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Abstract 
This study examines how exposure to health misinformation is associated with risk 

appraisal, emotional responses, and self-reported behavioral change among older adults in 

Shanghai. Guided by the stimulus–organism–response (S–O–R) model and the risk 

perception attitude (RPA) framework, the study tests a cognitive–affective pathway in 

which misinformation exposure (stimulus) shapes perceived risk and negative affect 

(organism), which in turn relate to behavioral change (response). Data were collected 

through an online cross-sectional survey of adults aged 60 years and older residing in 

Shanghai (N = 750). Results indicate that misinformation exposure is positively associated 

with higher perceived risk. Higher perceived risk is linked to stronger negative affect, 

which leads to increased behavioral change. Negative affect partially mediates the 

association between perceived risk and behavioral change, while perceived risk also shows 

a direct association with behavioral change. Contrary to expectations, fact-checking neither 

moderates the exposure-risk association nor shows a significant direct association with 

perceived risk. Overall, the findings support a risk appraisal–emotional response pathway 

through which misinformation exposure may translate into behavioral adjustment in 

everyday information environments. The results suggest that interventions aimed at older 

adults may need to go beyond encouraging fact-checking and instead support risk 

calibration, strengthen credibility assessment, and address affective responses triggered by 

misinformation exposure. 
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1. Introduction  
For a long time, people’s understanding of their health problems has been greatly 

influenced by health information. However, the association becomes more complicated in 

today's digital era due to the widespread presence of inaccurate or unverified health 

information across platforms1. Some scholars have used different terms such as 

"misinformation," "disinformation," "fake news," and "rumors" to describe this 

circumstance1,2,3. “Misinformation” is inaccurate or misleading information that is shared 

without an intention to deceive, whereas “disinformation” refers to the intentional 

production of false or misleading information for strategic reasons4,5. “Fake news” is 

commonly used to describe intentionally false content presented in a news-like format in 

order to mislead readers6. On the other hand, “rumors” are unconfirmed statements that are 

not supported by the best available evidence and may or may not turn out to be true4. 

This study uses the term “health misinformation” which refers to false, inaccurate, or 

misleading health-related statements that conflict with current scientific consensus7 and are 

typically shared without an attempt to deceive8,9. This term indicates that the health content 

that older adults encounter is mostly spread in an informal and routine way in the online 

environment10. Focusing on misinformation is more feasible than targeting all types of 

misleading health-related content that older adults can easily find on social media. 

However, identifying and correcting health misinformation is still challenging and far from 

being completely resolved1. In this context, people are increasingly worried about why 

some individuals are more vulnerable to such content and how it spreads among the 

population11. 

Numerous studies demonstrate that the public is aware of and sensitive to health 

misinformation. According to recent survey data based on a nationally representative 
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sample of Americans, most adult social media users think that some health information 

they encounter online is false or misleading (82%)12. This perspective aligns with the 

findings from a content analysis that documents the presence of false health statements on 

the internet13. Taken together, these findings indicate that health misinformation is not only 

widespread but also increasingly recognized as a serious threat to the online information 

environment. 

These challenges may be particularly acute for older adults, who often face greater 

difficulties in assessing the reliability of online content. As older adults become 

increasingly connected to digital platforms, they are more likely to encounter misleading 

information, which may influence their health beliefs and behaviors14,15. Based on a broad 

scale of social media engagement, older adults are perceived to be more prone than younger 

people to spread falsehoods or misinformation online16. This tendency is associated with 

age-related cognitive impairment, including difficulty assessing the quality of online 

material. Meanwhile, Internet use among seniors has increased dramatically in recent years 

in China, highlighting the importance of this issue. However, the national survey data show 

that a significant percentage of people aged 60 and above are still excluded from the digital 

world17. As online information-seeking becomes popular among older generations, 

understanding the impact of health-related misinformation on their cognitive and 

behavioral responses has grown in importance. 

A previous study has investigated how older adults access, understand and judge health 

information, providing guidelines for evaluating older adults’ medical rehabilitation care 

plans18,19. Furthermore, a large portion of the general public lacks confidence in identifying 

fake news20, which is especially obvious among the elderly who are concerned about their 
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health or have lower confidence in their own fact-checking ability. Moreover, older adults 

may trust other institutions, such as hospitals or clinics, to authenticate online health 

information rather than verify it themselves21, indicating lower cognitive capacity and 

motivational factors that may influence their behavior in this regard. 

Despite the foregoing, essential gaps persist. Most existing research has been 

descriptive in nature, focusing on whether older adults can identify misinformation as well 

as the effectiveness of some training programs. However, research into how their daily 

exposure affects future health-behavior changes remain limited. What is also unclear is the 

psychological process by which exposure to health misinformation influences older adults’ 

risk perceptions and emotional responses, as well as how these internal responses lead to 

behavior change. Moreover, while fact-checking is often discussed as potential protective 

strategy, it is still unknown how older adults’ subjective engagement in fact-checking 

connects to these pathways in real-world settings. This suggests the need for an integrated 

framework that links exposure, cognitive and affective responses, and behavioral outcomes 

among older adults.  

Guided by the proposition that exposure to misinformation may affect behavior through 

older adults’ thoughts and feelings, this study examines the association between exposure 

to health misinformation and perceived risk. Perceived risk and negative affect are then 

assessed as key internal responses linking exposure to subsequent changes in health 

behavior. In addition, the study explores whether individual differences in verification 

tendencies help explain variability in these pathways. 

