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A B S T R A C T   

Systematic processing helps individuals identify misinformation during the COVID-19 pandemic 
and serves as an individual-level measure to fight the infodemic. Highly educated people tend to 
engage in systematic processing more than their less educated counterparts. We follow a major 
part of the risk information seeking and processing (RISP) model to explicate this gap. An online 
survey (N = 1,568) conducted during the early stage of the pandemic in China showed that 
current knowledge and perceived information gathering capacity both positively mediated the 
association between education level and systematic processing. Although informational subjec
tive norms were positively associated with systematic processing, we did not observe a significant 
difference in these norms between highly and less educated individuals. The results clarify the 
psychological mechanism underlying the education-based difference in systematic processing of 
the COVID-19 information and corroborate a relevant part of the RISP model. Moreover, our 
findings offer practical implications for facilitating individuals with less educational attainment to 
engage in systematic processing, thereby alleviating the negative impact of exposure to misin
formation on them. These insights not only apply to managing the infodemic in China, but also 
inform the global recovery from the infodemic.   

1. Introduction 

The coronavirus disease (COVID-19) outbreak has become an ongoing global pandemic and posed a severe threat to public health. 
Moreover, the pandemic has resulted in the first infodemic in history (Zou & Tang, 2021). According to the World Health Organization, 
an infodemic describes that too much information—including false or misinformation—widely circulates in digital and physical en
vironments, causing public confusion and panic, risky behaviors, mistrust in health authorities, and other negative social impacts 
(World Health Organization, 2021). The infodemic has occurred in many parts of the world, and has resulted in inappropriate pro
tective measures, public psychological issues, panic purchase, trust loss, and economic downturn (Pian et al., 2021). In particular, the 
wide use of social media has facilitated the spread of misinformation online and amplified the negative consequences of the infodemic 
(X. Han et al., 2020; Pian et al., 2021). 

Prior research has shown that a lack of analytical thinking and reasoning tends to render individuals susceptible to misinformation 
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and fake news (Pennycook & Rand, 2019, 2020). In other words, advancing people to engage in systematic processing may prevent 
them from falling for misinformation. Systematic processing is a mode of information processing that requires much cognitive effort 
(Chaiken et al., 1989; Eagly & Chaiken, 1993), such as evaluating the veracity of the information, cross-checking the source credibility, 
and assessing the relevance of the information to oneself. Compared with heuristic processing that relies on mental shortcuts to make a 
quick judgment, systematic processing helps individuals identify misinformation, develop sound attitude, and perform appropriate 
preventive behaviors (Griffin et al., 1999; Hwang & Jeong, 2021; Kharod & Simmons, 2020). Thus, facilitating systematic processing is 
an individual-level manner to fight the infodemic. 

The degree to which an individual engages in systematic processing is susceptible to a number of factors, among which education 
level is a predictor that represents one’s overall cognitive ability of information processing (S.-H. Lee, 2014; Riggins & Dewan, 2005). 
Prior research has shown that individuals with greater educational attainment tend to engage more in systematic processing than those 
with less educational attainment during the COVID-19 pandemic (Kim et al., 2020; Wong et al., 2021). This divide in systematic 
processing further leads less educated people to believe in COVID-19 misinformation more often, to have a poorer understanding of the 
disease symptoms, and to perform preventive behaviors less frequently, as compared with their highly educated counterparts (X. Han 
et al., 2020; Pickles et al., 2021; Sallam et al., 2020). These findings demonstrate a digital divide (Fuchs, 2009; Selwyn, 2004; Wei 
et al., 2011), in which less educated people are more vulnerable to the negative impacts of the infodemic than highly educated people, 
due to a lack of systematic processing. Thus, explicating the education-based difference in systematic processing can provide insights 
into facilitating systematic processing among individuals with low levels of education and narrowing the divide. 

