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Introduction: Social media plays a crucial role in shaping health behaviors by
influencing users’ perceptions and engagement with health-related content.
Understanding these dynamics is important as new social media technologies
and changing health behaviors shape how people engage with health messages.
Aim: The current study explored the relationship between the characteristics of
content creators, the messaging strategies employed in social media, and users’
engagement with social media content, and whether these features are linked to
users’ behavioral intentions.
Methods: This study adopts a cross-sectional survey design. A total of 1,141
participants were recruited. We have developed a structural equation model to
investigate the relationships between the characteristics of content creators,
the messaging strategies employed in social media, users’ perceived HBM
constructs, user engagement, and users’ behavioral intentions.
Results: Results revealed that social media posts focusing on self-efficacy were
linked to increased willingness to engage in healthy behaviors. Additionally,
individuals who demonstrate stronger perceptions of HBM constructs—such
as higher perceived susceptibility and benefits of vaccination—are more likely
to engage with posts, which was associated with higher vaccination intention.
Posts authored by celebrities garnered a relatively higher number of favorites,
while a greater proportion of politicians as content creators was linked to
increased user comment intention.
Conclusion: Our study underscores the potential of integrating the Health Belief
Model into social media to help promote health behaviors like the COVID-19
vaccination. Furthermore, our findings offer valuable insights for professionals and
policymakers, guiding them in crafting effective message strategies and selecting
appropriate sources to promote health behaviors on social media platforms.
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1 Introduction

The volume of information disseminated on social media has significantly expanded,

encompassing scientifically valid data and evidence-based recommendations along with

low-quality data, personal opinions, disinformation, and misinformation (1). Beyond the

content itself, the effects of social media are increased by its unique features, such as the

opportunity for user engagement (2). User engagement involves a state of cognitive and

emotional absorption and is determined by social media activities such as searching for,

viewing, commenting on, and even sharing social media content online (3). These types of
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engagement are consequential; Alhabash et al. (4) demonstrated that

socialmedia users aremore likely to engage in offline behaviors if they

receive persuasive messages and respond positively.

Social media platforms influence how billions of people act and

think every day, so we need to know how the content and the

creators of social media messages affect users’ engagement and real-

world actions. For example, during the pandemic, social media has

played an important role in disseminating COVID-19 vaccine

information, much of which had a positive impact. A cross-sectional

social media-based survey conducted in the USA in 2021 showed that

81.5% of social media users had a positive attitude toward COVID-19

vaccination, with 91.9% considering it an act of civic responsibility

(5). Xin et al. (6) discovered that frequent social media exposure and

interpersonal discussion were positively associated with COVID-19

vaccination intention among specific populations, like nurses.

Despite these insights, existing research has primarily focused

on the general impact of social media on vaccine attitudes and

behaviors, often without systematically examining the specific

characteristics of content creators and message strategies that

drive engagement. This gap is particularly relevant given the

increasing role of social media in shaping public health

discourse, yet little is known about which factors most effectively

enhance engagement with health-related messages.

Failing to address this gap poses a risk to public health

communication efforts, as ineffective messaging strategies may

lead to disengagement, misinformation spread, or even public

resistance to critical health initiatives. Without empirical insights

into what makes health-related content more engaging, public

health agencies may struggle to design campaigns that effectively

counter misinformation and encourage positive health behaviors.

Therefore, it is important for us to understand how source and

message characteristics affect the impact to design effective health

communication strategies and interventions on social media.

The current study aims to examine the relationship between the

characteristics of content creators, the messaging strategies employed

in social media, and users’ engagement with social media content,

and whether these features are linked to users’ behavioral intentions,

using a COVID-19 vaccination as an example. Our study helps to

understand how users of social media platforms understand messages

related to critical health issues. We hope that our research will offer

the basis for future research and practice, by using the insights we

gain from it. Specifically, our study will help governmental and health

professionals to create social media campaigns that encourage desired

health behaviors in a systematic way. Also, this study will help

researchers develop empirical models that might explain user

engagement better within social media platforms.
2 Literature review and hypothesis
development

2.1 The role of social media on health
behaviors

Social media comprises internet-based applications that

empower users to establish virtual networks and communities.
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It serves as a platform for interaction, enabling users to share

their ideas, thoughts, and information in diverse formats,

including text, pictures, videos, and status updates (7–9). In

today’s digital landscape, social media stands out as a dynamic

and rapidly expanding resource. It encompasses a diverse array

of platforms and applications with national, regional and global

reach that cater to users of all ages (10, 11). Users can leverage

social media platforms to connect and engage with friends and

like-minded individuals who share common interests (12, 13).

Moreover, social media provides individuals with the opportunity

to access knowledge and insights, offering a window into various

opinions and perspectives on a wide range of topics, issues,

and events (14, 15).

Social media holds the potential to exert a positive impact on

health attitudes and behaviors, including fostering favorable

attitudes towards vaccines. Many studies underscore this impact.

For example, Melton et al. (16) documented an enduring surge in

positive sentiments within Reddit communities when discussing

the COVID-19 vaccine, reflecting shifts in affective attitudes.

Likewise, Liu (17) established a clear positive correlation between

engagement with COVID-19 information on social media and the

adoption of preventive behaviors. Similarly, Biella et al. (18) found

that frequent exposure to pro-vaccine content on social media was

associated with reduced susceptibility to anti-vaccination attitudes,

which are key predictors of lower vaccine intentions.