To address these aims, this study draws on the stimulus–organism–response 

(SOR) model. The SOR model was originally proposed by Mehrabian and Russell (1974) 
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and assumes that external stimuli elicit internal cognitive and affective states, which in turn 

shape behavioral responses. The framework is mainly used in information behavior and 

health communication studies to explore how emotions, risk perception, and related 

behaviors affected by online information22,23,24,25. In this study, exposure to health 

misinformation is defined as an external stimulus, whereas perceived risk and negative 

affect are internal responses that influence changes in health-related behaviors following 

exposure. 

Although the SOR model describes the entire exposure-response process, it does not 

provide much details about the psychological mechanisms of response appraisal or 

protective motivation. To explain individuals’ responses to health threats and enhance 

understanding of the underlying process, the Risk Perception Attitude (RPA) framework 

has been applied. According to the RPA framework, responses to a health threat involve 

both perceived risk and efficacy beliefs26. Perceived risk refers to judgments about 

vulnerability and severity, whereas efficacy beliefs capture confidence in performing 

protective behaviors. By combining the SOR model with insights from the RPA framework, 

this study aims to provide a clearer picture of how misinformation exposure relates to risk 

appraisal, affective responses, and subsequent behavior change among older adults. 

Data for this study were collected using a cross-sectional survey of community-

dwelling Chinese older adults aged 60 and above in Shanghai (N = 750). The survey 

assessed self-reported exposure to health misinformation, fact-checking tendency, 

perceived risk, negative affect response, and changes in health-related behavior, along with 

key sociodemographic and health-related characteristics. Hypotheses were tested using a 

path-analytic structural equation model (SEM) estimated with robust standard errors, 
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adjusting for age, gender, educational attainment, baseline health status, and media-use 

patterns. 

This study makes two main contributions. Theoretically, it integrates cognitive and 

affective pathways to explain how exposure to health misinformation may translate into 

behavior change among older adults, and it also examines the potential role of fact-

checking tendency as a boundary condition. Practically, the findings of this study provide 

guidance for the design of interventions to navigate older adults’ ability to deal with online 

health information, adjust risk awareness and adopt evidence-based preventive behaviors. 
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2. Theoretical Backgrounds and Hypothesis Development 

2.1 SOR and RPA 

To understand the underlying pathway of how older adults will adjust their behaviors 

due to health misinformation exposure, this study uses both the SOR model and the 

RPA framework. The SOR model is used to explain the overall process, while the RPA 

framework is applied here to account for variation in people’s perceived risk and efficacy 

beliefs regarding health-related choices. In combination, S-O-R helps clarify the proposed 

pathway from exposure to behavior, while RPA helps explain why older adults may not 

respond to the same exposure in the same way. 

2.1.1 SOR Model 

The Stimulus-Organism-Reaction (SOR) model serves as the psychological 

mechanism for individuals cognitive and affective responses to health misinformation. In 

health communication and information behavior research, the SOR model has been widely 

used not only as a general theoretical structure, but also as an analytical tool for 

operationalizing the pathway through which information exposure influences behavior via 

internal psychological processes23. Originally developed to capture the link between 

environmental cues, internal psychological states, and behavioral responses27,28, the SOR 

model has since been widely applied to the study of decision-making and information-

related behaviors across a range of contexts, including consumer behavior and health 

information management29,30. 

In the field of health communication, scholars have increasingly adopted the SOR 

model to examine how characteristics of health information exposure are transformed into 

health-related behavioral responses. For example, the study conducted during the COVID-
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19 pandemic used a theoretical framework based on the SOR model. It showed that 

information search, information exposure, and information overload affect intrinsic 

psychological states, such as information anxiety, sadness and cognitive disorders, which 

in turn predict people's avoidance of health information and subsequent preventive 

behaviors31.  

Taken together, previous studies have shown that the impact of health information 

exposure on behavior is mainly indirect, and it plays a role through the individuals’ 

cognitive assessment and emotional responses to perceived health threats. This process-

oriented perspective provides a clear theoretical basis for applying the SOR model to study 

how exposure to health misinformation affects older adults’ risk perceptions, emotional 

responses and subsequent changes is health-related behavior. In this study, the SOR model 

is applied to explain how exposure to health misinformation influences older adults’ health-

related behavioral responses. Specifically, health misinformation exposure is 

conceptualized as an external stimulus (S) that shapes health behavior change (R) through 

individuals’ internal cognitive and emotional responses, including perceived risk and 

negative affect (O). 

2.1.2 RPA Framework 

Early work by Rimal conceptualized perceived risk and self-efficacy as joint motivators 

that shape information engagement and health-related actions, and later formalized this 

logic into the RPA framework as a theoretically grounded approach to understanding how 

risk awareness is (or is not) converted into protective responses26. 

In the RPA framework, risk perception reflects an individual's subjective judgment of 

vulnerability to health threats and the severity their consequences32,33. Meanwhile, efficacy 
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beliefs refer to whether people believe that they can take protective measures and whether 

they think these measures are effective. This view argues that the perceived ability greatly 

affects whether people engage in coping behaviors, the degree of effort they put into them, 

how persistent they are when face difficulties34. In summary, these studies offer a 

theoretical foundation for examining perceived risk as an essential organism-level 

mechanism that influences behaviors through efficiency-related factors. 

 

Figure 1. Conceptual Model and Hypotheses. 

2.2 Health Misinformation Exposure and Perceived Risk  

Numerous studies on health communication and behaviors have shown that exposure 

to health information can shape people's perceptions, attitudes and self-care practices. 

However, in today's digital environment, false or misinterpreted health content has 

emerged, complicating the existing situation and adding new challenges to public health 

communications. As a result, individuals are constantly exposed to both accurate and 

deceptive health messages. From the perspective of public health, the World Health 

Organization has called such situations "an infodemic", referring to an overabundance of 

information, which make it hard for people to distinguish credible resources35. Under the 

infodemic, public-health hazards may become more severe due to the abundance of 

information, resulting in uncertainty and potential danger to people's lives and well-being. 

