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ABSTRACT The rapid dissemination of information on social media has many positives but has also
raised significant concerns regarding misinformation, making it crucial to understand the factors driving
information-sharing behavior. This study employs the Elaboration Likelihood Model (ELM) with its dual
processing pathways (central and peripheral route processing) to identify key information characteristics
influencing information-sharing behavior on social media. Through Reflexive Thematic Analysis (RTA)
of 92 viral tweets from three Malaysian news channels between January and October 2024, five key
themes emerged: Social Interest, Political Interest, Visual Appeal, Credible Sources, and Emotional Appeal.
Illustrative case studies of viral Malaysian tweets were analyzed, revealing how different information char-
acteristics trigger varying cognitive processing routes. Our findings indicate that Social Interest and Political
Interest alignwith central route processing, require deeper cognitive engagement. Conversely, Visual Appeal,
Credible Sources, and Emotional Appeal follow the peripheral route processing, relying on heuristic cues.
Importantly, many viral tweets engage mixed processing, highlighting the need for hybrid interventions.
Building on these insights, the study offers practical guidance for stakeholders: policymakers can enforce
regulations and promote awareness, platforms can add credibility markers and prioritize trusted sources,
educators can teach media literacy, and users can adopt a ‘‘pause-and-verify’’ approach. Collectively, these
efforts can help create a digital ecosystem that balances user engagement with accuracy in online information
sharing.

INDEX TERMS Information characteristics, information sharing, misinformation, intervention strategy,
social media, elaboration likelihood model.

I. INTRODUCTION
The rise of digital media has shifted the traditional news
and information consumption model, where information was
primarily consumed through verified sources such as newspa-
pers and television, to a decentralized system where anyone
can produce and share content. This shift has created an
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environment where misinformation spreads rapidly, often
leveraging the same engagement-driven mechanisms as legit-
imate information but ultimately driven by the social media
platforms’ advertising policies. Information characteristics
have a significant influence on users’ dissemination behav-
ior on social media [1]. Social media posts that went viral
are typically influenced by various factors, including the
content’s topic, emotional appeal, visual appeal, and source
credibility. In this study, the term viral refers to tweets
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with a threshold of at least 1000 retweets. Considering the
rapid spread of information on social media, it is essential
to comprehend how users interact with and interpret var-
ious types of information to create effective interventions
against misinformation. Previous research indicates that peo-
ple usually share content due to its vividness, relevance,
credibility, emotional impact, and visual appeal [1], [2],
[3]. Misinformation often uses these traits to seem legiti-
mate, using sensational and emotionally charged material
to bypass critical scrutiny [4], [5]. Thus, the Elaboration
Likelihood Model (ELM) is a robust framework for exam-
ining these interactions by distinguishing between central
and peripheral information processing routes. While some
users thoughtfully assess the information (central route), oth-
ers depend on heuristic signals like visual and emotional
appeal (peripheral route). Since misinformation can propa-
gate through both cognitive pathways, recognizing essential
characteristics that affect information-sharing behaviors can
aid in developing intervention strategies to limit its spread.
Therefore, this study aims to address the following research
question:

RQ: What are the characteristics of information that influ-
ence information-sharing behavior on social media?

We utilize ELM theory to analyze viral tweets from
Malaysian social media news channels. It identifies the key
characteristics of information that drive behavior related
to information sharing on the X (formerly Twitter) plat-
form. By understanding these attributes, the study can
guide intervention strategies aimed at promoting responsible
information-sharing practices. Additionally, by examining
how cognitive engagement varies across different content
types, the study provides insights into how misinformation
can be countered through tailored interventions that encour-
age critical evaluation and responsible sharing behavior.

This paper is organized into six sections. Following
this introduction, Section II reviews the relevant literature,
establishing the theoretical context. Section III outlines the
research methodology employed in the study. Section IV
presents the research results, while Section V discusses the
implications of these findings. Finally, Section VI concludes
the paper, summarizing key insights, limitations, and suggest-
ing directions for future research.

II. LITERATURE REVIEW
A. INFORMATION-SHARING BEHAVIOR ON SOCIAL
MEDIA IN MALAYSIA
Information in social media posts often drives high levels
of user engagement and discussion, particularly when it is
susceptible to virality, especially if the content relates to
social issues, political matters, or emotional appeal. Hence,
it provides a valuable case for examining the characteris-
tics influencing sharing behavior [6]. Furthermore, content
shared on social media is often a target for misinformation
campaigns, which can have significant societal implica-
tions [7].

In Malaysia, a survey conducted by the Malaysia Commu-
nications andMultimedia Commission (MCMC) [8] revealed
that 94.1% of Internet users use social networking platforms.
These serve as critical channels for information dissemination
and engagement, with platforms like Facebook, Instagram,
TikTok, and X playing significant roles in how users interact
with and share content. Facebook continues to be Malaysia’s
leading platform for information consumption, with a broad
user base and lively discussions [8]. In contrast, Instagram
and TikTok focus on telling stories visually, which makes
them powerful platforms for sharing information through
short videos and infographics [9]. However, X was selected
for this study due to its real-time information dissemination
and high user engagement with post content.

X, formerly known as Twitter, is essential for under-
standing how we share information on social media. Recent
data from Bernama show that about 30% of Malaysians
use X daily, underscoring this platform’s significance for
our research [10]. X is unique among other social media
platforms because it focuses on quick interactions such as
retweets, replies, and quote tweets, which spark immediate
discussions and enhance the visibility of shared content [11],
[12]. Given these characteristics, X is an ideal environment
for exploring how information spreads and analyzing sharing
behaviors, particularly in Malaysia. Additionally, the plat-
form’s open nature and popularity for discussing political,
social, and cultural issues in Malaysia further enhance its
suitability for this research, as it captures diverse audience
interactions and behaviors.

On the X platform, a tweet goes viral quickly when it gets
a lot of engagement, like retweets and likes. It usually gets
more attention than the number of followers the channel has.
This phenomenon is influenced by various factors, including
the content of the tweet, its timing, and the social network
dynamics surrounding it. The definition of a viral tweet has
been approached in several ways across the literature. Elmas
et al. [13] define viral tweets as those that have been retweeted
at least T times, with T set at thresholds of 50, 100, 500,
or 1000. Their measurement of virality primarily relies on the
number of retweets as a proxy. In a similar study, Kennedy
et al. [14] examined misinformation and also utilized the
number of retweets as a key indicator of virality, defining
a viral tweet as an original tweet (not a retweet or quote
tweet) that achieves at least 1000 retweets, thus indicating
substantial reach and influence within misinformation narra-
tives. Additionally, Han D [15] emphasized the importance
of retweets as a critical measure of virality, highlighting that
retweets facilitate the spread of information and its cascading
effects, whereas favorites only signify popularity. Expanding
on these ideas, Maldonado-Sifuentes et al. [16] introduced
an influence score, incorporating follower count, favorites,
and retweets, and employed ‘RoBERTa’ to predict tweet
virality based on a corpus of 5,000 annotated tweets. In con-
trast, Garimella & West [17] defined a tweet as viral if it
received more retweets than 90% of the user’s previous posts.
While specific threshold values for defining virality vary
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across platforms and content types, these studies primarily
use engagement metrics to assess the virality of tweets.

The dynamics of social media platforms and the nature of
shared information significantly influence how widely infor-
mation is disseminated. The way information is structured,
perceived, and interpreted plays a crucial role in determining
its reach and impact. Therefore, it is essential to examine the
key characteristics of information to gain a better understand-
ing of sharing behavior. This understanding is a critical first
step before exploring interventions for misinformation. This
process involves reviewing definitions and identifying the key
characteristics of information on social media, drawing from
previous studies. The following subsection will delve into the
concept of information.

B. INFORMATION CONCEPTS
Information may be interpreted differently depending on its
nature and disciplines. Information is processed raw data
that holds meaning and can be conveyed in various ways to
help people understand, such as through text, graphs, images,
and even videos. In quantum physics and thermodynamics,
information is linked to entropy, energy states, and the fun-
damental structure of reality [18]. In philosophy, information
is often examined in epistemology, focusing on knowledge
formation and truth [19]. In psychology, people experience
information through their senses, thoughts, and feelings [20].