However, the widespread presence of anti-vaccination

communities on social media has also deepened polarization,

reinforcing skepticism and misinformation. Prior work has

shown that anti-vaccination attitudes are closely linked to lower

intentions to perform vaccination-related behaviors, such as

getting vaccinated (19). Furthermore, misinformation on social

media can influence vaccine policy debates, as seen in cases

where viral narratives shaped public opposition to vaccine

mandates (20). In addition, the overwhelming volume of social

media posts can contribute to message fatigue and information

overload, potentially diminishing users’ engagement and

responsiveness to health messages (21–23).

This dual role of social media—both promoting and hindering

vaccine uptake—underscores the need for a deeper understanding

of how social media shapes health intentions and behaviors. By

expanding on existing research, this study aims to offer insights

that can help decision-makers strategically leverage social media

to promote public health initiatives, with COVID-19 vaccination

serving as a critical case study.
2.2 Health belief model and health
behaviors

The Health Belief Model (HBM) is one of the most frequently

employed theoretical frameworks used to explain health behaviors

across a wide variety of contexts and target populations. It has been

instrumental in shaping interventions aimed at promoting healthy

behaviors such as vaccination and disease prevention. The HBM

posits that an individual’s health-related behavior is determined

by their perception of the seriousness and likelihood of a health
frontiersin.org
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threat, as well as the perceived advantages and hindrances

associated with the adoption of a recommended health action (24).

The HBM comprises six key components: perceived

susceptibility, perceived severity, perceived benefits, perceived

barriers, cues to action, and self-efficacy. Essentially, the HBM

centers around individuals’ perceptions of threat and their

assessment of suggested behaviors. Threat perception is divided

into two beliefs: the belief in one’s susceptibility to a particular

health issue and the belief in the severity of the consequences of

that illness. Evaluation of the recommended behavior also

encompasses two separate sets of beliefs: considerations regarding

the benefits or effectiveness of the suggested health behavior and

considerations regarding the obstacles to adopting the health

behavior. Cues to action are the stimulus needed to trigger the

decision-making process to adopt a recommended health action

(24). These cues can be internal or external. Individuals’

perceptions of symptoms (e.g., chest pains, wheezing, etc.) are

examples of internal cues to action (25). External cues include

advice from others, the illness of a family member or friend, social

media campaigns, or healthcare providers promoting health-related

behaviors (25). Self-efficacy pertains to the degree of an individual’s

assurance in their capacity to carry out a behavior, such as getting

vaccinated. The value of a recommendation for a health behavior

relies on whether one feels capable of competently executing the

necessary steps to engage in the behavior (26).

Multiple reviews demonstrated HBM’s effectiveness in

predicting and explaining preventive health behaviors (25,

27–30). Particularly, perceived benefits and barriers consistently

emerged as the most robust predictors, while perceived

susceptibility and severity either exhibit weak associations with

preventive health behaviors or fail to demonstrate statistically

significant links to behavior change (25). Despite variations in

the effectiveness of individual HBM constructs, the model

continues to serve as a foundational theoretical basis for

numerous interventions and prevention programs (31).

Recent studies, particularly those focused on COVID-19

vaccination, have reaffirmed the predictive power of HBM

constructs. Specifically, perceived susceptibility, perceived severity,

perceived benefits, perceived barriers, cue to action, and self-

efficacy have all been identified as predictors of COVID-19

vaccination willingness, intentions, and behaviors (32–35).

Furthermore, perceived benefits and perceived barriers have been

shown to impact vaccine intentions significantly and directly.

These findings inform the first hypothesis of the current study.

H1: Socialmedia users holding higher levels of perceived severity,

susceptibility, benefits, barriers, self-efficacy, and cues to actions

related to COVID-19 vaccination will be more likely to have higher

levels of people’s intentions to receive the COVID-19 vaccine

(H1a) and intentions to persuade others to take the vaccine (H1b).

While perceived HBM constructs reflect an individual’s

personal beliefs about health behaviors (e.g., their perception of

COVID-19 severity or vaccine benefits), HBM constructs are also

commonly incorporated into social media posts to frame health

messages. HBM message constructs refer to how these concepts

are framed within social media content (e.g., whether a post

highlights the severity of COVID-19 or emphasizes the benefits
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of vaccination). All six HBM constructs—severity, susceptibility,

benefits, barriers, self-efficacy, and cues to actions, appear in

social media messages to some extent. Previous Research suggests

that social media messages incorporating HBM constructs can

influence user engagement and persuasive outcomes (36).

However, the frequency of using each construct in social media

messages depends on the health topic. For example, the benefit of

the COVID-19 vaccine was mentioned frequently in a study

assessing public health social media messages targeting COVID-19

prevention behaviors disseminated by governmental agencies (37).

Another study analyzing content related to healthy dietary practices

on YouTube found that HBM message constructs were rarely used

for this topic (38). However, posts that did use HBM message

constructs received significantly more favorites, comments, and

shares. Given that exposure to certain message frames may activate

or reinforce users’ existing HBM perceptions, it is essential to

examine how social media messages utilizing these constructs relate

to vaccine-related intentions. These findings inform the second

hypothesis of the current study.

H2: Social media messages that have higher levels of HBM

message constructs—severity, susceptibility, benefits, barriers, and

self-efficacy about COVID19 vaccine—will be linked significantly

with vaccination intentions (H2a) and intentions to persuade

others to take the vaccine (H2b).
2.3 Characteristics of content creators and
health outcomes

The features of content creators can also influence the audience’s

behaviors (39). Recent research has shown that leveraging the power

of social media influencers has led to favorable health outcomes in

various areas, including HPV vaccination, tobacco prevention,

healthy eating, and skin cancer prevention (40). Also, previous

research has shown that factors such as gender (41) and occupation

(42, 43) of social media content creators can influence the health

behaviors of various targeted audiences. However, the effects of

other personal traits of content creators, such as age, race, and

occupation on people’s health behaviors have not been fully

explored yet.