Additionally, the scale and complexity of today’s information environment may further 
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exacerbate these risks by allowing information producers to customize persuasive 

information to users’ psychological characteristics36. 

In the current online information environment, there is abundant and varied health-

related content that spreads quickly among people through copying, forwarding, and other 

methods. Based on evidence from social media, false claims have often been transmitted 

to larger audiences faster than true information. A study of over 126,000 rumors on Twitter 

found that across multiple topics, false information reached more users than accurate 

content with greater speed and depth, especially for political rumors37. A systematic review 

also showed that health misinformation is widespread across all of the major social media 

platforms, such as Facebook, Twitter, YouTube and Instagram, and attracts large 

audience13. Also, exposure to a false headline can increase the perceived accuracy of 

similar headlines, which is a phenomenon known as the “illusory truth” effect38. Meta-

analytic evidence further suggests that misinformation can continue to influence beliefs 

and inferences even after it has been corrected, leading to persistent misconceptions39. In 

the health domain, experiments on COVID-19 vaccine misinformation have found that 

exposure to false vaccine information can reduce vaccination intentions and increase 

mistrust as well. Although fact-checking can weaken false beliefs, it does not always fully 

eliminate the influence of prior misinformation40. In this context, commentaries in 

medicine and public health likewise emphasize that the widespread circulation of health 

misinformation on social media can distort risk perceptions, undermine trust in health 

institutions, and lead to decisions that may be harmful to health11. 

Given that risk perception involves integrating information about threats, the ability to 

generate, understand, and use digital information may play an important role in forming 
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risk judgments41. However, due to limited health and digital literacy, older adults may be 

particularly vulnerable to health misinformation. This vulnerability may reduce their 

ability to evaluate information credibility, identify reliable online sources, distinguish 

advertising from editorial content, and detect manipulated or misleading visual materials. 

In addition, age-related cognitive decline may further constrain older adults’ ability to 

accurately recall previously encountered information. When memory is compromised, 

older adults may rely more on processing fluency as a cue, which can increase the 

likelihood of misjudging information credibility42,43. As a stimulus, repeated exposure to 

misinformation may increase the availability and accessibility of threat-related cues, 

thereby shaping subsequent judgments about likelihood and severity—i.e., perceived risk. 

Research in the field of risk perception shows that perceived risk is not a static personal 

characteristic, but is influenced by external information cues, media exposure, and 

significant cases related to risk in one’s environment. When people repeatedly encounter 

risk-related messages, they tend to judge the likelihood and severity of a threat based on 

what is most accessible and salient, including how often health threats are discussed and 

how they are presented in the media and interpersonal communication36,44. This is 

consistent with the availability heuristic, which suggests that frequent or striking 

information becomes easier to recall and may lead people to overestimate the probability 

of the risk45. Consistent with this broader view, Paul Slovic’s work in risk perception 

emphasizes that public judgments of risk are influenced by how hazards are represented 

and experienced, including affective and heuristic processes rather than purely statistical 

reasoning46. 
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Mediated communication is therefore an important source of “risk signals.” According 

to Kasperson and others in the Social Amplification of Risk framework, social and 

communication processes may amplify or attenuate public responses through changes in 

volume, framing, and interpretability of risk-related information. Furthermore, research on 

exemplification in health and crisis communication demonstrates that Concrete Examples 

and vivid cases are especially effective in shaping people's judgments, thereby influencing 

people's beliefs about risks47. Empirical data from public opinion under severe epidemics 

also support these mechanisms. During infectious disease outbreaks, exposure to and 

attention toward media content has been repeatedly linked to higher perceived threat or 

risk. For example, social media exposure was positively associated with risk perceptions 

during the MERS outbreak in South Korea48. Studies during COVID-19 similarly reported 

that media use and attention were related to perceived severity and susceptibility, and that 

risk perceptions can function as a mediator connecting media exposure to downstream 

outcomes49. Cross-national evidence also documents wide variation in COVID-19 risk 

perceptions and underscores the role of informational and contextual factors in shaping 

perceived risk50. 

Taken together, older adults are repeatedly exposed to health information online, 

including misleading claims that may influence their judgments about health threats. 

Greater exposure to misinformation is therefore expected to be associated with higher 

perceived risk. 

H1: Misinformation exposure is positively associated with perceived risk, such that 

higher exposure corresponds to higher perceived risk. 

2.3 The Moderating Role of Fact-Checking 
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In recent years, an important strategy to combat health-related misinformation has 

emerged. Research evidence indicates that correction is relatively effective in reducing 

misperception; however, it cannot be regarded as an ideal strategy51. 

Although it can improve belief accuracy in most cases, it does not entirely eliminate 

misinformation’s harmful impact. Based on a meta-analysis of the continued effects of 

misinformation, it has been found that most people are still strongly influenced by it even 

after correction39. This is consistent with the review’s finding that misinformation effects 

often persist even after fact-checking52. 

In addition to the above limitations, some studies report that there is no effect of 

correction or even a backfire effect under certain conditions53. However, the data show that 

there is no typical backfire effect. Nyhan argues that in most cases, corrections work well 

and there is a high likelihood of having no backfire effect53. Similarly, experiments have 

shown that corrective feedback changes beliefs more than no-correction conditions, which 

means backfire is uncommon and should be treated as an exception rather than a typical 

response pattern54. This generally supports the argument that fact-checking reduces 

misleading effect on average, but new circumstances will inevitably arise that make its 

impact incomplete. 