Information in the context of social media refers to the con-
tent that is shared, created, and consumed by users on social
media platforms. It includes various types of modalities such
as text, images, animation, and videos [21]. The information
shared on social media can be personal, shopping-related
information, health-related information, and knowledge that
leads to a variety of outcomes [22]. It serves as a way for users
to make sense of situations, gather consensus from friends,
and seek both informational and socio-emotional support.
This diverse range of information not only shapes user inter-
actions and engagement but also influences decision-making
processes, opinions, and behavioral outcomes in the digital
ecosystem.

The vast amount of information generated on social
media platforms presents significant challenges for users and
researchers. However, it also enables the study of social
phenomena and a better understanding of user behavior.
A considerable study area involves information disorders
on social media, encompassing inaccuracies, misleading
content, and misinformation. Unfortunately, many current
countermeasures have been unsuccessful in addressing these
disorders. They focus too heavily on fact-checking user posts
while overlooking the contextual and psychological factors
involved in the spread of misinformation [23], [24]. There-
fore, it is crucial to explore and identify the key characteristics
of information that can influence social media users for dis-
semination. For instance, Yang et al. [1] stated that various
factors affect how information spreads on social media. These
include the roles of users, the content of the messages, the

interactions between that content and individuals, and the
overall context. Notably, the type of article and its relevance
to the title are also key factors in this process.

Information characteristics in social media refer to the
inherent attributes of content that influence how individuals
perceive, comprehend, and disseminate information. These
traits are vital in determining how information circulates,
influencing whether it captures attention or diminishes within
online discussions. Prior studies on information-sharing
behaviors in social media have explored the characteristics
of information that drive engagement and influence users’
likelihood of sharing content. Through a conceptual analysis
of previous research, scholars have identified several key fac-
tors that most significantly drive engagement and influence
information-sharing behavior, including information quality,
source credibility, visual appeal, emotional appeal, sensation-
alism, and social impact. These factors significantly affect the
chances of users engaging with and sharing content. Table 1
presents the findings of prior studies on key information
characteristics that influence information-sharing behavior
on social media. It synthesizes these findings, detailing the
description and impact of each characteristic on sharing
behavior.

Various theoretical perspectives can explain how these
characteristics affect information processing, shaping how
individuals interact with and evaluate information, includ-
ing the Elaboration Likelihood Model (ELM), Heuristic-
Systematic Model (HSM), Uses and Gratifications Theory
(UGT), Cognitive Dissonance Theory (CDT), Dual-Process
Theory, and Theory of Planned Behavior (TPB). Each theory
provides essential insights into various aspects of informa-
tion consumption and persuasion. This study adopts the
ELM as its primary framework due to its emphasis on
cognitive engagement, dual-processing model, and close
alignment with the dynamics of social media and contexts
involvingmisinformation. This makes it particularly effective
for analyzing and shaping information-sharing behaviors.
Additionally, ELM has proven to be a practical framework
for explaining how information can affect individual atti-
tudes and behaviors [25]. To provide more justification,
subsection II-D elaborates on the reasons for using ELM.

C. ELABORATION LIKELIHOOD MODEL (ELM)
The Elaboration Likelihood Model (ELM) is a dual-process
theory of persuasion that describes how people process per-
suasive messages and develop attitudes. It proposes that
individuals can process these messages through two distinct
routes: the central route and the peripheral route [49], [50].
It serves as the foundation for understanding how informa-
tion characteristics influence information-sharing behavior
on social media. ELM theory explains that when individuals
perceive information as highly relevant or personally signif-
icant, they engage in deeper cognitive processing through
the central route [51]. During this process, they assess the
quality of the arguments, the complexity of the message,

VOLUME 13, 2025 179235



J. Zainudin et al.: Information Characteristics and Social Media Information Sharing: Insights From ELM

TABLE 1. Conceptual analysis of key information characteristics influencing information-sharing behavior on social media.

and its credibility before arriving at a conclusion. It entails
careful reasoning, evaluating evidence, and logically deter-
mining the message’s validity. On the other hand, when
motivation or cognitive ability is low, people tend to rely
on the peripheral route [52]. In this case, heuristic cues and
emotional factors, such as visual appeal and source appeal,
influence their judgment with minimal scrutiny. Here, users
might have an instinctive emotional reaction, forming swift
impressions based on superficial traits rather than conduct-
ing a rational assessment. These cognitive and emotional
reactions ultimately shape whether users choose to share
information, often reinforcing their preexisting attitudes
and beliefs.

Elaboration operates along a spectrum, determining the
extent to which individuals process information (see Fig. 1).
While the ELM defines 2 broad modes of processing, the
central route (high elaboration) and the peripheral route (low
elaboration), it is important to recognize that elaboration
exists on a continuum rather than as a strict dichotomy [49].
At the low elaboration end of the spectrum, individuals
engage in minimal cognitive effort, relying almost entirely on
heuristic cues such as emotional appeal, source credibility,
and visual aesthetics to make judgments [53]. At the high
elaboration end, individuals engage in extensive cognitive
effort, carefully evaluating message arguments, analyzing
factual accuracy, and considering logical reasoning before
forming an opinion [54].
Motivation and ability are key determinants of elaboration

and influence the likelihood of persuasion. Motivation is
driven by personal relevance and interest. Higher motivation

leads to deeper processing via the central route, while lower
motivation results in reliance on superficial cues through
the peripheral route [49], [51]. Ability refers to cognitive
capacity; individuals with prior knowledge, time, and mental
resources engage in critical thinking, whereas distractions
or complexity lead to heuristic-based processing [49], [52].
When bothmotivation and ability are high, persuasion ismore
durable (central Route); if either is low, attitude change is
temporary (peripheral Route).

While ELM provides a valuable framework, it has been
criticized for treating persuasion as a strict dichotomy
between central and peripheral processes [55], [56]. This cri-
tique is especially salient for social media, where multimodal
messages (text, images, videos, hashtags, and endorsements)
encourage mixed or hybrid activation of routes rather than
dichotomous processing. In practice, message elaboration
frequently involves hybrid or mixed processing [57], [58].
Individuals may simultaneously assess the quality of argu-
ments while being influenced by heuristic cues. Recent
studies within the ELM suggest that users in multimodal
environments, such as social media, typically begin with
quick judgments but shift to more critical evaluations when
they encounter conflicting cues or when the information
becomes more relevant [59]. Additionally, recent advance-
ments in ELM suggest that digital persuasion is influenced by
contextual factors such as platform strategy, political polar-
ization, and issue involvement [60], [61]. This challenges
the traditional linear assumptions of the model. Guided by
these critiques, the present study treats central-peripheral
distinctions as analytical categories or sensitizing concepts,
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FIGURE 1. Elaboration likelihood continuum in ELM [49], [59].

explicitly allowing for central, peripheral, or mixed process-
ing in the analysis.

ELM’s adaptability has made it a valuable framework in
other digital communication contexts besides ours. Studies
have applied it to brand promotion on social media [62],
persuasive advertising in consumer decision-making [63],
and enterprise support for creative information publish-
ers [64]. It has also been utilized in digital persuasion for
vaccinations [65], examining online health information adop-
tion [66], health communication through infographics [67],
and persuasion in e-learning through gamification [68]. Addi-
tionally, [25] highlights its role in shaping consumer attitudes
and behaviors, reinforcing its importance in digital market-
ing. Beyondmarketing, ELMhas also been applied to analyze
user engagement behaviors (e.g., forwarding, commenting,
and liking) in microblogs [69]. These diverse applications
underscore ELM’s appropriateness in understanding digital
interactions, particularly how individuals process and share
information in online environments, which is why this frame-
work was selected as the theoretical foundation for this study,
as shown later in this paper.