While individual characteristics influence audience perceptions

across various media formats, social media presents unique

affordances that distinguish it from traditional media like TV and

radio. Unlike passive media consumption, social media fosters real-

time engagement, allowing audiences to interact with content

creators through comments, likes, and shares, which can heighten

perceived credibility and influence (44). Moreover, the visibility of

creators’ personal traits—such as gender, age, and occupation—is

often more pronounced on social media due to profile accessibility

and engagement metrics, making measurement more convenient.

While the effects of certain creator traits (e.g., gender and

occupation) on health behaviors have been explored, the influence

of other personal characteristics, such as age and race, remains

under-examined. Understanding how these characteristics

influence vaccination intentions and health behaviors in social

media contexts is one of the objectives of this study.
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RQ1: Are there significant associations between content

creators’ personal traits (i.e., gender, race, and occupation) and

outcome variables (vaccination intentions and intentions to

persuade others to take the vaccine)?
2.4 Social media user engagement

User engagement is defined as a category of user experience that is

characterized by a state of cognitive and emotional absorption (45).

Studies have consistently shown that when users respond positively

to persuasive messages shared on social media, they are more likely

to perform specific offline actions, such as purchasing (4). In the

context of health communication, research indicates that engaging

in activities on social media helps users maintain health-related

behaviors, including physical activity and making healthy dietary

choices (46, 47), endorsing e-cigarette policies (48), and influencing

the clinical outcomes of individuals with diabetes (49).

Various social media engagement behaviors have distinct

qualitative characteristics. First, the act of “Liking” a post

represents the simplest form of engagement, involving no verbal

expression. Research consistently points to a positive association

between “liking” and the development of favorable attitudes and

behavior change. Second, “sharing” content is a higher level

of engagement, effectively transforming users into voluntary

messengers with the potential to influence purchasing decisions

or health behaviors. Third, “commenting” is considered the most

substantial form of engagement, demanding more time and

effort, thereby allowing users to express opinions and share

information directly with others (4, 50–52).

Nevertheless, our understanding of how different social media

user engagement behaviors interact with message and source

characteristics in social media posts and their impact on users’

health outcomes is limited. This literature informs the following

two research questions of the current study.

RQ2: Are there significant associations between the

independent variables (users’ perceived levels of HBM related to

COVID-19 vaccination, HBM message constructs, content

creators’ characteristics) and user engagement variables (favorites,

comments, and shares)?

RQ3: Are the relationships between the independent variables

(users’ perceived levels of HBM related to COVID-19 vaccination,

HBM message constructs, content creators’ characteristics) and

outcome variables (vaccination intentions and intention to

persuade others to take the vaccine) mediated by user

engagement variables (favorites, comments, and shares)?

Based on the theoretical framework and research objectives,

our conceptual model is shown in Figure 1.
3 Methods

3.1 Sample

The target population for this study is all adults who engage

with social media platforms, have not been fully vaccinated, and
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have not formed an intention to get vaccinated. In order to make

inferences about this target population, the sample inclusion

criteria were set as follows: (1) an individual must be over 18

years old, (2) an individual must have used one or more

mainstream social media platforms at least once in the last year,

and (3) an individual must not have been fully vaccinated; in

other words, participants may not have received two or more

doses of COVID-19 vaccines to participate in the study.

Additionally, participants who failed to pass the attention check

question were excluded. Amazon Mechanical Turk (MTurk)

was used to recruit participants for our survey, which was

administered through Qualtrics. MTurk was selected because it

provides a diverse and relatively representative sample of the

general population, allows for efficient and cost-effective data

collection, and has been widely used in social science research.

Data collected on MTurk has been proven to be as reliable as

those obtained from traditional survey methods (53–55).

Initially, 2,331 participants accessed the survey, of which 1,141

individuals met the inclusion criteria and were included in the final

sample. Among these participants, 45.0% (n = 514) were female,

82.7% identified as White (n = 944), and 33.6% identified as

Hispanic (n = 383). Participants’ ages ranged from 18 to 79

(M = 33.82, SD = 10.81). The majority (93.9%) had obtained at

least an undergraduate degree, and 33.9% reported a household

income of $75,000 or more in the previous year (which is higher

than the median US household income in 2021, $70,784).

Detailed demographic information is presented in Table 1.
3.2 Stimuli

Social media posts and creator profiles were sourced from a

publicly available dataset called “CoVaxxy.” The CoVaxxy dataset

was created to explore vaccine hesitancy and its relationship to

public health outcomes, focusing on a set of Twitter posts related

to the COVID-19 vaccine (56). Because the current study aimed

at identifying social media posts’ impact on positive attitudes and

intentions toward COVID-19 vaccines, posts with anti-vaccine

contents were omitted from the dataset. Next, social media posts

were classified based on the message strategies used to support

positive intentions. Tweets were not limited to using just one

strategy. For instance, if a tweet emphasized the risk to a child of

contracting COVID-19 but also mentioned the benefits of

vaccination, it fell under the category of susceptibility in social

media messages. 10 posts with higher user engagement were

selected from each category, resulting in a stimulus pool of

50 tweets.

We selected 25 content creators’ profiles to represent a

balanced range of demographic characteristics, such as gender,

race, and occupation. Each profile was paired with two tweets

from different categories, both authored by the same content

creator. We paired the posts using two key criteria: (1) balancing

content creators by gender, race, and occupation for each

strategy across ten posts, and (2) aligning the characteristics of

the content creator with the content of the tweet. For example,

in the “severity” category, there were five tweets from women,
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FIGURE 1

The conceptual model.
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four from men, and one from an organization. Regarding race,

there were six posts from White creators and three from Black

creators, with two posts from each occupation category (e.g.,

politicians, health professionals, celebrities, writers/journalists,

laypersons). Similarly, tweets originating from the White House

needed to maintain a tone that was appropriate to the message.