In addition to platform-level interventions, fact-checking can also be viewed as an 

individual strategy that involves conscious verification of the accuracy and credibility of 

information. In regular online settings, users may not be able to obtain authoritative 

corrections immediately. Fact-checking usually refers to active verification behaviors, such 

as checking sources, cross-verifying claims, and seeking supporting evidence55,56. Previous 

research suggests that individuals differ in their preference for accuracy and in their 
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tendency to engage in analytic thinking. When presented with reasoning questions, those 

who are more willing to think analytically are less likely to mistakenly judge fake news as 

true, and there is evidence that analytic thinking helps people more accurately discern truth 

in news headlines20. 

By promoting analytic evaluation and source verification, individual fact-checking can 

reduce reliance on misleading informational cues and weaken the influence of 

misinformation on risk-related beliefs57. Importantly, older adults may be less likely to 

engage in fact-checking spontaneously because of age-related changes in cognitive 

processing and greater reliance on processing fluency, making fact-checking a particularly 

salient boundary condition in this population43. 

At the same time, there are substantial individual differences in health knowledge and 

analytic ability among older adults, which may affect their attitudes toward and 

engagement in fact-checking. For older adults with limited knowledge or weaker analytic 

skills, differences in fact-checking tendencies may be particularly important because they 

determine the extent to which exposure to health misinformation translates into higher 

perceived risk. 

H2: Fact-checking moderates the relationship between misinformation exposure and 

perceived risk. Specifically, the positive relationship will be weaker for individuals who 

engage in high levels of fact-checking and stronger for those with low levels of fact-

checking. 

2.4 Perceived Risk and Negative Affect  

Health behaviors frameworks, such as the RPA or Health Belief Model (HBM),  

primarily conceptualize risk as a cognitive assessment26,58. Previous studies have shown 
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that risk perception is also accompanied by emotional responses59. According to the risk-

as-feelings perspective, the key link between perceived risk and direct harm are those 

negative emotional reactions (fear, anxiety, etc.). In other words, this perspective 

emphasizes that affective reactions can also shape judgments and behaviors, and that both 

a rational evaluation process of risk identification and a subjective emotional response 

affect decision-making and action60. In line with this view, empirical studies in health-risk 

contexts show that greater perceived risk is associated with stronger negative 

affect61,62. Therefore, higher perceived risk is associated with stronger negative emotional 

responses, which provides a basis for examining how these emotional responses may 

further influence behavioral change. 

H3: Perceived risk is positively related to negative affect. 

2.5 From Negative Affect to Behavior Change 

Health behavior is often conceptualized as a preventive or protective action taken or 

intended by an individual to reduce the likelihood or consequences of disease26,63. The core 

theory that links emotions to such behaviors is the Extended Parallel Process Model 

(EPPM), which suggests that fear associated with threats can motivate self-protective 

responses through a danger-control process, especially when individuals believe that the 

proposed responses are feasible and effective64. Consistent with this mechanism, meta-

analytic evidence shows that fear-based messages have, on average, a positive effect on 

health-related attitudes, intentions, and behaviors, suggesting that in many cases, emotional 

arousal can be an important driver of protective health behaviors change65,66. Empirical 

studies of health threats further support this link, showing that stronger negative affect 

responses, especially fear and worry, are associated with greater engagement in protective 
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behaviors 67,68. In addition, negative affect should not be seen as just a passive result of risk 

assessment, but should be regarded as a direct incentive to prompt people to respond 

quickly to perceived dangers or anxieties. Therefore, negative affect is an important 

intermediate factor connecting risk perception and behavior, and is used in this study to 

examine the internal relationship in the following sections. 

H4: Negative affect is positively associated with behavioral change. 
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3. Study Design 

3.1 Data 

A cross-sectional online survey was conducted in July 2025, and the participants were 

recruited in Shanghai via online platforms. The reason for choosing this online mode is 

that internet access among older adults in China has increased substantially in recent years. 

Based on the national monitoring report, there are a considerable number of internet users 

aged 60 and above with an increasing proportion. Moreover, their level of internet adoption 

has been steadily climbing. Thus, conducting online surveys is currently feasible. 

Survey links were published on social media and community platforms used by older 

adults, such as WeChat groups and peer referrals. Given that mobile Internet has become 

the dominant access platform in China and that WeChat is widely used in daily lives of 

senior people in urban areas, it providing a useful way to reach our target population69.  

Eligible criteria were age 60 years or older, residence in Shanghai, and no cognitive 

impairment. The data is collected through self-filling questionnaires in a secure online 

environment, and the participants voluntarily provided informed consent. Based on 

previous findings, it is feasible to use an online questionnaire to collect data from older 

adults. However, there are concerns about limited representativeness when distributing the 

survey within this group. To maximize reach, recruitments used the snowball method, 

which encouraged participants to contact their networks for referrals. 

Substantive items were assessed using five-point Likert scale ranging from 1 (“strongly 

disagree”) to 5 (“strongly agree”). Questions were adapted from previously published 

measures, and some were modified to fit the specific circumstances of older adults. 
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The survey was conducted in Chinese. To align with the language of this paper, item 

wording is reported in English. All English text is a translation of the original Chinese 

questionnaire and is provided for reporting purposes only. Appendix B presents the English 

translation of the original Chinese questionnaire items. 

3.2 Measurements 

3.2.1 Exposure to Health Misinformation 

   Before answering the misinformation exposure items, participants were shown a 

brief description of common features of false health information, together with several 

illustrative examples. These examples highlighted typical cues such as exaggerated risks 

or effects, unsupported “expert” claims, urgency-inducing language, and seemingly 

scientific but untraceable data. This prompt was used to provide a shared frame of reference 

and to help respondents recall whether they had encountered similar information in daily 

life. The full wording of this introductory prompt is provided in Appendix B. 