The ELM model is a dynamic framework because it
adopts a flexible approach to incorporating new and diverse
variables [49]. Unlike other theories, ELM does not man-
date specific variables, allowing researchers to focus on a
subset of constructs or introduce new ones to suit differ-
ent contexts [58]. This study builds on this adaptability by
identifying the characteristics of viral tweets that influence
information-sharing behavior on social media. By leveraging
ELM, this study aims to establish a structured framework for
understanding how information characteristics influence per-
suasion and drive information dissemination. The constructs

TABLE 2. Constructs from prior ELM research in digital contexts.

derived from ELM serve as guidelines for determining the
most relevant information characteristics in the context of
social media virality. Table 2 summarizes the ELM constructs
utilized by previous researchers in digital contexts.

D. RELEVANCE OF ELM TO THE STUDY
ELM stands out among various information processing
theories as the most suitable framework for studying
information-sharing behavior on social media, particularly
in combating misinformation. The indicator of ELM to be
chosen is because of these five key indicators: 1) information
processing theory perspective, 2) incorporation of psycholog-
ical factors (particularly cognitive involvement), 3) alignment
with social media context, 4) empirical support, and 5) rele-
vance to designing intervention strategies.

ELM aligns with information processing theory, mak-
ing it suitable for the study’s objective. Additionally, ELM
explicitly incorporates psychological factors, particularly in
cognitive processing, addressing the crucial gap identified
in recent research on misinformation intervention strategies,
which often overlook psychological factors [86]. According
to Petty and Cacioppo [49], Petty and Brinol [50], ELM
emphasizes cognitive involvement as a crucial factor in how
messages influence attitudes, which is why it was selected to
meet the second indicator.
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Moreover, this theory fits well within social media environ-
ments. It is versatile, considering all types of information by
acknowledging that individuals process messages differently
depending on their moods, abilities, and motivations [58].
Numerous prior studies on social media have utilized ELM
theory, validating its relevance for application [27], [28], [32],
[65]. Importantly, ELM has also provided a foundation for
designing intervention strategies that promote critical con-
tent evaluation and reduce the spread of misinformation by
leveraging the central route of processing. These strengths
make ELM a robust and well-rounded theory for addressing
the study objectives.

To further establish ELM’s suitability for this research,
a systematic comparison was conducted with other rele-
vant theoretical frameworks. This comparative analysis relied
on the same indicators previously mentioned. When com-
pared to the Heuristic-Systematic Model (HSM), which
also features dual modes of information processing, ELM
offers a broader focus on persuasion and attitude formation,
making it more applicable to this study. HSM’s empha-
sis on heuristics and systematic processing is practical but
lacks the nuanced exploration of motivation, ability, and
message characteristics that ELM provides [87]. Similarly,
while Uses and Gratifications Theory (UGT) effectively
identifies user motivations for sharing content, it does not
explain the cognitive processes behind how people evaluate
and process information [88]. Cognitive Dissonance Theory
(CDT) explains how people experience psychological dis-
comfort when their beliefs or behaviors conflict and how
this motivates them to reduce that discomfort [89]. How-
ever, it primarily emphasizes resolving inconsistency rather
than outlining specific cognitive processing pathways or the
mechanisms behind message interpretation and persuasion.
Whereas Dual-Process Theory shares conceptual similarities
with ELM, outlines two types of information processing:
automatic (System 1) and analytical (System 2). Nonethe-
less, it is mostly descriptive and helpful for understanding
decision-making, but less prescriptive because it lacks clear
guidance for designing interventions [90]. Lastly, the Theory
of Planned Behavior (TPB) explores the roles of attitudes,
subjective norms, and perceived behavioral control in shap-
ing intentions, thereby providing valuable insights into the
motivation behind sharing behaviors. However, TPB does
not delve into the cognitive processes involved in evaluating
information [91], which are central to this study.
In conclusion, while several theories contribute valuable

perspectives, ELM stands out for its comprehensive focus
on cognitive involvement, strong empirical foundation, align-
ment with social media dynamics, and practical relevance for
designing intervention strategies to combat misinformation.
Recent refinements of ELM also emphasize hybrid or mixed
processing routes in digital persuasion, which enhance its
adaptability to the complex and multimodal nature of social
media contexts [59]. In these environments, mixed process-
ing can occur, reflecting the intricate ways in which digital
audiences engage with content. This study approaches the

central-peripheral distinction as a set of sensitizing concepts
rather than rigid categories, which allows for a more nuanced
analysis. By adopting a continuum-based perspective, the
study harnesses the model’s flexibility and addresses cri-
tiques regarding linearity. This approach strengthens ELM’s
applicability compared to alternative frameworks, provid-
ing a deeper understanding of the multi-layered processes
through which digital audiences evaluate and share content
in fast-paced environments like social media. Table 3 sum-
marizes the comparison among these theories.

III. METHODOLOGY
This study is situated within a constructionist-interpretivist
research paradigm, which posits that knowledge is socially
and contextually constructed rather than objectively discov-
ered. This perspective emphasizes that meaning is shaped
by subjective, reflexive, and situational factors, with under-
standing emerging through ongoing interaction between the
researcher and the data. In this view, knowledge is something
we actively build together, influenced by the researcher’s
positionality and the contextual details within the dataset.

This study employs a qualitative approach to analyze the
dataset and identify the characteristics of information that
influence sharing behavior on the X platform, using Reflex-
ive Thematic Analysis (RTA), as conceptualized and refined
by Braun and Clarke [92], [93]. RTA was chosen for its
epistemological flexibility and interpretative depth, facili-
tating the identification of latent meaning structures within
users’ engagement with information, in contrast to positivist
approaches such as codebook thematic analysis or coding
reliability methods, which operate within predetermined ana-
lytical frameworks [93]. The reflexive component of RTA
enables a critical examination of how the researcher’s posi-
tionality influences the analytical process, thereby enhancing
methodological transparency [94]. As RTA recognizes the
active role of the researcher, reflexivity was maintained
throughout the process by acknowledging the researcher’s
background, assumptions, and analytical lens when engaging
with the data.

This study primarily followed an inductive approach in
the RTA process, with initial coding guided by patterns of
meaning that naturally emerged from the data. RTA sup-
ports an iterative, organic analysis where the researcher plays
an active role in constructing themes through reflexive and
thoughtful engagement with the dataset [95], [96]. How-
ever, a deductive component was also included to ensure
that the themes aligned with the research questions and
that data-driven insights remained relevant to the study’s
objectives. The thematic development was informed by the
ELM, which explains how individuals process and evalu-
ate information via two routes: the central (high cognitive)
and peripheral (low cognitive) pathways. This framework
offered valuable interpretive support for understanding the
complex ways users engage with digital content.While theme
construction followed reflexive engagement with the data,
the final theme labels were intentionally aligned with ELM
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TABLE 3. Comparative framework for theory selection and justification.

categories to facilitate integration with the conceptual model
tested in later stages of the study. These short-form labels
represent condensed, theory-informed encapsulations of the
meaning patterns interpreted during analysis. Incorporating
ELM strengthened the analytical power and validity of the
RTA [94]. This hybrid approach, blending inductive data
exploration with theoretically grounded interpretation, repre-
sents a methodological advance beyond traditional thematic
analysis, as described by Fereday and Muir-Cochrane [97].
As Braun and Clarke [93], [95] note, coding and analysis
often involve a mix of inductive and deductive strategies,
rather than fitting neatly into one approach.

To enhance the credibility of our findings, we employed
several rigorous strategies, including maintaining trans-
parency throughout the analytical process, providing rich and
detailed descriptions of the identified themes, engaging in

ongoing reflexive journaling to reflect on our biases and
perspectives, and ensuring a clear alignment between the data
and interpretation. Additionally, all data sourced from public
tweets were anonymized where appropriate, and we adhered
to ethical standards for digital research.

A. DATA COLLECTION
Data were extracted using Instant Data Scraper, a web scrap-
ing tool designed to collect publicly accessible data from the
X platform. The tool facilitated the systematic retrieval of
viral tweets from three prominent Malaysian news channels:
Astro Awani, Bernama TV, and Free Malaysia Today. The
data collection spanned 10 months from January-October
2024, focusing on highly visible posts to ensure analytical
significance. The prioritization of viral tweets is grounded
in their representation of content with substantial audience
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reach and influence, thereby providing a more meaningful
insight into the dynamics of persuasion and sharing behaviors
compared to random or low-engagement posts.