Two posts from each of the five strategy categories, with a total

of ten social media posts, were randomly displayed to participants.
3.3 Data collection

Participants were presented with a consent form on MTurk

before responding to survey questions. Upon providing consent

to participate in the study, they were then directed to the online

questionnaire. Participants first answered the screening questions

about their ages, how often they used social media, and how

many doses of the COVID-19 vaccine they received. Participants

who did not meet the inclusion criteria were included in this

step. Then, participants answered questions about how their

perception of the COVID-19 vaccine, in order to measure

their levels of perceived severity, susceptibility, benefits, barriers,
Frontiers in Digital Health 05
self-efficacy, and cues to action. Next, participants were then

randomly presented with 10 social media posts, each featuring

creators’ profiles, sourced from a publicly available dataset

comprising COVID-19 vaccine-related tweets. Following each

post, participants were asked to indicate how they would engage

with each post, indicating their likelihood of “liking,” “sharing,”

and “commenting” on the content. Subsequently, participants

responded to questions about their intention to receive the

COVID-19 vaccine, followed by inquiries about demographics,

including age, gender, race, education level, and income.
3.4 Variables and measures

Constructs of HBM. A total of forty-two items correspond to

the six constructs of the HBM model. The measures were

adopted from previous studies using HBM in the context of the

COVID-19 vaccine (33, 57–60). Six dimensions of health beliefs

in the HBM were measured on a 5-point Likert scale, 1 being

“strongly disagree” and 5 being “strongly agree”. A higher score

indicates higher agreement on the statement regarding each

health belief. These six constructs include:
frontiersin.org
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TABLE 1 Demographics of participants.

Demographic Number (%) (n = 1,141)

Gender
Female 514 (45.0%)

Male 627 (55.0%)

Race
White 944 (82.7%)

American Indian or Alaska Native 30 (2.6%)

Asian 112 (9.8%)

Black or African 45 (3.9%)

American Native 5 (0.4%)

Hawaiian or Other Pacific Islander 1 (0.1%)

Others 3 (0.3%)

Prefer not to disclose 1 (0.1%)

Ethnicity
Hispanic or Latino 383 (33.6%)

Not Hispanic or Latino 749 (65.6%)

Prefer not to disclose 9 (0.8%)

Education
Some high school 1 (0.1%)

High school diploma 46 (4.0%)

Some college 23 (2.0%)

Bachelor’s degree 809 (70.9%)

Master’s degree or above 262 (23.0%)

Income
Less than $20,000 36 (3.2%)

$20,000–$34,999 104 (9.1%)

$35,000–$49,999 229 (20.1%)

$50,000–$74,999 385 (33.7%)

$75,000–$99,999 289 (25.3%)

$100,000–$149,999 84 (7.4%)

$150,000 or more 14 (1.2%)

Age M = 33.21, SD = 10.81

Jia et al. 10.3389/fdgth.2025.1448884
(1) Perceived susceptibility. Three items measuring perceived

susceptibility (Cronbach’s a = .65, M = 3.85, SD = .73) to

COVID-19 infection (e.g., I am at higher risk getting

COVID-19),

(2) Perceived severity. Four items measuring perceived severity

(Cronbach’s a = .71, M = 4.02, SD = .60) of COVID-19

infection (e.g., If I got COVID-19, it would probably be

more serious than the flu),

(3) Perceived benefits. Ten items measuring perceived benefits

(Cronbach’s a = .86, M = 3.98, SD = .56) of COVID-19

vaccination (e.g., Getting COVID-19 vaccine can reduce the

chance of infection),

(4) Perceived barriers. Ten items measuring perceived barriers

(Cronbach’s a = .85, M = 3.86, SD = .62) to COVID-19

vaccination (e.g., I am concerned about the safety of

COVID-19 vaccine),

(5) Self-efficacy. Five items measuring self-efficacy (Cronbach’s

a = .65, M = 4.03, SD = .53) (e.g., It is easy for me to get the

COVID-19 vaccine),

(6) Cues to action. Ten items measuring cues to action

(Cronbach’s a = .87, M = 3.97, SD = .57) (e.g., If someone

I like on social media encouraged COVID-19 vaccination,

I would probably get the vaccine).
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Because each social media post contains different HBM

message constructs, these constructs in the post were dummy-

coded. If the HBM construct appeared in the post, it was

coded as 1; otherwise, it was coded as 0. For example, if a social

media post targets users’ perceived severity of COVID-19 and

perceived barriers to the vaccine, the items “severity” and

“barriers” were coded as 1, and the variables of message

susceptibility, benefits, and self-efficacy were coded as 0. The

“cues to action” variable was excluded when coding HBM

message constructs in social media posts due to its reliance on

the audience’s perception and cannot be coded in these social

media posts (36).

Since each participant was exposed to 10 social media posts, we

calculated the frequency of each of the five message strategies

across those posts, resulting in five continuous variables. For

example, if the construct benefits were represented in 5 posts out of

10 posts, the sum of message benefits would be 5. This recoding

process led to five new continuous variables: (1) the sum of the

message severity score (M = 3.40, SD = 0.87), (2) the sum of

the message susceptibility score (M = 2.40, SD = 0.54), (3) the sum

of the message benefits score (M = 5.20, SD = 1.12), (4) the sum

of message barriers score (M = 4.60, SD = 1.19), and (5) the sum of

message self-efficacy score (M = 2.60, SD = 0.65).