Following previous studies on misinformation exposure and engagement, we use three 

items to measure self-reported perceived exposure to health misinformation in order to 

capture everyday contact with such content70. Respondents were asked to indicate their 

agreement with statements such as “I often see this kind of health information in many 

places.” The three items were averaged to form a composite measure of health 

misinformation exposure (Cronbach’s α = .76; M = 3.80, SD = .77). 

3.2.2 Perceived Risk 

Perceived risk was measured with three items to assess how participants appraise the 

potential health implications of the information. These items include attention to threat, 

acceptance based on perceived credibility, and concern about the possible long-term 
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consequences of ignoring the information, which is consistent with the common concept 

of risk appraisal in the Risk Perception Attitude framework26. The “Attention and 

Reflection” item aligns with work on health information orientation and information 

processing, while the credibility item corresponds to the extent of information acceptance 

and perceived argument strength71. The item on potential long-term health consequences 

reflects the “perceived severity” component often discussed in the Health Belief Model63. 

The three perceived risk items were averaged to form a composite perceived risk measure 

(Cronbach’s α = .73; M = 3.74, SD = .78). 

3.2.3 Negative Affect 

Negative affect was measured in three ways, namely worry, anxiety, and confusion 

after encountering information, such as “If this health information seems relevant to me, I 

will feel nervous and anxious.” The construct corresponds to the negative affect dimension 

widely used in health and media effects research, and is consistent with the negative affect 

tradition reflected in measures such as the PANAS72. These items were averaged to form a 

composite score (Cronbach’s α = .83; M = 3.60, SD = .90). 

3.2.4 Health Behavior Change 

Health behavior change was assessed in three ways, asking respondents whether they 

had followed the advice in the information, changed their original practice, or hesitated 

between different options, such as “I sometimes follow the advice mentioned in such health 

information (for example, changing my diet or trying a new product).” In this study, the 

measure is treated as self-reported behavior change and intention in response to 

information, and the hesitation item is consistent with work on decisional uncertainty in 
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the Decisional Conflict Scale literature73. The three items were averaged to form a 

composite score (Cronbach’s α = .81, M = 3.59, SD = .84). 

3.2.5 Fact-Checking 

Fact-checking was measured as self-reported verification tendency when participants 

encountered uncertain health information, rather than actual observed fact-checking 

behavior. It was assessed through source-checking and skepticism toward unfamiliar 

sources: “If I’m not sure whether the information is correct, I will do some research or ask 

an expert.” This construct is often discussed as verification behavior or fact-checking 

behavior in the misinformation literature, and it is used as a perceived tendency for 

information verification in this study74. (M=3.85, SD=.97) 

3.2.6 Control Variables 

3.2.6.1 Self-Efficacy 

Self-efficacy was included as a control variable. It was measured with two items 

reflecting confidence in judging the credibility of health information and confidence in 

taking action when uncertain (e.g., “I think I can generally judge whether this health 

information is true or false”). These items were adapted from prior work on information-

seeking self-efficacy and related competencies in risk environments. They are conceptually 

consistent with the eHealth literacy perspective, which emphasizes perceived skills in 

locating, evaluating, and applying online health information75,76,. The two items were 

averaged to form a composite score (r = .30, p < .001; M = 3.62, SD = .68). Given its role 

as a covariate, self-efficacy was included as a control to account for individual differences 

in the perceived ability to evaluate health information. 

3.2.6.2 Other Variables 



 

 20 

In all models, we controlled for key sociodemographic and baseline characteristics that 

may confound the association between misinformation exposure and subsequent 

perceptions and responses. Specifically, age (grouped into 60–64, 65–69, 70–74, and 75–

80; M = 66.81, SD = 5.15) and gender (male 57.07%, female 42.93%) are included because 

demographic factors have consistently been related to health information processing and 

susceptibility to misinformation. Educational attainment is also controlled (M = 1.77) , as 

it may affect the likelihood of encountering misinformation and evaluation ability. We also 

controlled for the frequency of traditional and new media use to explain differences in 

information channel exposure, which may affect the likelihood of exposure to 

misinformation and relevant channel cognition. Lastly, we included a health score as a 

baseline measure of overall health status since poor physical state might affect awareness 

of exposure to health information or sense of vulnerability. 

 

Figure 2. Descriptive Statistics of Key Variables (Means and 95% CIs) 
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4. Results 

4.1 Descriptive Analysis 

A total of 750 people participated in this study's analytic sample. The characteristics of 

participants are shown in Table 1, and there are relatively few missing values across all 

key variable items. The sample consists of older adults aged 60-80 years, with the age 

distribution skewed toward the younger-old group. There are slightly more men than 

women, and the level of education is relatively low, with most having received only 

primary or secondary schooling. Regarding media use, participants reported frequent use 

of both traditional and new media, with new media use being more common and frequent. 

Health information seeking is also common, and most self-reported health scores fell in the 

upper-middle range (Table 1). 

Descriptive statistics for the key study constructs are summarized in Table 2. On 

average, respondents reported moderate-to-high levels of misinformation exposure (M = 

3.80, SD = .77), perceived risk (M = 3.74, SD = .78), fact-checking (M = 3.85, SD = .97), 

negative affect (M = 3.60, SD = .90), behavior change (M = 3.59, SD = .84), and efficacy 

(M = 3.62, SD = .68). Media trust was comparatively lower (M = 1.22, SD = .73). The 

internal consistency of several scales (such as misinformation exposure, perceived risk, 

negative affect, and behavior change) is acceptable, while the reliability of shorter scales 

(such as fact-checking, media trust, and efficacy scales) is low (Table 2). 