Because the COVID-19 pandemic suggests a great risk to various aspects of everyday life, we consider information related to the 
COVID-19 risk information. Thus, we apply the risk information seeking and processing (RISP) model (Griffin et al., 1999, 2013) to 
explain the difference in systematic processing between people with greater educational attainment and those with less educational 
attainment. According to the RISP model, sociodemographic characteristics such as education level tends to influence systematic 
processing through a number of socio-psychological factors (Griffin et al., 1999, 2013). Thus, we ask a general research question: How 
does education level influence systematic processing via certain socio-psychological factors? Drawing on prior research about the RISP 
model (Griffin et al., 1999, 2013; Z. J. Yang, Aloe, et al., 2014), we consider informational subjective norms, current knowledge, and 
perceived information gathering capacity three mediators between education level and systematic processing, while risk perception 
and negative emotions are treated as control variables. By testing such a mediating model, we try to clarify the socio-psychological 
mechanism underlying the education-based difference in systematic processing. 

The widespread misinformation online related to the COVID-19 has become a major social issue in China (Zhang et al., 2021). 
Moreover, the digital divide in terms of health information utilization has been observed between less educated and highly educated 
individuals in China (Hong et al., 2017; Wang et al., 2013). Thus, we use survey data collected during the COVID-19 pandemic in China 
to test the proposed model. The findings are expected to offer some practical implications for how to facilitate people with less 
educational attainment to engage in systematic processing and alleviate their vulnerability to misinformation, which might serve as an 
individual-level strategy to narrow the digital divide and fight the infodemic. Moreover, as the pandemic has unprecedentedly 
increased humankinds’ interconnectedness in combating the virus and the associated social problems, we also hope our findings could 
offer some insights into the global recovery from the infodemic. 

2. Literature review 

2.1. The RISP model 

The RISP model is proposed to explain how a set of socio-psychological factors influence individuals’ risk information seeking and 
processing (Griffin et al., 1999). Since its origin, the RISP model has been widely used to examine people’s information seeking and 
processing concerning a variety of risk issues, such as health risks, environmental risks, and industrial risks, and exhibited robust 
predictive power (Z. J. Yang, Aloe, et al., 2014). Theoretically, the heuristic-systematic processing model (HSM) (Chen & Chaiken, 
1999) and the elaboration likelihood model (ELM) (Petty & Cacioppo, 1986) largely inform the RISP model. Both the HSM and ELM are 
developed from dual processing theory, which differentiates between two modes of information processing (Chaiken & Trope, 1999): 
one represents a less effortful and superficial way of attending to information, termed as heuristic processing in the HSM or peripheral 
route in the ELM, while the other refers to an effort-intensive manner to digest the messages, termed as systematic processing or central 
route. Given that systematic processing of risk information helps individuals develop sound attitude and perform effective preventive 
behaviors (Griffin et al., 1999), the RISP model serves as a useful conceptual tool to help researchers and practitioners identify the 
relevant predictors of systematic processing. 

Whether people engage in systematic processing depends on their motivation to go beyond the heuristic processing and their ca
pacity to process the information carefully (Chen & Chaiken, 1999). Specifically, motivations for systematic processing usually involve 
the accuracy motivation and impression motivation: the former asserts that individuals are motivated to process information to 
maintain accurate beliefs, while the latter describes people’s need to maintain a positive image and perform socially desirable be
haviors (Chen & Chaiken, 1999). Driven by the accuracy motivation, people will use their current knowledge to verify the information 
they encounter to maintain an accurate belief (J. Z. Yang & Liu, 2021). The impression motivation characterizes another key variable 
in the RISP model, namely, informational subjective norms, which motivate people to see systematic processing as a socially desirable 
behavior to cope with the infodemic (J. Z. Yang, Liu, et al., 2022). Besides, perceived information gathering capacity represents one’s 
confidence about his or her capacity to perform systematic processing (J. Z. Yang, Dong, et al., 2022; J. Z. Yang & Liu, 2021). Notably, 
the motivation and capability related variables are considered proximal predictors in the RISP model (Griffin et al., 1999). 
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Although perceived hazard characteristics and affective response are included in the full RISP model, they function as distal 
predictors and are conceptually distant from risk information seeking and processing (Griffin et al., 1999). Moreover, to highlight the 
role of proximal predictors, prior research examined the motivations and perceived capacity of risk information seeking and pro
cessing, while controlled for the distal predictors such as perceived hazard characteristics and affective response (J. Z. Yang & Liu, 
2021). Thus, we specifically focus on three proximal predictors—informational subjective norms, current knowledge, and perceived 
information gathering capacity—to explain the education-based difference in systematic processing. Distal predictors such as 
perceived hazard characteristics and affective response are treated as control variables in the current study. Fig. 1 positions our study 
in the RISP model. 