The extraction process yielded a total of 92 viral tweets,
comprising 60 from Astro Awani, 6 from Bernama TV,
and 26 from Free Malaysia Today. The selection of these
three Malaysian news channels was intentional, aiming to
capture a diversity of perspectives. Astro Awani represents
corporate-driven journalism, Bernama TV reflects govern-
ment narratives, and Free Malaysia Today offers independent
perspectives. This diversity is instrumental in capturing vary-
ing audience preferences, content framing styles, and sharing
behaviors. Moreover, these channels address issues specific
to Malaysia, ensuring that the analysis remains localized and
contextually relevant, thereby enhancing the robustness of the
analysis.

Furthermore, news articles are among the most frequently
shared content on social media platforms in Malaysia [8].
They often drive high engagement and discussion, especially
on social, political, and inspirational topics, making them
highly shareable and a valuable case for studying what drives
sharing behavior [6], [98]. Additionally, news content is a
common target for misinformation campaigns, which can
carry significant societal implications [7]. By focusing on
Malaysian news outlets such as Astro Awani, Bernama TV,
and FreeMalaysia Today, this study can identify key informa-
tion characteristics that influence sharing behavior, providing
insights into how misinformation spreads and informing
strategies to mitigate its impact.

While the dataset is relatively modest in size, it is essential
to acknowledge that qualitative thematic research, as empha-
sized by Braun and Clarke [92], Guest et al. [99], and Wutich
et al. [100] prioritizes the richness of information and con-
textual depth over sheer sample size. In fact, Wutich et al.
[100] noted that 20-30 documents are often sufficient in
reflexive thematic analysis, which further underscores that
the present dataset of 92 viral tweets exceeds this threshold
and is therefore suitable for generating meaningful insights.
This focus aligns with the study’s objective of identifying
information characteristics that influence sharing behavior,
which can be used in constructing an intervention model
rather than achieving statistical representativeness across the
entire spectrum of social media usage.

In this study, a tweet is considered viral based on the
number of retweets it receives [13], [15], with a threshold
of at least 1000 retweets used to define viral tweets. This
threshold is supported by prior researchers who consistently
selected this value as a significant marker [13], [14]. Follow-
ing extraction, the dataset underwent comprehensive cleaning
and preparation to ensure analytical rigor.

B. DATA TRANSCRIPTION
The data transcription process followed a verbatim approach
to preserve the original structure and wording. This approach
allowed us to keep the true voice of each user intact during the

transcription process. The data were cleaned by removing all
unnecessary characters and symbols before undergoing the
transcription process. The transcribed tweets were then orga-
nized in a tabular format, with each documented by a unique
Tweet ID (refer to our dataset [101]). To ensure reliability,
tweets were cross-verified for consistency in meaning, and
IDs were stored for traceability during analysis. This process
enabled an accurate representation of information-sharing
behavior for subsequent thematic analysis.

C. DATA ANALYSIS
This study followed the six-phase RTA process as outlined
by Braun and Clarke [92], [95], which emphasizes the iter-
ative, flexible, and reflective nature of qualitative analysis.
The practical application of these phases was guided by the
interpretive approach demonstrated by Byrne [102], which
supports active researcher engagement and ongoing reflex-
ivity throughout the analytic process.

In line with RTA principles, we engaged in deep famil-
iarization with the data, reading and re-reading the dataset
while documenting early impressions and analytic insights.
Rather than applying a rigid, linear structure, the phases
of RTA were approached recursively, with movement back
and forth between phases to refine codes, patterns of mean-
ing, and emerging themes. This process required sustained
and thoughtful interaction with the data, allowing themes to
evolve organically while being shaped by the researcher’s
interpretive lens.

Reflexivity was maintained throughout each phase,
acknowledging the researcher’s subjectivity and role inmean-
ing as central to the analytic process. Since RTA is rooted in
a constructionist-interpretivist framework, it does not pursue
data saturation in the conventional way. Instead, the focus
was on thematic adequacy, where themes are considered
sufficiently developed to address the research questions effec-
tively. This methodology aligns with Braun and Clarke’s
perspective that meaning is actively constructed, not pas-
sively uncovered, through the researcher’s ongoing reflexive
engagement data [94].

As previously mentioned, a deductive approach was
adopted, utilizing ELM theory as a framework for sensitiz-
ing concepts. During the coding and theme review stages
(phases 4-6) of RTA (refer to Fig. 2), particular attention
was given to indicators of ELM constructs, namely central
and peripheral processing. This integration between ELM
and RTA structured the analytic process, connecting theoreti-
cal information-processing routes with emerging data-driven
themes. Initial codeswere generated inductively from the data
itself, while ELM constructs guided the grouping, interpreta-
tion, and naming of themes. This ensured that the analysis
moved beyond surface-level categorization to capture under-
lying elaboration processes. Theory-informed reflexivity also
supported the determination of whether themes predomi-
nantly represented central or peripheral processing, without
imposing a rigid, predetermined codebook.
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FIGURE 2. RTA six-phase approach.

Fig. 2 illustrates the RTA six-phase process, which
includes: 1) familiarizing with the data, 2) systematically
coding the data, 3) generating initial themes, 4) developing
and reviewing the themes, 5) refining, defining, and naming
the themes, and 6) writing the report.

1) PHASE 1: FAMILIARIZATION WITH THE DATA
The analysis process began with data familiarization. Viral
tweets were extracted using Instant Data Scraper, cleaned in
Excel, and converted to PDF format for analysis in NVivo
(version 15). We engaged with the dataset by reading each
tweet multiple times, undergoing several iteration cycles.

In the first cycle, notes were not yet taken; instead, the
dataset was actively observed and immersed in. The second
cycle involved casual observations of initial trends, during
which we documented our thoughts and feelings about the
data and analytic process in preliminary notes. The subse-
quent round consisted of re-reading each dataset multiple
times, conducting initial observations, and systematically and
manually writing interpretive notes for each tweet.

In summary, the preliminary notes outline the main pat-
terns in the dataset, while the interpretive notes concentrate on
individual tweets. Both sets of notes were helpful and guided
the subsequent coding process. Fig. 3 shows an example of
preliminary notes recorded during the familiarization and
engagement phase.

2) PHASE 2: SYSTEMATICALLY CODING THE DATA
Initial codes were developed inductively, carefully grounded
in both the semantic (explicit) and latent (underlying) content
of the data. The coding process involves creating concise,
descriptive labels (shorthand) that capture relevant aspects of

FIGURE 3. Example of preliminary notes taken in Phase 1.

the information related to the research question. To ensure
thoroughness, the entire dataset was systematically reviewed,
giving equal attention to each piece of data and highlighting
interesting or potentially informative elements that may con-
tribute to developing overarching themes.

Initially, coding was performed manually without relying
on any predefined framework. This inductive methodology
facilitated the development of 45 distinct codes, encompass-
ing content highlights, sourcing, persuasive cues, and engage-
ment patterns. NVivo software was employed to support effi-
cient data organization and retrieval throughout the analytical
process. Codes are meant to be brief yet detailed enough to
stand alone, revealing commonalities among data items with
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TABLE 4. Sample of the code tracking during preliminary coding.

the research question [103]. Any data segment that could help
address the research questions should be coded. As coding
progresses through repeated rounds of familiarization and
refinement, it is possible to identify which codes are useful
for interpreting themes and which ones might be discarded.

This iterative process is carefully documented, showing
how codes evolve over time and how initial ideas grow
into possible themes. Keeping track of this progression
improves transparency and offers signposts for revisiting spe-
cific codes, if necessary, especially when certain approaches
don’t produce useful insights. The outcome produced from
this phasewas a preliminary set of descriptive and interpretive
codes (preliminary coding), serving as the foundation for
further analysis. Table 4 shows a sample of the tracking code
changes during the preliminary coding process.