4.2 Hypothesis Testing 

Hypotheses were tested using a path-analytic structural equation model (SEM) 

estimated with robust standard errors. Perceived risk, negative affect, and behavioral 

change were specified as endogenous outcomes. The perceived-risk equation included 
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misinformation exposure, fact-checking, and their interaction term. Age, gender, education, 

health status, self-efficacy, and media trust (traditional and new media) were included as 

covariates in all equations. Model fit was assessed using the comparative fit index (CFI), 

Tucker–Lewis index (TLI), root mean square error of approximation (RMSEA), and 

standardized root mean square residual (SRMR). Model fit statistics are reported in Table 

3. Structural path estimates are reported in Table 4, and standardized coefficients are shown 

in Figure 4. 

4.2.1 H1: Misinformation Exposure → Perceived Risk 

H1 predicted that misinformation exposure would be positively associated with 

perceived risk. Results supported H1. Misinformation exposure showed a strong positive 

association with perceived risk (b = .72, robust SE = .04, p < .001, 95% CI [0.64, 0.79]), 

adjusting for covariates. These findings support H1 and indicate that higher exposure to 

health misinformation is associated with elevated perceived risk. 

4.2.2 H2: Fact-Checking as a Moderator of the Exposure–Risk Link 

H2 posited that fact-checking would moderate the association between misinformation 

exposure and perceived risk. However, the exposure × fact-checking interaction was not 

statistically significant (b = .03, robust SE = .03, p = .389, 95% CI [−.04, .09]), providing 

no evidence that fact-checking altered the strength of the exposure–risk association. The 

main effect of fact-checking on perceived risk was also not statistically significant (b = 

−.01, robust SE = .02, p = .689, 95% CI [−.05, .04]). 

To further probe the hypothesized moderation, we examined the simple slopes of 

misinformation exposure on perceived risk at low (25th percentile), median (50th 

percentile), and high (75th percentile) levels of fact-checking. As shown in Figure 3, the 
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exposure effects were similar across these levels and the 95% confidence intervals largely 

overlapped. Taken together, H2 was not supported. 

 

Figure 3. Perceived Risk across Exposure and Fact-Checking Levels. 

4.2.3 H3: Perceived Risk → Negative Affect  

H3 predicted that higher perceived risk would be associated with stronger negative 

affect. This hypothesis was supported. Perceived risk was positively related to negative 

affect (b = .54, robust SE = .04, p < .001, 95% CI [.46, .62]), adjusting for covariates. Thus, 

H3 was supported, suggesting that greater perceived risk is accompanied by stronger 

negative affect. 

4.2.4 H4: Negative Affect → Behavioral Change 

According to H4, behavioral change would be positively associated with negative 

affect. This hypothesis was supported. Negative affect showed a strong positive association 

with behavioral change (b = .48, robust SE = .04, p < .001, 95% CI [.40, .56]), adjusting 

for covariates. 

 In addition, perceived risk showed a significant direct association with behavioral 

change (b = .38, robust SE = .05, p < .001, 95% CI [.29, .48]), suggesting partial mediation 
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rather than full mediation through negative affect. Overall, H4 was supported, indicating 

that perceived risk is indirectly associated with behavior change through negative affect. 

Moreover, there is a significant positive indirect association between exposure to 

misinformation and behavioral change, which operates through perceived risk and negative 

affect (β = .43, SE = .03, p < .001, 95% CI [.36, .49]). This result shows that greater 

exposure to health misinformation is associated with greater behavioral change through the 

established cognitive and emotional pathways. 

 

Figure 4. Standardized Path Coefficients of the Structural Equation Model. 

Note. Standardized coefficients (β) shown; covariates included but not shown. ***p 

< .001; ns = not significant. 
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5. Discussion 

Our study shows that among Chinese older adults, the relationship between exposure 

to health misinformation and behavioral change is mainly explained through the cognitive-

emotional pathway, that is, exposure to misinformation is associated with higher perceived 

risk, while higher perceived risk is associated with stronger negative affect, and these 

internal responses are in turn associated with greater behavioral change. 

First, our study expands previous research on health misinformation, showing that 

exposure to such information not only leads to misunderstanding or cognitive confusion, 

but also enhances older adults’ risk perception. Previous studies have shown that health 

misinformation is widespread on the Internet2,75,76,77,78, and one study pointed out that the 

digital environment may amplify the public's perceived risks44. Especially during the 

outbreak of infectious diseases, research further shows that greater media exposure may 

lead to higher perceived risk48. Against this background, our study also found that exposure 

to misleading health content may affect the risk assessment of the elderly. One possible 

explanation is that exposure increases the salience and cognitive accessibility of health 

threats, making these threats easier to recall, and therefore more likely to be classified as 

serious or self-related. At the same time, it may also relate to today’s complex digital 

environment, which makes some health threats more prominent and easier to remember. 

These interpretations are basically consistent with research on the availability heuristic in 

risk judgement79. 

Secondly, our research results support a dual-path interpretation, that is, perceived risk 

and negative affect jointly influence the link between misinformation exposure and 

behavioral change. The current research results not only show that there is a direct 
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relationship between exposure and behavioral change, but also reveal a more complex 

process in which misinformation exposure is related to perceived risk, and perceived risk 

is associated with stronger negative emotions. Together, perceived risk and negative affect 

are related to behavioral change. The direct relationship between perceived risk and 

behavioral change further shows that negative affect plays a partial rather than complete 

mediation role. One contribution of this finding is that older adults’ responses to health 

misinformation are based on both their understanding and their feelings. This view is 

consistent with previous studies, which show that risk perception includes cognitive, 

affective, and experiential components, which can jointly affect health behavior36. It is also 

in line with previous studies showing that health risk perception can affect behavior both 

directly and indirectly through emotional responses80. One explanation is that when health 

misinformation is considered at the individual level, it will trigger emotional responses 

such as worry, anxiety or confusion, which increases the likelihood of subsequent 

behavioral change. The risk-as-feeling theory may be consistent with this explanation, 

which argues that emotional response arisen when people deal with risk. There is also meta-

analytic evidence showing that negative information including threat can promote health-

related behavioral responses59. 