2.2. Education level and systematic processing 

Education level is a major factor that affects one’s ability to acquire and process information (S.-H. Lee, 2014; Riggins & Dewan, 
2005). For instance, several studies on health communication have shown that people with greater educational attainment tend to use 
the Internet to seek out health-related information more skillfully than those with less educational attainment (Bhandari et al., 2020; 
Scheerder et al., 2017; Wang et al., 2013). Moreover, during the COVID-19 pandemic, highly educated individuals engaged in sys
tematic processing more often than their less educated counterparts (Kim et al., 2020; Wong et al., 2021). This is because a greater 
educational attainment usually makes people more critical toward information and thus more likely to cross-check source credibility 
and evaluate the veracity of the information (J. Han et al., 2020). 

The above-mentioned evidence indicates that highly educated people are more likely to perform systematic processing than the less 
educated. Although the RISP model suggests that individual characteristics such as education level tends to influence systematic 
processing indirectly via socio-psychological factors (Griffin et al., 1999), we expect that a direct link between education level and 
systematic processing may exist due to the prevalence of the education-based divide in terms of information utilization (Fuchs, 2009; 
Selwyn, 2004; Wei et al., 2011). Thus, we ask the following research question: 

RQ1: Is education level directly and positively associated with systematic processing? 

2.3. Informational subjective norms 

Informational subjective norms represent a particular form of subjective norms, which refers to the perceived social pressure about 
performing a behavior (Ajzen, 1991). In the context of risk information acquisition, informational subjective norms describe one’s 
perceived social pressure about obtaining sufficient knowledge to effectively cope with the risk (Griffin et al., 1999). This pressure 
mainly comes from important ones, such as family members and close friends (J. Z. Yang & Huang, 2019; Z. J. Yang, 2012; Z. J. Yang, 
Rickard, et al., 2014). For instance, amid the COVID-19 pandemic, an individual’s family members, close friends, and other important 
ones all expect this person to acquire sufficient knowledge about the coronavirus to effectively prevent himself or herself from 
infection. Such an expectation creates a social pressure and generates informational subjective norms for this individual to actively 
seek and process the COVID-19 related information. 

Informational subjective norms have social origins and are closely related to one’s education level. In general, the education system 
in China is characterized by an emphasis on students’ compliance with social norms (Kirkpatrick & Zang, 2011). The higher one’s 
education level is, suggesting that the longer the one stays in the education system, the more likely that this person is to recognize the 
importance of following social norms. Likewise, informational subjective norms indicate an individual’s perceived social norms 
regarding knowledge acquisition, and thus tend to be affected by the individual’s education level. Moreover, prior research on the RISP 
model demonstrated that informational subjective norms were influenced by sociodemographic characteristics such as education level 

Fig. 1. Positioning our study in the RISP model. 
Note. The RISP models is sketched based on Z. J. Yang, Aloe, and Feeley’s (2014) work. Boxes with grey fill indicate variables under examination, 
while boxes with dot fill indicate control variables in this study. 
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(Griffin et al., 1999, 2013). Therefore, we infer that the higher one’s education level is, the more likely that this person is to feel 
stronger informational subjective norms about getting sufficient COVID-19 knowledge. 

Individual behaviors are not performed in an isolated manner; rather, subjective norms—the perceived social pressure about 
performing a behavior—motivate individuals to take an action (Ajzen, 1991). Systematic processing represents a planned behavior and 
is therefore motivated by informational subjective norms. Abundant research has shown that informational subjective norms serve as 
an important motive of systematic processing of risk information (Kahlor et al., 2006; Z. J. Yang, Aloe, et al., 2014). During the 
COVID-19 pandemic, individuals tend to feel the social pressure from family members, friends, and other important ones about 
obtaining sufficient knowledge to effectively cope with the virus, which motivates them to scrutinize the messages carefully. 

Taken together, the literature suggests the mediating role of informational subjective norms between education level and sys
tematic processing. Such a mediation effect is consistent with the paths outlined in the RISP model, in which individual characteristics 
tend to have an indirect effect on the modes of information processing through motivational factors. Moreover, prior research showed 
that highly educated individuals scrutinized the COVID-19 related messages more carefully than their less educated counterparts 
because the former group were motivated by a need to fulfil others’ expectations and maintain a socially desirable image (Wong et al., 
2021). Hence, we posit the first hypothesis: 

H1: Informational subjective norms mediate the association between education level and systematic processing. Specifically, 
education level is positively associated with informational subjective norms, which in turn are positively associated with systematic 
processing. 