3) PHASE 3: GENERATING INITIAL THEMES
This phase involved reviewing and analyzing the codes
generated in Phase 2. Following this, related codes were sys-
tematically grouped by shared meanings to form subthemes
or themes. The themes should be distinct yet collectively
coherent. Codes or potential themes that do not align can
be discarded, and a miscellaneous category may be used for
those that do not fit into any specific themes [102]. During
the analysis process, we kept in mind that themes are not
inherent in the data but rather are actively constructed by
interpreting the relationships among codes. The significance
of a theme resides not in the quantity of codes it encompasses,
but rather in its capacity to represent meaningful patterns
that address the research question. By the end of this phase,
an initial thematic map was generated, presenting a draft list
of candidate themes and subthemes.

4) PHASE 4: DEVELOPING AND REVIEWING THE THEMES
In this phase, potential themes and subthemes were iteratively
reviewed, refined, and reorganized to maintain analytical
flexibility and reflexivity, ensuring that the dataset’s com-
plexity was adequately captured while remaining aligned

with the research objective [103]. It is quite common to
discover that some candidate themes may lack meaningful
interpretation of the data or fail to address the research ques-
tion [102]. Additionally, some supporting codes and data
items may be incongruent and require revision.

Two levels of review process were conducted to validate
the correspondence between the assigned codes and their
respective themes, as well as the relevance of themes to the
interpretation of the dataset [92]. The first level involved
examining the relationships among data items and codes
within each candidate theme and subtheme. Where the items
and codes formed a coherent pattern, the theme or subtheme
was considered to present a logical argument that could con-
tribute meaningfully to the overall narrative of the dataset.
The second level focused on reviewing the candidate themes
concerning the entire dataset, assessing how well they cap-
tured and represented the data in alignment with the research
questions. Like other phases, all changes were documented
to track the actions taken to produce a revised thematic map
that highlights the most important elements of the data related
to the research question. As a result, this phase produced the
final version of the refined theme structure. At this stage, the
refined themes were also checked against the ELM to ensure
alignment with central and peripheral routes, while retaining
their inductive grounding.

5) PHASE 5: REFINING, DEFINING, AND NAMING THE
THEMES
This phase focused on presenting a detailed analysis of
the developed themes. Each theme and subtheme were
defined and named through a rigorous review process to
ensure coherence with both the dataset and the research
questions. To substantiate the analysis, data extracts were
selected to capture the essence of each theme. These extracts
were interpreted not only descriptively but also analytically,
highlighting their broader significance within the dataset.
Following Braun and Clarke’s guidance, the extracts were
used to illustrate and support analytic claims, and in the
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reporting of results, they are presented as supporting quotes
from tweets, providing direct evidence of how the themes are
grounded in the data [92], [94]. The naming of themes was
then finalized to be concise, informative, and memorable,
while remaining theoretically aligned with the ELM. This
alignment allowed the themes to be meaningfully integrated
with the study’s conceptual model, bridging the data-driven
insights with the theoretical framework. The outcome of this
phase was a set of finalized themes with meaningful names,
clear definitions, and tweet quotes.

6) PHASE 6: WRITING THE REPORT
In RTA, writing is not a separate stage but interwoven
throughout the analysis. The final phase represents the
refinement and completion of the report, where themes are
presented in a coherent narrative form, supported by selected
tweet quotes that illustrate each theme, and aligned to the
research objective. In this study, theme reporting was guided
not only by inductive meaning-making but also by alignment
with the ELM. The excerpts were carefully chosen to exem-
plify how each theme aligns with either high or low cognitive
processing factors. This phase integrated empirical evidence
with theoretical insights to explain how specific information
characteristics influence sharing behavior on the X platform.
Researcher reflexivity was maintained, recognizing the inter-
pretive nature of theme development and reporting. Care was
taken to balance raw data, ELM constructs, and practical
implications for misinformation interventions. Table 5 illus-
trates the final thematic framework mapping across phases,
presenting the codes, themes, and subthemes with alignment
to the ELM’s dual-processing model.

D. TRUSTWORTHINESS AND ETHICAL CONSIDERATIONS
In line with Braun and Clarke’s conceptualization of RTA,
this study did not employ reliability metrics such as inter-
coder agreement, as this is not compatible with the inter-
pretivist orientation of RTA [93], [95]. Instead, rigor was
ensured through a reflexive and transparent process. This
included continuous reflexive documentation at each stage,
such as taking preliminary notes in Phase 1 and conducting
preliminary coding in Phase 2. This approach helpedmaintain
transparency in the analytic process. Additionally, reflex-
ive journaling documented the iterative process, recording
changes and progress while allowing for a critical examina-
tion of the researcher’s influence and positionality. Rich and
detailed descriptions of themes were provided to ensure that
interpretations were firmly grounded in the data. For ethical
considerations, all tweets used in this study were publicly
available, anonymized where appropriate, and handled in
accordance with ethical standards for digital research. Data
collection and analysis complied with X’s public data terms
of service, and only publicly accessible tweets were included.

IV. RESULTS
The findings of this study aim to identify the key information
characteristics that influence information-sharing behavior

on social media. Through RTA, five key themes were derived
from the dataset of 92 viral tweets: Social Interest, Political
Interest, Visual Appeal, Credible Sources, and Emotional
Appeal. A detailed mapping of all tweets is provided in
Appendix, offering additional context for understanding their
distribution and substantiating the thematic classifications.

Building upon the ELM-informed RTA outlined in the
methodology section, each theme is interpreted through the
lens of the ELM’s central-peripheral distinction. The analysis
reveals that Social Interest and Political Interest align with
the central route, as they demand higher levels of cognitive
engagement and elaboration. By contrast, Visual Appeal,
Credible Sources, and Emotional Appeal reflect the periph-
eral route, where information processing relies on heuristic
cues or affective elements, requiring less cognitive effort.
This thematic distribution illustrates how dual-processing
mechanisms operate within viral tweets: cognitively demand-
ing content attracts engagement through deliberation, while
heuristic and emotional cues facilitate more immediate,
peripheral processing. Table 6 summarizes the categorization
of these themes in accordance with the ELM framework.

A. THEME 1: SOCIAL INTEREST
The Social Interest theme encompasses tweets that address
significant societal challenges, including activism, culture,
religious matters, public health, public conflict, and cri-
sis responses. These topics typically require high cognitive
engagement, as users must critically process the information
to understand its implications. Within the ELM framework,
this theme aligns with the central route, as individuals are
motivated to engage deeply with personally relevant issues,
a process that requires prior knowledge and reinforces the
premise that motivation and ability are essential for central-
route persuasion [49].

1) REPRESENTATIVE EXTRACT
‘‘The 90th Anniversary of the Royal Malaysian Navy (TLDM)
Day Parade scheduled to take place this Saturday, has been
cancelled and replaced with a tahlil ceremony and doa sela-
mat.’’

This tweet illustrates user engagement with socially sensi-
tive information that demands contextual awareness. Famil-
iarity with prior events allows users to interpret the change as
a respectful act, exemplifying central-route processing where
prior knowledge and critical reflection inform the interpreta-
tion and sharing of meaningful content.

The analysis revealed that tweets related to social topics,
such as human rights violations, environmental concerns,
and public safety matters, were widely shared. The nature
of the tweet encourages deliberation, discussion, and aware-
ness, fostering informed sharing behavior. This reflects
users’ motivation to engage with content that resonates with
collective responsibility and societal well-being. Empirical
research supports this assertion, indicating that socially rel-
evant issues, including social justice and collective welfare,
not only foster higher engagement levels but also stimulate
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TABLE 5. Final thematic framework mapping across RTA phases.

central processing, as individuals feel compelled to conduct
a more profound evaluation of the arguments presented [61],
[70], [79].

However, the potential for misinformation dissemination
exists if this content is not critically assessed. This empha-
sizes the need for fact-checking initiatives, the promotion
of critical thinking, and awareness campaigns to ensure that
shared information is accurate, trustworthy, and beneficial to
society.

B. THEME 2: POLITICAL INTEREST
The theme of Political Interest was another dominant cat-
egory, covering topics related to governance, policies, and
political discourse [60], [69]. These topics generally require

substantial cognitive engagement, as users interpret com-
plex arguments, evaluate competing viewpoints, and consider
broader societal implications. Within the ELM framework,
this theme aligns with the central route, where individuals
are motivated to process political content deeply due to its
perceived personal and societal relevance [49].