Third, fact-checking did not show the hypothesized moderating effect. One possible 

explanation is that for some older adults, fact-checking may play no role in assessing health 

misinformation more accurately. A study has shown that, when older adults have limited 

digital health literacy and information assessment skills, the verification process may 

depend on the level of trust toward information sources, personal experience, or surface 

consistency between different platforms81. In some cases, fact-checking may even make 
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misinformation more familiar, making it harder to distinguish82. In addition, a broader 

misinformation research also shows that correcting information does not always eliminate 

its impact but may strengthen people's familiarity and trust in it83. Similarly, our findings 

further suggest that fact-checking is not always a reliable protection for older adults in real 

world setting. Instead, older people need to improve their media literacy and information 

search skills to better distinguish between accurate and misleading information, skills that 

form the basis for the effective functioning of fact-checking. 

In summary, the results of this study reveal several practical implications. First, we 

should not focus only on misinformation itself; focusing on how older adults interpret 

health threats and their emotional responses to misinformation is also an effective 

intervention. In practice, this means that the goal of risk communication is not only to 

correct inaccurate claims, but also to reduce unnecessary fear, confusion, and anxiety by 

clearly explaining the actual risks and the right measures. Second, older adults tend to 

identify with the most credible, understandable, and low-cost information. Therefore, in 

the online environment, simply encouraging older adults to fact-check may be too abstract 

to be effective. More practical support should teach the elderly how to identify reliable 

sources of information, compare different sources, and identify common characteristics of 

health misinformation, while providing specific guidance on how to respond when faced 

with uncertain information. In this sense, strengthening their ability to evaluate information 

and provide actionable guidance is more effective than simply calling for fact-checking. 

Third, interventions should not only focus on individual-level, but also require stronger 

platform-level moderation. In digital environments, older adults may be exposed to the 

same claims before they have the chance or skills to verify them. This suggests that 



 

 28 

platforms should take greater responsibility for reducing exposure to misleading health 

information through clearer labeling, timely warnings, source transparency, and stronger 

review mechanisms for misleading claims. Especially for elderly users, platform 

moderation is more crucial because they may be more inclined to rely on fluency, 

familiarity or source clues when evaluating online information. Therefore, improving the 

information environment itself, rather than relying solely on individual verification, may 

be an important direction for reducing the harmful effects of health misinformation among 

older adults. 

5.1 Limitations 

The following limitations need to be noted. First, our study used a cross-sectional 

design, so it is not possible to determine the chronological order of the key variables. 

Although the proposed model has a theoretical basis, these causal relationships may also 

operate in reverse. For example, perceived risk may have preceded negative affect 

responses. 

Second, the sample was recruited from older adults in Shanghai through online 

platforms, partly through peer referrals, which limited the representativeness of the sample. 

Online surveys and snowball recruitment are non-probability sampling methods, 

susceptible to self-selection and selection bias, and are more typical of older adults who 

are more familiar with digital technology, more socially engaged, or more accustomed to 

using online platforms. Given the ongoing disparities in digital health literacy among older 

populations, this issue is more likely to have affected the findings in this study. 

Furthermore, all key variables were measured by self-report, which may lead to recall 

bias or social desirability bias. In addition, since the core items come from the same group 
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of respondents in the same questionnaire, the observed correlations may partially reflect 

common method bias rather than substantive relationship alone. 
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6. Conclusion 

In conclusion, this study suggests that the impact of health misinformation on older 

adults is not limited to the behavioral level but is shaped through risk assessment and a 

broader response process involving negative affect. Through our survey of the elderly 

population in Shanghai, it highlights the importance of focusing on the potential impact on 

subsequent behavioral, cognitive, and emotional pathways in addition to focusing on health 

misinformation itself.  

These findings also point to several directions for further research, which could 

examine the response pathways of older adults in more detail, especially how such health 

misinformation influences their emotional processes in subsequent judgments and 

behaviors. 
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Appendix A 

Table 1. Sample Characteristics of the Study Participants (N = 750) 
Variable Category n (%) 
Demographic characteristics 
Age group 60–64 331 (44.13%) 
 65–69 193 (25.73%) 
 70–74 156 (20.88%) 
 75–80 70 (9.33%) 
Gender Male 428 (57.07%) 
 Female 322 (42.93%) 
Education Primary 343 (45.73%) 
 Secondary 281 (37.47%) 
 Associate 78 (10.40%) 
 College+ 48 (6.40%) 
Media exposure characteristics 
Traditional media use frequency Very Often  

 

141 (18.8%) 
 

  Often 
 

324 (43.2%) 
 

  Sometimes  
 

 134(17.9%) 
 

  Occasionally 
 

  114(15.2%) 
 

 

 Never/ Rarely 
 

  37 (4.9%) 
 

New media use frequency Very Often  
 

263 (35.07%) 
 

  Often 
 

303 (40.40%) 
 

  Sometimes  
 

 71 (9.47%) 
 

  Occasionally 
 

  68 (9.07%) 
 

 

 Never/ Rarely 
 

  45 (6.00%) 
 

Health information Very Often  
 

147 (19.60%) 
  Often 

 

342 (45.60%) 
  Sometimes  

 

130 (17.33%) 
  Occasionally 

 

100 (13.33%) 
  Never/ Rarely 

 

31 (4.13%) 
Health score <59 28 (3.73%) 
 60-69 168 (22.40%) 
 70-79 291 (38.80%) 
 80-89 210 (28.00%) 
 >90 53 (7.07%) 