User Engagement Intentions. User engagement intentions were

assessed using three questions: “How likely is it that you would

‘like’ this post?” (M = 3.96, SD = 0.63) “How likely is it that you

would ‘share’ this post?” (M = 4.02, SD = 0.71) and “How likely is

that you would make a comment on this post?” (M = 3.93,

SD = 0.63). The measurement was adopted from Ibrahim et al.

(61). User engagement intentions were measured with a 5-point

Likert scale (1—Extremely unlikely and 5—Extremely likely).

A higher score indicates participants are more likely to engage

with social media posts.

Intentions to Vaccinate. Intentions to vaccinate were assessed

using “If you were offered a COVID-19 vaccine or booster shot for

free, what would you do?” (M = 4.02, SD = 1.05) on a 5-point

Likert scale (62). A higher score indicates participants are more

likely to get vaccinated.

Support of Vaccination. Support of vaccination was assessed

using “If your family members wanted to get the COVID-19 shot

or booster shot, what would you do?” (M = 3.59, SD = 1.13) on a

5-point Likert scale (62). A higher score indicates participants

have intentions to be more supportive of the COVID-

19 vaccination.

Demographics. Participants’ demographics include gender (i.e.,

female, male, non-binary/third gender, and prefer not to disclose),

age (i.e., on a continuum from 18 to 100), race (i.e., White,

American Indian or Alaska Native, Asian, Black or African,

American Native, Hawaiian or Other Pacific Islander, other races,

and prefer not to disclose), ethnicity (i.e., Hispanic or Latino,

non-Hispanic or Latino, and prefer not to disclose), educational

level (i.e., some high school, high school diploma, some college/

no degree, bachelor’s degree, or master’s degree and above), and

household income level (i.e., less than $20,000; $20,000–$34,999;

$35,000–$49,999; $50,000–$74,999; $75,000–$99,999; $100,000–

$149,999; and $150,000 or more).
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3.5 Priori- and posterior power analysis

A priori power analysis was conducted following the approach

described by Preacher Coffman (63) to find out the minimum

sample size required for the desired RMSEA level. The results

indicate that at least 186 participants are needed to reject the

null hypothesis of RMSEA greater than or equal to .05 in favor

of close fit, with a statistical power of .90 when df = 172, alpha is

.05. Thus, the obtained sample size of N = 1,141 is adequate to

test the study hypothesis. In addition, the posterior power

analysis results indicated that the power reaches 1, when

n = 1,141, df = 172, and RMSEA = .041.
3.6 Data analysis

A confirmatory factor analysis (CFA) was performed to

examine the underlying measurement model. When the

measurement model was considered as an acceptable fit,

structural equation modeling (SEM) was conducted using Mplus

(version 7.4 (64); to explore hypotheses presented in Figure 1.

Overall model fit was assessed using (1) Comparative Fit Index

(CFI) or Tucker–Lewis Index (TLI)≥ .90, Standardized Root

Mean Square Residual (SRMR)≤ .10, or (2) Root Mean Square

Error of Approximation (RMSEA)≤ .08. The significance of

each path was then examined at an alpha level of.05. For

testing indirect-effects, a bias-corrected bootstrapping procedure

(bootstrapped sample size = 5,000) with 95% confidence intervals

was implemented to conduct the mediation analyses. This

approach is more rigorous for examining the proposed mediation
FIGURE 2

The final model (only significant paths are displayed).

Frontiers in Digital Health 07
effects because the indirect effect in SEM using bias-corrected

bootstrapped samples employs a full-information Maximum

Likelihood technique. The indirect effect was considered

significant when the bias-corrected bootstrapping confidence

intervals did not include zero.
4 Results

4.1 Measurement model

Results from the initial measurement model demonstrated a

poor fit to the data [χ2(804) = 5,803.15, p < 0.05, RMSEA = 0.074

(90% CI = 0.07–0.08), CFI = 0.77, TLI = 0.75, SRMR = 0.06]. Upon

allowing the correlations between items under the same construct,

the model fit improved substantially [χ2(743) = 3,819.37, p < 0.05,

RMSEA = 0.06 (90% CI = 0.058, 0.062), CFI = 0.86, TLI = 0.83,

SRMR = 0.06]. The standardized factor loadings were from 0.60 to

0.74 (perceived severity); 0.53 to 0.61 (perceived susceptibility);

0.50 to 0.71 (perceived benefits); 0.50 to 0.71 (perceived barriers),

0.46 to 0.57 (perceived self-efficacy), and 0.55 to 0.65 (perceived

cues to action). All of the factor loadings were found to be

statistically significant.
4.2 Structural model

Results from the structural model indicate an acceptable

fit to the data [χ2(114) = 337.57, p < 0.05, RMSEA = 0.04 (90%

CI = 0.04–0.05), CFI = 0.94, TLI = 0.92, SRMR = 0.06]. Figure 2
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illustrates the outcomes of the structural model. The following

section summarizes the findings for each hypothesis.

Hypothesis 1–ForH1a, perceived barriers to getting the COVID-

19 vaccine were negatively correlated with their vaccination intention

(b =−0.12, SE = 0.05, p = 0.01). In addition, people’s perceived cues to

action were positively associated with their intentions to vaccinate

(b = 0.19, SE = 0.06, p = 0.002). Others were not found to be

statistically significant. H1b was not supported.

Hypothesis 2–For H2a, the results showed that when tweets

contained content users’ self-efficacy construct, the more that users

intend to get vaccinated (b = 0.06, SE = 0.03, p = 0.04). Other HBM

constructs were not related to vaccine intentions. H2b was

not supported.

Research Question 1– Content creator characteristics and vaccine

intentions.We did not find a significant relationship between content

creators’ personal traits and people’s vaccine intentions.