2.4. Current knowledge 

The RISP model considers current knowledge as subjective knowledge, that is, the amount of the relevant knowledge that one 
perceives that he or she has about a certain risk (Griffin et al., 2004; J. Z. Yang & Huang, 2019; Z. J. Yang, 2012). An individual tends to 
stop seek or process information once this person believes that he or she has acquired sufficient knowledge (Griffin et al., 2004). Thus, 
a higher level of subjective knowledge may discourage one from acquiring more information or carefully processing the information. 
Prior research has criticized that the RISP model solely focuses on subjective knowledge whereas ignores the impact of objective 
knowledge on information behavior outcomes (Manika et al., 2021). Moreover, objective knowledge, which shows how much people 
actually know about a topic, facilitates one to perform systematic processing to maintain an accurate belief (Denton et al., 2020). Thus, 
we redefine current knowledge as the objective knowledge one has about the coronavirus. 

Current knowledge is largely influenced by education level. According to the knowledge gap hypothesis, individuals with higher 
educational attainment are overall more competent at using information and communication technologies to obtain knowledge than 
those with less educational attainment (Hwang & Jeong, 2009; Tichenor et al., 1970). During the COVID-19 pandemic, a plethora of 
information about the coronavirus has been circulating in various channels, resulting in information overload to the majority of the 
public (Laato et al., 2020). In such circumstances, the pre-existing difference in education level—suggesting the overall cognitive 
ability one has (Riggins & Dewan, 2005)—becomes a major factor that differentiates the speed of knowledge acquisition among in
dividuals. Those with high levels of education tend to get knowledge more quickly than those with low levels of education, thus making 
individuals with greater educational attainment acquire more knowledge than those with less educational attainment. 

One’s current knowledge about a risk influences the extent to which this person engages in systematic processing. Systematic 
processing involves cross-checking the veracity of information (Trumbo, 1999). Because the unprecedented COVID-19 pandemic has 
generated a plethora of unfamiliar issues to ordinary people, evaluating information veracity thus entails a pre-understanding of the 
coronavirus. Therefore, the more knowledge one has about the coronavirus, the more capable this person is to perform systematic 
processing. Moreover, studies about climate change and nuclear power have demonstrated that objective knowledge tends to elicit 
thoughtful behaviors (Park & Vedlitz, 2013; Stoutenborough et al., 2013). Considering that systematic processing is a prerequisite for 
performing thoughtful behaviors (Y. Lee & Lin, 2021; Trumbo, 1999), these studies suggest that knowledge tends to advance sys
tematic processing. We thus infer that a high level of current knowledge about the coronavirus is positively associated with the 
tendency of engaging in systematic processing. 

The aforementioned pathways indicate the mediating role of current knowledge between education level and systematic pro
cessing. This mediation effect is in line with the RISP model, in which capability bridges the link between individual characteristics and 
information processing. Hence, we propose the following hypothesis: 

H2: Current knowledge mediates the association between education level and systematic processing. Specifically, education level is 
positively associated with current knowledge, which in turn is positively associated with systematic processing. 

2.5. Perceived information gathering capacity 

Perceived information gathering capacity describes one’s perceived behavioral control of active information seeking and careful 
information processing (Griffin et al., 1999). Risk issues are characterized by uncertainty and complexity, and thus require much 
cognitive effort to understand. Therefore, one’s perceived capability of message elaboration plays an important part in facilitating 
systematic processing. In the present study, we define perceived information gathering capacity as the extent to which one judges that 
he or she is capable of thoroughly examining the information they encounter during the COVID-19 pandemic. 

An individual’s perceived information gathering capacity is susceptible to his or her education level. In general, individuals with 
high levels of education tend to be more competent at analyzing and understanding issues compared with those with low levels of 
education (Falch & Massih, 2011). This may lead to a difference in self-judgment of capability: highly educated individuals are likely to 
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perceive themselves as more capable of systematically processing information than the less educated. In a similar vein, amid the 
COVID-19 pandemic, people with high levels of education tend to judge themselves more competent at scrutinizing the messages than 
those with low levels of education. 