Table 2. Descriptive Statistics of Key Study Variables (N = 750) 

Variable Mean Std. Dev. Min Max 
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Exposure 3.80 0.77 1 5 

Risk 3.74 0.78 1 5 

Negative affect 3.60 0.90 1 5 

Behavior change 3.59 0.84 1 5 

Self-efficacy 3.62 0.68 1 5 

Fact-checking 3.85 0.97 1 5 

Channel trust 1.22 0.73 1 5 

Table 3. Model Fit 
χ²(df) p CFI TLI RMSEA 90% CI (RMSEA) SRMR 
45.467 (6) <.001 0.975 0.864 0.090 [0.066, 0.117] 0.014 

Table 4. Structural Paths  

Outcome Predictor b Robust 
SE p 95% CI 

Perceived risk Misinformation exposure  0.7170 0.0382 <.001 [0.6423, 
0.7918] 

Perceived risk Fact-checking  -0.0092 0.0230 0.689 [-0.0544, 
0.0359] 

Perceived risk Exposure*Fact-checking 0.0280 0.0325 0.389 [-0.0357, 
0.0917] 

Negative affect Perceived risk 0.5406 0.0408 <.001 [0.4606, 
0.6207] 

Behavior change Negative affect 0.4800 0.0403 <.001 [0.4010, 
0.5589] 

Behavior change Perceived risk 0.3864 0.0481 <.001 [0.2920, 
0.4807] 
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Appendix B 

Survey on Understanding and Cognition of Health Information in Media 

Dear Sir/Madam, 

We are conducting this survey to understand how individuals interact with and comprehend 
health-related information from various media channels such as print and electronic media. 
All responses will be kept strictly confidential, and the collected data will only be used for 
statistical analysis without individual identification. Completing this survey will take 
approximately 10 minutes. Please answer based on your actual experience, and we 
appreciate your support and cooperation. 

Unless otherwise indicated, all questions are single choice. Please mark the option that 

applies to you. 

Section 1: Demographic Information 

1. Gender：�Male  �Female 

2. Age:  �60-65   �65-70   �70-75   �≥75 

3. Education Level： 

�Primary school-Middle school   �High school   �Vocational school   

�Associate degree  �Bachelor’s degree  �Postgraduate or above 

4. Frequency of using traditional media (e.g., watching health-related TV programs, 

reading newspapers) ： 

�Daily   �1-3 times per week   �Several times per month   �Rarely 

5. Frequency of using social media (e.g., WeChat, TikTok, or Kuaishou, including 

forwarded messages or content from public accounts) ： 

�Multiple times daily   �Once daily   �1-3 times per week   �Once per week or 

less 

6. Frequency of encountering or accessing health news in the media: 

�Very frequent (almost daily)    �Moderately frequent (a few times a week) 

�Occasionally (a few times per month)    �Rarely or never 
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7. On a scale of 1 to 100, how would you rate your overall health status? 

�≤59   �60-69   �70-79   �80-89  �≥90  

[Brief Description] 

In daily life, you may come across health information that often uses exaggerated 

language, lacks scientific evidence, or claims to come from 'experts' or 'authoritative 

organizations' in order to enhance its persuasiveness. Below are some common 

characteristics of false health information to help you recall when answering the 

questions: 

*Exaggerating risks or effects: For example, claiming a routine health check-up 

'seriously harms your health,' or saying a simple food or method 'cures diseases quickly' 

with unrealistic results. 

*Misusing 'expert opinions': Phrases like 'experts strongly recommend' or '90% of 

people don't know this' without reliable sources or evidence. 

*Creating urgency: Using phrases like 'Stop using it immediately' or 'You might be at 

risk' to induce panic. 

*False data support: Showing data or charts that look 'scientific' but can't be traced to 
real research or official sources. 
Please think about whether you have encountered similar information in daily life.  
This will help you better understand the following questions. 

Dimensions Items 

Exposure to Health 
Misinformation 

This section aims to understand how frequently you are exposed 
to this type of health information, and your initial reaction and 
level of attention: 
I frequently see this type of health information in various places. 
When I encounter this type of health information, I usually click 
to read it in detail. 
This type of health information makes me reconsider whether my 
previous beliefs or practices are correct. 

Perceived Risk This section aims to understand how you view this health 
information and its impact on your thoughts and beliefs 
I am usually quite sensitive to this type of health information; it 
catches my attention and makes me think. 
If I find some of the content in this type of health information 
reasonable, I will believe it to be true. 
I feel that completely ignoring this type of health information 
will affect my long-term health.  
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Self-efficacy This section aims to understand whether you can usually 
distinguish between true and false health information and how 
you deal with suspicious content. 
I believe I can generally judge the veracity of this type of health 
information. 
If I'm unsure about the veracity of this health information, I will 
research it myself or consult a doctor. 
Compared to the content mentioned in this type of health 
information, I trust what I already know. 

Negative Affect  Seeing this type of health information sometimes reminds me of 
my own health condition, making me feel worried. 
If this type of health information is relevant to me, I feel tense 
and anxious. 
If this type of health information is relevant to me, I feel 
confused and unsure of what to do. 

Behavior Change This section aims to understand whether you adjust your 
lifestyle after seeing this health information. 
I sometimes follow the advice mentioned in this type of health 
information (such as changing my diet, trying new products, 
etc.). 
Seeing this type of health information sometimes makes me 
change or abandon my previous practices. 
This type of health information sometimes makes me hesitate 
between different practices 

Channel Trust How frequently do you receive or access health information in 
the media you use? 

Fact-Checking I pay attention to the source of health information (newspaper 
type, column description, public account or website name, etc.). 
If I’m not sure whether the information is correct, I will do 
some research or ask an expert. 
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