Research Question 2– Relationships between predictors and user

engagement. The results showed that social media users’ perceived

susceptibility to COVID-19 (b = 0.16, SE = 0.03, p < 0.001), self-

efficacy to take the COVID-19 vaccine (b = 0.07, SE = 0.03,

p = 0.04), and cues to action (b = 0.54, SE = 0.04, p < 0.001) were

all positively and significantly associated with their liking of the

posts. Additionally, perceived susceptibility to COVID-19

(b = 0.17, SE = 0.03, p < 0.001) and the perceived presence of cues

to action (b = 0.56, SE = 0.038, p < 0.001) were both associated

with participants’ intentions to comment on the posts. Lastly,

perceived susceptibility to COVID-19 (b = 0.11, SE = 0.029,

p < 0.001), perceived benefits of getting the COVID-19 vaccine

(b = 0.08, SE = 0.04, p = 0.043), barriers to taking the COVID-19

vaccine (b = 0.14, SE = 0.03, p < 0.001), and cues to action

(b = 0.51, SE = 0.04, p < 0.001) lead to more sharing of the posts.

In terms of content creators’ personal traits, the results showed

that tweets from celebrities received significantly more favorites

(b = 0.04, SE = 0.02, p = 0.05) than other types of occupations.

Moreover, tweets by politicians received significantly more shares

(b = 0.05, SE = 0.02, p = 0.03) than other occupations.

ResearchQuestion 3- Indirect effects of user engagement. The results

showed that the paths from participants’ (a) perceived susceptibility

[b = .03, SE = .01, p = .02, 95%CI (.01, .07)], and (b) perceived cues to

action [b = .14, SE= .06, p = .01, 95%CI (.04, .26] to vaccination

intention were significantly mediated by the number of favorites they

gave to a tweet. In addition, the results showed that the paths from

participants’ (a) perceived susceptibility [b = .05, SE= .02, p = .003,

95%CI (.02, .09)], (b) perceived cues to action [b = .13, SE = .05,

p = .01, 95%CI (.12, .34)] to the intentions to persuade others to get

vaccines were significantly mediated by the number of favorites they

gave. Figure 2 shows the final model (Only significant paths are

displayed). The correlation matrix was provided in Appendix 1.
5 Discussion

5.1 Summary of findings

The current research examined whether perceived level of

HBM constructs about COVID-19 vaccination, HBM constructs
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in social media posts, and the individual traits of content creators

are related to (1) social media users’ behavioral intentions;

(2) intentions to persuade others to take vaccines; and (3) whether

user engagement plays a mediating role of the relationships.

We found significant relationships between participants’

exposure to various creator characteristics and their engagement

with the presented stimuli, which is consistent with previous

research on the topic of health promotion. Our findings are

consistent with previous research that found that posts authored

by celebrities garnered a relatively higher intention of “like” the

post (65–67), underscoring the potential for greater celebrity

involvement in public health promotion efforts. Furthermore, our

analysis revealed a positive association between the proportion of

content creators who are politicians and user comment intention.

Commenting, as compared to liking and sharing, signifies the

most engaged level of interaction, requiring users to invest more

time and effort in providing direct responses to social media

content (52). Social media users often utilize comments to

express support or disagreement with the opinions of content

creators, particularly on content related to the COVID-19

vaccine. Past studies have shown that politicians tend to adopt a

celebrity-like style in their social media presence and marketing

efforts (68, 69), actively engaging with users (70). While our

findings shed light on the potential roles of celebrities and

politicians in enhancing public understanding of health issues on

social media, it is important to note that our study did not reveal

a direct relationship between participants’ exposure to different

content creator characteristics and their vaccination intentions.

In addition to personal characteristics, our study showed

that perceptions of several HBM constructs exhibited positive

relationships with user engagement behaviors. HBM has been used

widely in the development of health education messages and

campaigns and in previous research, it also has been used to examine

the content and engagement patterns associated with vaccine-

promoting posts on social media (71, 72). For example, our results

indicate that perceived susceptibility and perceived cues to action

displayed positive correlations with all three types of engagement

behaviors. These findings suggest that individuals who believed they

were at higher risk of contracting COVID-19 were more likely to

engage with social media posts related to the COVID-19 vaccine.

Similarly, people who encountered stimuli that triggered the decision-

making process, such as experiencing symptoms of the disease or

receiving advice from others, also exhibited a greater intention to

engage with social media content promoting the vaccine. In addition,

our findings demonstrated a positive relationship between individuals

perceived self-efficacy in getting vaccinated and the intention to

“like” posts promoting the vaccine. “Liking” is the easiest form of

engagement behavior on social media requiring no verbal expression

but signifying support and agreement with the content’s viewpoints

(50). This study indicates that people who have higher self-efficacy

regarding the COVID-19 vaccine are more inclined to use the “like”

function to express support for posts endorsing the vaccine.

This study also examined the effect of perceived benefits

and barriers associated with COVID-19 vaccination. Greater

perceptions of the benefits and lower barriers of COVID-19

vaccination were positively correlated with individuals’ intention
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to share the posts, which required a higher level of user engagement

compared to liking (4). This implies that groups who perceive

greater benefits or fewer barriers to the COVID-19 vaccines are

more likely to participate in discussions about vaccines on social

media. By implication, they may be more willing to defend their

beliefs and to oppose contrary views. These findings contribute

to the body of evidence about the relation between the messaging

strategies that are used in social media posts promoting the

COVID-19 vaccine and user engagement behaviors through the

lens of HBM.