1) REPRESENTATIVE EXTRACT
‘‘The government agreed to increase the minimum wage rate
from RM1,500 per month to RM1,700 per month which will
come into effect from 1 February 2025.’’

This tweet highlights how policy updates encourage ana-
lytical engagement, prompting individuals to reflect on past
government decisions and their broader implications. Such
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content fosters critical thinking driven by political awareness
and personal relevance, rather than mere reactions to surface
cues.

The analysis revealed that tweets addressing controversial
political decisions, parliamentary debates, and governance
updates garnered high engagement, particularly when they
elicited strong opinions or sparked debates among users.
It is widely recognized that political discussions often require
users to interpret complex arguments, assess credibility, and
form informed opinions, thereby reinforcing their engage-
ment through rational deliberation and critical thinking.
Recent findings further indicate that issue involvement and
political alignment play a central role in shaping such
engagement through central processing, as individuals are
particularly motivated to scrutinize arguments and evaluate
credibility when the content reinforces their political stance
or challenges their beliefs [60].

However, the presence of ideological biases and polarized
discussions within political content may lead to misinforma-
tion risks [60], [104], further underscoring the importance of
platform nudging and fact-checking initiatives to preventmis-
leading narratives from influencing public perception. Social
media platforms could implement verification labels, misin-
formation alerts, or political fact-checking tools to promote
informed sharing behavior in politically sensitive discussions.

C. THEME 3: VISUAL APPEAL
The Visual Appeal theme underscores the crucial role that
images, videos, and other multimedia elements play in influ-
encing information-sharing behavior. Such cues reduce the
need for deep cognitive engagement, prompting users tomake
faster, less analytical judgments about what content to share.
Within the ELM framework, this theme is situated under the
peripheral route, where decisions are guided less by rational
deliberation and more by heuristic cues such as vividness,
attractiveness, and media richness [52].
As illustrated in Fig. 4, the tweet uses a compelling visual

element to capture attention and provoke immediate, affect-
driven reactions, prompting quick judgments without deep
cognitive processing.

The analysis revealed that tweets featuring eye-catching
visuals, such as compelling images, infographics, or videos,
consistently garnered more engagement than those that relied
solely on text. This demonstrates the effectiveness of visual
stimuli in capturing user attention and encouraging shares.
This observation aligns with previous research that empha-
sizes the strong effect of visual attractiveness and cues on user
attention and the virality of tweets on social media, as these
elements can stimulate peripheral processing and enhance
engagement [27], [70], [85], [105].
While visuals enhance engagement, this type of tweet

also increases the risk of spreading misinformation, as users
are often misled by its aesthetic appeal rather than its fac-
tual accuracy. For this reason, intervention strategies can
include heuristic cues, such as image verification prompts and

FIGURE 4. Representative extract for visual appeal theme.

AI-powered authenticity checks, to motivate users to evaluate
the credibility of visual content before sharing it.

D. THEME 4: CREDIBLE SOURCES
The Credible Sources theme emphasizes the crucial role of
source credibility as a heuristic shortcut in the process of
information-sharing, situating it within the peripheral route
of the ELM. This aligns with the peripheral route of ELM,
where credibility serves as a cognitive shortcut, enabling
individuals to make quick decisions without requiring in-
depth processing [52].

1) REPRESENTATIVE EXTRACT
‘‘The Malaysian Meteorological Department (MetMalaysia)
informed that the transitional phase of the monsoon is
expected to start on March 29 and continue until May.
Follow the latest news at https://grid.astroawani.com’’
This tweet illustrates source credibility as a heuristic cue.

Originating from an official agency and a reputable channel,
it encourages quick acceptance without thorough evalua-
tion, reflecting peripheral-route processing where credibility
simplifies decision-making and enhances rapid information
sharing.

The findings revealed that tweets from government agen-
cies, reputable outlets, and independent media organizations
were frequently shared, indicating that users often rely on
the source’s reputation as a heuristic shortcut instead of criti-
cally evaluating the content. This aligns with previous studies
that indicate credible sources are typically identified through
the peripheral route, where individuals quickly assess the
credibility of information as a shortcut to conserve cognitive
energy and time, ultimately influencing their trust and deci-
sions about sharing [30], [61], [78], [80], [106].

However, while this practice builds trust in verified infor-
mation, it can also create a blind dependence on authority,
allowing misinformation from seemingly credible sources to
spread unchecked [107]. For this reason, the importance of
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diverse information exposure, media literacy programs, and
digital verification tools that encourage users to critically
assess information, even when it comes from trusted sources,
is crucial. Encouraging cross-verification across multiple
sources and implementing AI-driven credibility ratings could
further improve responsible information-sharing behavior.

E. THEME 5: EMOTIONAL APPEAL
The final theme, Emotional Appeal captures tweet that evokes
strong affective responses, influencing user engagement and
information-sharing behavior on social media. It includes
both positive and negative emotional triggers such as humor,
motivation, inspiration, novelty, sadness, and tragedy. Despite
limited cognitive evaluation, emotionally charged content
often garners widespread attention and is highly share-
able due to its instant emotional impact. Within the ELM
framework, this theme aligns with the peripheral route of pro-
cessing in the ELM, where users are guided more by affective
cues like emotional tone, relatability, or entertainment value
than by analytical scrutiny [49].

1) REPRESENTATIVE EXTRACT
‘‘78-year-old woman robbed in Bangsar [anonymized public
tweet containing video footage].’’

This tweet demonstrates how emotionally charged content
accompanied by video evidence can evoke empathy and con-
cern, leading to quick engagement and sharing without much
analysis. These responses reflect peripheral-route processing,
where emotional appeal acts as a shortcut cue, prompting
users to accept and spread the information rapidly.

The findings revealed that tweets featuring personal
achievements, heartwarming stories, viral trends, or celebrity
moments are commonly shared not because of their factual
depth, but because they resonate emotionally and fulfill users’
social validation needs. Empirical literatures indicate that
emotional cues can significantly influence behavior through
the peripheral route by evoking feelings such as empathy,
anger, or excitement, which often overshadow critical think-
ing and alter decision-making processes [27], [71], [73], [77]

However, the emotionally driven nature of such content
increases the risk of unverified or sensationalized narratives
spreading, especially when users bypass critical assess-
ment. This concern is particularly relevant in misinformation,
as emotionally appealing falsehoods tend to spread faster than
factual content [108]. To address this, platforms can imple-
ment emotion-based misinformation warnings, AI-driven
prompts to encourage reflective sharing, and digital literacy
campaigns that help users recognize the distinction between
emotionally engaging but misleading content and accurate,
fact-based information.

V. DISCUSSION
The study’s findings enhance understanding of how informa-
tion characteristics influence information-sharing behavior
on social media. This methodological approach allowed
not only the identification of patterns in the data but also

the acknowledgment of the active role of researchers in
knowledge construction and theme development throughout
the analytical process. The identified characteristics provide
valuable criteria that could guide stakeholders, including pol-
icymakers, social media platforms, educators, and individual
users, in designing effective intervention strategies tomitigate
misinformation on social media.

The analysis reveals thatMalaysian viral tweets are primar-
ily driven by topic interest, visual appeal, and the credibility
of sources. Content that addresses social issues, political
interests, and emotional appeals tends to garner the most
shares, likely because these topics resonate with national con-
cerns and trends in Malaysian society. Furthermore, tweets
that include videos or images play a significant role in spread-
ing information, as they offer compelling evidence that can
elicit emotional responses and build trust, motivating users
to share. Meanwhile, credible sources offer a cognitive short-
cut, enabling individuals to accept information from trusted
channels, which often leads to virality.

To address the research question, ‘‘What are the charac-
teristics of information that influence information-sharing
behavior on social media?’’, three illustrative case stud-
ies were presented. These case studies were selected to
demonstrate how different information characteristics oper-
ate within the ELM framework, showcasing how content
triggers central, peripheral, or mixed processing. By ana-
lyzing real examples of viral tweets through RTA, a better
understanding of the practical manifestation of these theoret-
ical concepts and their influence on sharing behavior can be
developed.

