fitting for Taiwan Instagram Data

Time(Days)

Figure 11. SEIZ model fitting for Instagram posts
with 3 SCP Symbols

deviation from the actual data addressing our RQ4.
Furthermore, the mean absolute error (MAE) for Range
3 was 2.2, reflecting a high degree of accuracy in the
model’s predictions. Figure 12 demonstrates the model
fitting for posts with high similarity, while Figure 13
shows the model fitting for likes in posts that contained
low similarity between user text and model-generated
description.

In the context of SEIZ epidemiological models,
these metrics can be interpreted as indicators of how
effectively a model can predict the spread and impact
of information, akin to infection rates in epidemiology.
A lower error and higher correlation in such models
suggests a higher “infectivity” of the content, and
thus a greater propensity for the image to attract user
engagement and likes.

Image | Correlation E. MAE
Range 3 0.9957 0.0047 2.2
Range 2 0.9673 0.0161 1.8
Range 1 0.9816 0.0106 | 10.2

Table 3. Results for Different Alignments of Social,
Cultural, and Political Symbols in User Text and
GPT-Generated Descriptions

Model Fitting for Taiwan Instagram Data

Correlation = 0.9957
E_rel = 0.0047

MAE = 2.2

CPU Time = 511 seconds

—&- instagram Data
—A- Fitted Mode

Cumulative: ¥ x,
S

2 4 6 8 10 12

Time(Days)

Figure 12. SEIZ model fitting for Instagram posts
with high similarity between user-generated text and
GPT-generated descriptions

Model Fitting for Taiwan Instagram Data

Correlation = 0.9816

E_rel = 0.0106
MAE = 10.2
CPU Time = 452 seconds
- Instagram Data
1150 k- Fitted Model

Cumulative: ¥ x,

1100

1050

1000

Time(Days)
Figure 13. SEIZ model fitting for Instagram posts
with low similarity between user-generated text and
GPT-generated descriptions

In summary, our experiments demonstrated that both
the number of SCP symbols and the similarity between
user text and LLM-generated descriptions of images
significantly impact the dissemination rate of Instagram
posts. These findings highlight the importance of
carefully crafting post content to maximize its reach and
engagement.

5. Conclusion and Future Directions

In this study, we explored the intricate
dynamics of visual narratives and their influence on
anti-disinformation campaigns on Instagram, focusing
on the 2024 Taiwan election scenario. By leveraging the
capabilities of advanced large language models (LLMs)
like GPT-4 Omni and Gemini Pro Vision, we aimed
to understand how social, cultural, and political (SCP)
symbols embedded within Instagram images contribute
to user engagement and the spread of information.

Our analysis revealed several key insights: Images
with more SCP symbols received significantly more
likes, indicating that social, cultural, and political
elements enhance engagement and effectiveness
against disinformation. Additionally, posts with
higher semantic similarity between user-generated text
and LLM descriptions achieved greater engagement,
suggesting that text-visual alignment increases narrative
appeal. Furthermore, the SEIZ model showed that posts
rich in SCP symbols and with high description-caption
similarity spread faster and more widely, consistent
with information propagation principles.

Our findings underscore the critical importance of
multimodal analysis in comprehending and harnessing
the power of visual narratives on social media.
Integrating SCP symbols with aligned textual and
visual elements emerges as a key strategy for
amplifying the effectiveness of anti-disinformation
campaigns. Furthermore, the successful application
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of the SEIZ model demonstrates the potential of
interdisciplinary approaches that blend epidemiology
with social media analysis to predict and understand the
spread of information. This study not only advances
methodologies for analyzing multimedia-rich user
content but also leverages cutting-edge advancements in
artificial intelligence to provide deeper insights into the
dynamics of online engagement. This study has certain
limitations, particularly in SCP symbol extraction and
the inherent biases of LLMs. While LLMs are versatile
and can be used without prior training, they are prone
to errors, biases, and hallucinations. Additionally,
our epidemiological model’s findings are specific to
the studied population. To validate and expand these
results, further analysis across diverse populations and
platforms is needed. We also plan to develop prompts
by analyzing LLM dynamics, as suggested by Memon
et al. (2024).

This study suggests future research directions to
better understand visual narratives and their impact
on social media. Key areas include analyzing liked
comments to identify engagement patterns, using
epidemiological models to study interactions, and
expanding research across multiple platforms for
validation. Future work should also explore video
content, develop methods to analyze videos with SCP
symbols, and examine network structures to improve
modeling and anti-disinformation strategies. These
efforts will build on this study’s findings and leverage
Al advancements to deepen our understanding of social
media dynamics.
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