Perhaps more importantly, the objective of the current

research was to examine whether participants’ exposure to

different features of social media content is associated with their

health behavioral intentions. The results supported the utility

of the HBM framework within the context of COVID-19

vaccination. This study found people who perceive greater

barriers to getting the COVID-19 vaccine have a relatively lower

intention to get the vaccine. In addition, individuals’ perceived

cues to action also had a positive relationship with their

vaccination intention, which was also consistent with previous

studies (62, 73–76). In addition, content that emphasized self-

efficacy was positively associated with users’ vaccination

intention; this appears to be the most effective way to increase

the audience’s vaccination intention. These findings are

consistent with previous research that showed that self-efficacy is

a direct predictor of whether a person performs the desired

behavior, including the willingness to get the COVID-19 vaccine

(33, 77). Specifically, Guidry and colleagues’ research (72)

suggested that health professionals should focus social media

posts in such a way as to increase perceptions of the self-efficacy

of protective behavior. Based on our findings, we echo these

recommendations; among the HBM constructs, self-efficacy has

the strongest positive association with social media users’

intention to get vaccinated. This information can be useful for

public health professionals and decision-makers in their efforts to

promote vaccine uptake.

In addition to the HBM constructs, we found that the number

of “favorites” played a pivotal mediating role between perceptions

of HBM constructs and individuals’ behavioral intentions.

Specifically, the links between (a) perceived susceptibility (b)

perceived cues to action, and (c) vaccination intention as well as

(d) the intention to persuade others to get vaccines were fully

mediated by the number of favorites the participant gave to

social media posts. While prior research on engagement has

closely examined the behaviors of social media users in health-

promoting contexts (78–80), it remained unclear which forms of

engagement behaviors were predictive of changes in health

behaviors. The present study provides insights into how different

types of user engagement behaviors influence vaccination

intentions. Among them, we found that “favorites” significantly

contribute to the relationship between individuals’ perceptions

of the COVID-19 vaccine and their vaccination intentions. These

findings enhance our understanding of how individuals

form opinions and make decisions regarding vaccination,

offering valuable insights into the influence of diverse types of

engagement behaviors on these choices.
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5.2 Implications

Our study offers valuable insights into how the HBM can serve

as a theoretical framework for designing and implementing social

media messages and interventions. Our approach maintains

ecological validity by presenting participants with real social

media content. This approach makes our study more practical, as

it shows how HBM concepts influence engagement intentions in

response to authentic content. Additionally, the research adds to

the body of evidence regarding the relationships between

messaging strategies used to promote health behaviors, user

engagement behaviors, and vaccination intentions from the

perspective of the HBM. Lastly, the study advances our

understanding of how individuals form opinions and make

decisions about vaccination when exposed to information on

social media. Moreover, the research scrutinizes the interplay of

HBM constructs within social media messages, providing insights

into the relative importance of different HBM factors in shaping

users’ decisions. Finally, the study illuminates the impact of

different types of engagement behaviors in shaping vaccination

decisions, contributing to a more nuanced understanding of how

social media can effectively promote public health behaviors.

Our study can help public health professionals understand

what factors affect vaccine acceptance among people and how to

use them in their campaigns through social media platforms.

Also, opinion leaders and influencers on social media with these

factors can share accurate information and motivate vaccination

among their followers. Moreover, health campaign designers can

learn the best message strategies for social media posts and how

to improve the quality of their content. Lastly, it helps public

health experts to create effective interventions and campaigns to

promote vaccination on social media. In short, the current

research provides useful insights to help public health

professionals use evidence-based strategies to increase vaccine

uptake and support positive health behaviors on social media.
5.3 Limitations and conclusion

There are some limitations of this study that warrant attention.

First, the results of this study rely on correlational data, which

imposes some constraints on the insights it can offer. To

establish possible causal relationships between the elements in

support-seeking messages and social support behaviors, a

controlled experimental study may be necessary.

Another limitation pertains to the choice of prioritizing

external validity over internal control. In the current study, we

meticulously designed the stimuli to balance the frequency of

each strategy used in 10 social media posts. However, because we

used real social media posts, the nature of real social media

content meant that each post could incorporate several different

strategies. Notably, messages targeting benefits and barriers in

social media messages were more prevalent, while those

addressing perceived susceptibility and perceived self-efficacy

were less frequent. To mitigate this limitation, future research

can conduct experiments that tightly manipulate the strategies
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used in social media posts and assess the impact of these posts on

the audience’s attitudes and health behavioral intentions.

Next, the composition of our sample poses limitations on the

generalizability of our findings. For example, a large proportion of

participants in our sample had undergraduate degrees. These

differences raise concerns about the applicability of our findings to

the broader population, given the influence of demographic factors

such as education level on vaccination intention. Going forward,

future studies should aim to recruit more diverse samples to better

reflect the demographic diversity of the population, thereby

increasing the generalizability and validity of the findings.

Additionally, exploring how demographic factors interact with

vaccination intentions could provide valuable insights into

developing targeted interventions to address disparities in

vaccination between different demographic groups. Future study

needs to be based on more representative samples that are more

reflective of various education levels, race/ethnicity, income levels.

In addition, caution is needed to generalize our findings as our

sample is based on the majority of the White population with more

than a college degree who are making middle level of income. In

future research, a comparison between the study sample and the

general population demographics would help assess the

generalizability of the findings more effectively.

Moreover, our study has shed light on the influence of different

types of engagement behaviors on individuals’ behavioral

intentions, with a specific focus on the impact of “liking” a post.