A. CASE STUDY 1
These examples represent tweets under the Social Inter-
est theme that became viral in Malaysia in 2024. Both
pieces of information included videos (Visual Appeal
theme) and were shared by Astro Awani, a credible source
(Credible Sources theme). This combination of character-
istics contributed to their significant virality. Analyzing
how these tweets were processed according to ELM the-
ory reveals important distinctions in cognitive processing
routes.

Fig. 5(a) case study example requires prior knowledge of
the case, suggesting alignment with the central processing
route, where individuals need background information to
meaningfully engage with and share the content. Evidence
of this appears in user replies, which demonstrate familiarity
with the case background. A comment noted: ‘‘That’s the
way to deal with this type of extreme bullies. Well done to
the judge. Hopefully, no reversal.’’ Although the tweet incor-
porates visual elements and comes from a credible source,
central processing appears to be the dominant factor in users’
decisions to share this information.

Fig. 5(b) case study example announces the Eid celebration
date for Muslims in Malaysia. This information holds per-
sonal relevance primarily for Muslim Malaysians, creating
motivation to share with others. This example also aligns
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FIGURE 5. Social interest tweet examples.

with central processing, as those who shared were likely
anticipating this announcement and possessed contextual
knowledge about Eid celebrations. Despite the presence of
video content and a credible source, the personal relevance
aspect of central processing seems to be the primary driver
behind sharing behavior.

In conclusion, these findings underscore the role of topic
interest, credibility, and visual appeal in driving the virality
of social media content in Malaysia. While both case study
examples incorporated peripheral cues such as videos and
trusted sources, the central route of processing played a dom-
inant role, as individuals engaged with and shared the tweets
based on prior knowledge, issue familiarity, and personal rel-
evance. Understanding these patterns is crucial for designing
effective intervention strategies to combat misinformation,
as it highlights the importance of tailoring content to users’
cognitive engagement levels and information-processing ten-
dencies.

B. CASE STUDY 2
These examples exemplify tweets categorized under the
Political Interest theme that gained significant traction in
Malaysia during 2024. Both tweets address the same policy
announcement but were disseminated through different news
channels: Astro Awani (see Fig. 6(a)) and Free Malaysia
Today (see Fig. 6(b)), respectively. While both generated

substantial user engagement, Astro Awani’s tweet demon-
strated markedly higher engagement metrics (views and
retweets), likely attributable to its status as a regulated corpo-
rate entity subject to Malaysian media legislation, enhancing
its perceived credibility among the audience.

The incorporation of visual elements (video in Astro
Awani’s case and image in Free Malaysia Today’s) strength-
ened the perceived reliability of the content, consequently
facilitating increased sharing behavior. Analyzing these
examples through the lens of the ELM reveals that processing
such information necessitates cognitive engagement, partic-
ularly among individuals with a vested interest in Malaysian
political developments. This suggests alignment with the cen-
tral processing route of persuasion. However, it is noteworthy
that peripheral cues such as visual components and source
credibility significantly bolstered sharing decisions. This is
evidenced by Astro Awani’s superior engagement metrics,
which can be attributed to its effective use of video content
that provides stronger evidence, along with its established
reputation as a credible information source.

The case study illustrates the interplay between central
and peripheral processing routes in the diffusion of infor-
mation on social media platforms. While substantive content
can trigger cognitive processing, peripheral elements can
significantly enhance sharing behavior. The differing engage-
ment metrics between these tweets, which report the same
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FIGURE 6. Political interest tweet examples.

information, highlight the essential role of source credibility
and how content is presented in information dissemination,
despite the core message being constant. For this reason, it is
significant to understand how peripheral cues can enhance
the dissemination of political information in digital envi-
ronments, potentially serving as entry points for deeper
engagement with the content itself.

C. CASE STUDY 3
These examples represent tweets categorized under the Emo-
tional Appeal theme that achieved viral status in Malaysia
in 2024. Both tweets incorporated images that enhanced
visual engagement and emotional impact for audiences.
When analyzed through the ELM framework, these examples
demonstrate distinct processing characteristics compared to
previously examined cases.

Unlike content requiring substantive prior knowledge,
these emotional appeal tweets facilitate information process-
ing through the peripheral route. The first tweet about an
accident evokes profound sadness and empathy through the
father’s paradoxical statement, creating a strong emotional
connection that motivates sharing as an expression of col-
lective grief (see Fig. 7(a)). The second tweet about wireless
charging innovation taps into positive emotional responses of
national pride and celebration of achievement, appealing to
aspirational values and collective identity (see Fig. 7(b)).
The visual elements in both tweets serve as significant

peripheral cues that amplify emotional impact and lower the

threshold for sharing behavior. These images function not
merely as supplementary content but as critical persuasive
elements that facilitate rapid emotional connection with the
material.

This case study illustrates how emotional appeal, both
through tragedy and triumph can effectively drive viral shar-
ing when content triggers strong emotional responses that
resonate with fundamental human experiences and values.
The combination of emotionally resonant content with visual
elements creates optimal conditions for peripheral processing
and subsequent sharing behavior. These findings suggest that
content creators seeking engagement with Malaysian audi-
ences may effectively leverage both positive and negative
emotional appeals, presented with strong visual components,
to maximize sharing potential through peripheral route pro-
cessing.

1) THE ROLE OF INFORMATION CHARACTERISTICS IN THE
COGNITIVE PROCESSING CONTINUUM
This subsection will comprehensively explore the key find-
ings of information characteristic themes identified through
RTA, along with an analysis of illustrative case studies from
the perspective of the ELM cognitive processing contin-
uum. As mentioned earlier, the ELM outlines dual-process
modes: the central route (high elaboration) and the peripheral
route (low elaboration), representing points on an elaboration
continuum that illustrates how individuals process the infor-
mation they encounter. As outlined in the literature review,
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FIGURE 7. Emotional appeal tweet examples.

individuals with high cognitive engagement usually process
information through the central route, whereas those with
lower engagement often follow the peripheral route. How-
ever, a moderate zone of elaboration exists between these two
extremes, where both heuristic cues and systematic process-
ing influence decision-making [57], [58]. In this intermediate
space, users may first rely on peripheral cues for quick eval-
uations before delving into a thorough cognitive assessment
when the content appears particularly relevant or personally
meaningful. The analysis of illustrative case studies col-
lectively addresses the research question by demonstrating
that information characteristics influence sharing behavior
through various cognitive processing routes. This finding
aligns with previous studies, which indicate that cognitive
processing interactions suggest that persuasion outcomes
rarely manifest as solely central or peripheral [57], [58].
Instead, they are a dynamic blend shaped by user engagement,
prior knowledge, and contextual elements.

The cognitive processing continuum emphasizes that infor-
mation processing occurs on a spectrum rather than in fixed
categories. Users shift between different processing levels
based on factors like content salience, personal relevance,
source credibility, and visual cues. For example, when content
is personally relevant or socially salient, such as social issues
or political topics, it often prompts deeper engagement and
more deliberate processing via the central route. In contrast,
elements such as visual appeal and source credibility can
influence users across various cognitive processing levels.
The prevalence of mixed processing highlights the impor-
tance of a hybrid approach to content engagement, where
appealing elements are paired with meaningful content,

promoting more thoughtful and informed sharing behavior.
Notably, the case studies illustrate that many viral tweets
engage mixed processing channels, with both central and
peripheral factors influencing sharing choices.

To clarify the discussion, Fig. 8 illustrates how information
characteristics influence the cognitive processing contin-
uum within the ELM framework, specifically in relation to
information-sharing behavior on social media. It emphasizes
the continuum of cognitive processing, reflecting the various
levels of cognitive motivation and ability that individuals
exhibit when engaging with information. Three processing
levels were identified, including central processing, periph-
eral processing, and mixed processing.