However, future research is necessary to explore the role of

“sharing” and “commenting” on social media posts. Building upon

this and previously published literature, future research should aim

to identify which social media posts receive the most shares and

whether this engagement behavior reflects the sharer’s own

attitudes or preferences or if they anticipate their own followers will

appreciate the post, or both. Additionally, investigating the

characteristics of posts that receive the most comments is

important because it can help to determine if commenting signifies

greater agreement or disagreement compared to other types of user

engagement behaviors or if it is simply a result of specific

individuals being more likely to engage in conversation. Therefore,

future research should explore the characteristics of the audience

that may be associated with sharing and commenting and

investigate whether there is an interaction effect between audience

characteristics and message attributes on people’s engagement

behaviors. In addition, future research should measure participants’

intentions to leave pro-vaccine or anti-vaccine comments instead of

measuring a composite one of commenting to provide a more

nuanced and valuable understanding of the participants’

vaccination intention.

In addition, it is imperative to acknowledge the diverse facets of

user engagement in future research. This includes examining how

individuals interact differently with pro-vaccine and anti-vaccine

content on social media platforms, while also considering the

intensity and duration of these interactions, as well as the roles

played by different actors, such as content creators vs.

commenters. A robust body of literature underscores the pivotal

role of these parameters in shaping the effects of engagement on

individuals’ cognitions, intentions, and performance regarding
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health behaviors. Moving forward, future research should strive

to incorporate these nuanced aspects to enrich our

understanding of the dynamics surrounding user engagement

and its impact on health behaviors.

Another consideration is the potential role of partisanship in

shaping audience responses to social media content. Given the

politicized nature of public health campaigns, individuals may

use content creators’ demographic characteristics as heuristics to

infer their political stances, which could, in turn, influence

engagement and behavioral intentions. However, our study did

not directly measure partisanship or examine its effects on

message reception. Future research should explore the

intersection of political identity, source characteristics, and health

messaging to better understand how these factors influence

engagement and decision-making in public health contexts.

At the measurement level, we acknowledge that a test for

common method bias (CMB) was not conducted. However, we

performed Confirmatory Factor Analysis (CFA) to assess construct

validity and tested multiple model specifications, ultimately

selecting the best-fitting model, which supports the robustness of

our findings. Additionally, while we did not conduct a

multicollinearity test prior to SEM estimation, our correlation

matrix indicates that the inter-variable correlations range between

0.3 and 0.7, suggesting that multicollinearity is unlikely to be a

significant concern. Future research should incorporate explicit

CMB assessments and formal multicollinearity diagnostics to

further enhance methodological rigor.

Lastly, future research should explore how emerging social

media technologies, such as artificial intelligence-driven content,

virtual influencers, and immersive platforms, influence health

communication and user engagement. As social media continues

to evolve, user behaviors and preferences may shift, requiring

new strategies to effectively disseminate health messages.

Longitudinal studies could provide insights into how these

changes impact the effectiveness of different messaging strategies

over time. Additionally, future research could examine the role of

personalized health communication, leveraging machine learning

algorithms to tailor content based on individual risk perceptions

and engagement patterns. Understanding these developments will

help refine health communication strategies, ensuring they

remain relevant and effective in an ever-changing digital landscape.
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Appendix 1 Correlations between all the variables.

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
1 1

2 .37** 1

3 .10** .09** 1

4 .17** .16** .63** 1

5 .18** .20** .60** .77** 1

6 .10** .08** .66** .61** .66** 1

7 .15** .19** .50** .64** .75** .64** 1

8 .21** .20** .59** .71** .82** .71** .71** 1

9 −0.05 −0.03 −0.02 −0.02 −0.03 −0.002 −0.02 −0.01 1

10 −0.03 0.02 −0.06 −0.04 −0.04 −0.03 −0.001 −0.03 −0.003 1

11 −0.04 −0.02 0.04 0.02 0.01 −0.001 0.001 −0.01 .14** −0.12** 1

12 −0.02 −0.05 0.002 −0.004 −0.02 −0.02 −0.02 −0.01 0.02 −0.04 .30** 1

13 −0.05 −0.04 0.04 0.01 0.02 0.05 0.01 0.03 −0.04 0.03 −0.04 .21** 1

14 .20** .27** .51** .53** .59** .52** .54** .69** −0.03 0.002 −0.01 0.01 .06* 1

15 .15** .15** .55** .56** .64** .62** .54** .73** −0.01 −0.02 −0.002 −0.001 0.04 .61** 1

16 .14** .18** .56** .56** .61** .58** .54** .72** −0.03 −0.004 −0.018 0.01 0.05 .76** .66** 1

17 −0.03 −0.05 −0.02 −0.04 −0.03 −0.04 −0.02 −0.03 0.02 −0.06 0.05 .10** 0.03 −0.02 0.004 −0.02 1

18 −0.02 −0.02 −0.05 −0.03 −0.02 −0.02 −0.02 −0.03 −0.01 −0.05 −0.02 −0.003 0.03 −0.04 −0.03 −0.03 −0.02 1

19 0.001 0.04 0.03 0.03 0.01 −0.03 −0.01 0.02 −0.01 0.01 0.02 0.05 .06* 0.04 0.05 0.05 −0.10** .31** 1

20 −0.03 0.004 −0.07 −0.02 0.001 .09** −0.03 −0.05 0.02 −0.05 0.05 .10** −0.04 -.08** .06* −0.07** .16** 0.03 −0.22** 1

1, vaccination intention; 2, the intention to persuade others to take the vaccine; 3, perceived susceptibility; 4, perceived severity; 5, perceived benefits; 6, perceived barriers; 7, perceived self-efficacy; 8, perceived cues to action; 9, message severity score; 10, message

susceptibility score; 11, message benefits score; 12, message barriers score; 13, message self, efficacy score; 14, the number of favorites; 15, the number of shares; 16, the number of comments; 17, proportion of female content creators; 18, proportion of Black content

creators; 19, proportion of politician content creators; 20, proportion of celebrity content creators.
*Correlation is significant at the 0.05 level (2-tailed).

**Correlation is significant at the 0.01 level (2-tailed).
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