The role of central processing is evident in Case Stud-
ies 1 and 2, where cognitive involvement, characterized
by high motivation and ability, dominates information pro-
cessing. As observed in the results section, the themes of
Social Interest and Political Interest align with the cen-
tral route that demands deep processing when the content
involves major public discourse. Both case studies provide
supporting evidence for this, highlighting how issue-relevant
thinking is triggered by complex, context-dependent infor-
mation. For instance, the tweet on judicial sentencing in
Case Study 1 required users to have prior knowledge
of the case, whereas the tweets in Case Study 2, con-
cerning pension reforms for civil servants and politicians,
prompted users to reflect on broader political developments
inMalaysia. Even when confronted with complex arguments,
users may participate in issue-relevant thinking, forming
opinions based on prior knowledge and a broader contextual
understanding.
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FIGURE 8. The influence of information characteristics in cognitive
processing continuum of the ELM framework.

The influence of peripheral processing on information
sharing is evident in Case Study 3, where low motivation and
ability are involved due to the affective and heuristic cues that
facilitate quick decision-making. This case highlights how
tweets about the tragic accident involving university students
and Malaysian technological innovation gained widespread
attention through emotionally charged and visually com-
pelling content. Users were drawn to these narratives and
shared them with minimal cognitive effort, largely driven
by emotions such as empathy, grief, national pride, and the
positive affect elicited by visuals.

Despite the presence of peripheral cues, deeper processing
is not inherently excluded, nor does it automatically diminish
the significance of these cues. When cognitive involvement
is at a moderate level, characterized by balanced motivation
and ability, various modes of processing can be utilized con-
currently. The analyzed case studies reveal that information
processing rarely follows a single path. For instance, Case
Study 1’s tweet about the Eid announcement engaged cen-
tral processing through its personal relevance to Muslims,
while being further enriched by peripheral factors such as
video content and the credibility of the source. In Case
Study 2, although the pension policy required central process-
ing, peripheral elements such as video and source credibility
significantly amplified information-sharing behavior. Addi-
tionally, Case Study 3 illustrates that emotional and visual
components can initially serve as captivating heuristics,
encouraging users to engage more deeply and leading to
central route processing. The interaction between peripheral
and central routes demonstrates that emotional engagement
and visual attractiveness can effectively capture user attention
and encourage more in-depth evaluations. This enhances the
credibility of messages and fosters the sharing of information.
It exemplifies the real-world application of mixed processing,
where users combine both central and peripheral aspects
depending on contextual elements, such as the complexity of
the content, individual interests, and time constraints.

2) FROM THEORY TO PRACTICE: MISINFORMATION
INTERVENTION STRATEGIES PERSPECTIVE
From an intervention perspective, the case studies provide
essential insights for developing targeted strategies to pro-
mote responsible information-sharing behavior on social
media. These strategies should incorporate components from
various levels of cognitive engagement to address all types
of tweets effectively. As the case studies demonstrate, tweets
combine numerous characteristics, such as social interest and
visual appeal, which may trigger both central and peripheral
processing routes. This reinforces the need for hybrid-based
intervention strategies that simultaneously address deeper
cognitive engagement and surface-level heuristic cues [109].
To enhance practical value, actionable recommendations
can be delineated across several stakeholder groups: poli-
cymakers, social media platforms, educators, and individual
users.

For policymakers, the findings highlight the urgent need
to strengthen media regulations by establishing clearer poli-
cies that require transparency in platform algorithms (theme:
Credible Sources). Additionally, it is crucial to develop
campaigns aimed at increasing citizens’ awareness of the
importance of critically evaluating viral political and social
content (themes: Political Interest; Social Interest), especially
when it includes emotional or visual elements (themes: Emo-
tional Appeal; Visual Appeal). This combined strategy can
reinforce regulatory frameworks while promoting essential
media literacy, empowering individuals to navigate the com-
plexities of today’s media landscape.

Social media platforms, as key stakeholders, have a
substantial influence on information-sharing behavior due
to credibility cues and visual appeal. To address this,
platforms should implement contextual credibility markers
(themes: Credible Sources; Visual Appeal), such as tags
for ‘‘verified news outlets’’ and fact-checking overlays, par-
ticularly during heightened political and social discourse
(themes: Political Interest; Social Interest). Additionally, pri-
oritizing credible sources like Bernama or Awani through
algorithmic adjustments during national events can help mit-
igate misinformation (themes: Credible Sources; Political
Interest; Social Interest). These measures would enhance
the platforms’ responsibility in fostering an informed
public.

Educators can leverage these findings to develop media
literacy programs that address both the central and periph-
eral processing routes identified in this research (themes:
Social Interest; Political Interest; Emotional Appeal; Visual
Appeal). Training should focus not only on fostering
fact-checking practices but also on enhancing awareness of
the ways in which emotional and visual appeals (themes:
Emotional Appeal; Visual Appeal) can circumvent critical
thinking processes.

Finally, individual users represent a critical starting point
in addressing the challenges of misinformation in the digi-
tal landscape. By embracing a ‘‘pause-and-verify’’ approach
before sharing viral content (themes: Credible Sources;
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TABLE 7. Distribution of tweets to theme classification.

Visual Appeal), they can significantly curb the diffusion of
misinformation. This practice not only encourages personal

accountability but also contributes to a collective responsibil-
ity within online communities.
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TABLE 7. (Continued.) Distribution of tweets to theme classification.

VI. CONCLUSION
This study identifies and examines five key characteristics of
information that influence sharing behavior on social media
platforms: Social Interest, Political Interest, Visual Appeal,
Credible Sources, and Emotional Appeal. The study applies
the ELM as a theoretical framework to analyze viral tweets
from Malaysian news channels. Utilizing RTA, the research
highlights how these factors impact the cognitive processing
continuum that affects sharing decisions.

The findings demonstrate that information processing does
not occur strictly through central or peripheral routes but
instead along a flexible continuum influenced by motiva-
tion, ability, and contextual factors. Case studies reveal how
central engagement (e.g., political or social issues) interacts
with peripheral cues (e.g., visuals, credibility), underscoring

the need for hybrid intervention strategies that address
multiple levels of user engagement. For stakeholders, includ-
ing policymakers, social media platforms, educators, and
individual users, suggests the importance of designing inter-
ventions that combine media literacy (to foster deeper critical
engagement), credibility markers (to support quick heuris-
tic judgments), and platform-level safeguards (to address
low-effort sharing behaviors).

This study has several important limitations that must be
acknowledged. First, the dataset was intentionally restricted
to 92 viral tweets collected from three prominent Malaysian
news channels over 10 months. While this scope was appro-
priate for an in-depth qualitative thematic analysis [99],
[100], the findings are context-specific and should not
be assumed to generalize across other countries, media
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outlets, or social media platforms. Moreover, the dataset was
unevenly distributed across the three channels, with more
tweets derived from Astro Awani compared to Bernama
TV and Free Malaysia Today. This imbalance might have
affected the prominence of certain themes, as interpretive
patterns could mirror Awani’s communication style more
strongly. However, such variation remains acceptable within
a qualitative framework that favors conceptual depth over
numerical balance. Second, this study did not account for
the algorithmic operations of social media platforms, such
as ranking, content curation, and recommendation systems.
These mechanisms significantly shape visibility and engage-
ment, often amplifying certain narratives while suppressing
others. In addition to algorithmic influence, limiting the
dataset to news channels rather than ordinary users may
have influenced which peripheral cues were most visible.
As a result, the virality of the tweets analyzed here may
have been partly influenced by algorithmic prioritization
rather than purely by user-driven sharing decisions. Finally,
while the use of RTA enabled rich conceptual insights, it is
interpretive in nature and reflects the researcher’s analytical
lens. Although reflexive practices were employed to ensure
transparency, the findings are not intended for statistical gen-
eralization but rather for generating transferable analytical
insights.

Future studies should explore the ‘‘mixed processing’’
phenomenon revealed in this research, in which informa-
tion traits trigger both central and peripheral processing
routes concurrently. This intermediate area on the cognitive
processing spectrum necessitates detailed empirical scrutiny
to clarify how users combine different processing meth-
ods when faced with complex information. In particular,
experimental and cross-platform research could examine
how platform algorithms interact with information char-
acteristics to influence virality, and whether cultural or
contextual factors influence shifts along the processing
continuum. By enhancing the understanding of various pro-
cessing mechanisms and their empirical expressions across
different contexts, future research can foster more nuanced
theoretical models and more efficient strategies for ensur-
ing information integrity in ever-evolving digital information
landscapes.
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