The performance of a behavior is subject to an individual’s self-efficacy or perceived behavioral control (Ajzen, 1991; Bandura, 
2001). Likewise, the engagement in systematic processing depends largely on individuals’ perceived information gathering capacity. A 
number of studies have demonstrated that the stronger one judges his or her information gathering capacity, the more likely that this 
person is to perform systematic processing (Lo et al., 2013; Trumbo, 1999). During the COVID-19 pandemic, a large volume of 
misinformation was circulating on various media platforms (Kim et al., 2020). In order to identify the misinformation and reduce the 
harms caused by exposure to misinformation, individuals are likely to systematically process the information if they believe they are 
capable enough to carefully check these messages. 

Taken together, perceived information gathering capacity may serve as a mediator between education level and systematic pro
cessing. This follows the assumption of the RISP model, in which perceived information gathering capacity links individual charac
teristics with information processing (Griffin et al., 1999; Z. J. Yang, Aloe, et al., 2014). Accordingly, a hypothesis is postulated: 

H3: Perceived information gathering capacity mediates the relationship between education level and systematic processing. 
Specifically, education level is positively associated with perceived information gathering capacity, which in turn is positively asso
ciated with systematic processing. 

2.6. Control variables 

In addition to the motivational variables (e.g., informational subjective norms and current knowledge) and capability variables (e. 
g., perceived information gathering capacity), perceived hazard characteristics and affective responses are also included as distal 
predictors in the RISP model (Griffin et al., 1999). Perceived hazard characteristics describe one’s cognitive evaluation of the like
lihood, severity, and personal control of a given risk, while affective responses involve emotions such as worry, fear, anxiety, and hope 
toward the risk (Griffin et al., 2013). In terms of perceived hazard characteristics, we focus on perceived susceptibility and perceived 
severity of risk, given that these two indictors are widely used to predict people’s risk information behaviors (Kahlor, 2010; Ter Huurne 
& Gutteling, 2008). Besides, although people are likely to experience positive emotions such as hope and optimism about a risk event, 
they feel negative emotions such as fear, anxiety, and worry more often (Kahlor, 2010; Ter Huurne & Gutteling, 2008), because risks 
inevitably pose a threat to their health and safety. Moreover, prior studies showed that risk perception of the coronavirus and the 
associated negative emotions tended to influence the degree to which people partake in systematic processing of the COVID-19 related 
information (Wong et al., 2021). Thus, we include perceived susceptibility, perceived severity, and negative emotions as control 
variables in the hypothesized model. 

Fig. 2 presents the hypothesized model. 

3. Method 

3.1. Data collection 

We commissioned Sojump, a professional online survey company in China, to recruit participants. Sojump provides a sampling 
service, consisting of 2.6 million registered respondents with diverse demographic features distributed throughout China. On average, 

Fig. 2. The hypothesized model.  
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the sampling service of Sojump allows researchers to collect around 100 to 200 questionnaires each day, and this sampling technique 
has been used to examine people’s risk information behaviors (Huang et al., 2022), media use regarding environmental issues (Huang, 
2020), adoption of e-commerce (Z. Zhou et al., 2013), etc. The cross-sectional online survey was conducted from 31 January to 9 
February 2020, an early phase of the COVID-19 outbreak in China. We chose this time period to collect the data because the early stage 
of the pandemic was characterized by a high level of uncertainty, which resulted in the widespread misinformation. For instance, the 
rumor that drinking wine could kill the coronavirus might lead to health risks resulting from excessive drinking (Tencent, 2021a). 
Besides, the misinformation about the time when residents in 31 provinces in China no longer needed to wear masks might prevent 
individuals from taking necessary protection and cause greater risks of infection (Tencent, 2021b). To prevent the harms resulted from 
falling for misinformation, systematic processing of the COVID-19 information was of great significance during the early stage of the 
pandemic. 

In terms of the sampling procedure, each registered user in Sojump’s survey pool was assigned an ID number ranging from 1 to 
2,600,000, and 2,840 random integers between this value range were generated. Then, the company sent an email to these 2,840 users 
to invite them to participate in the online survey. The online survey was accessible through mobile phones, tabloids, and personal 
computers. The response rate was 58.3%, and 1,656 respondents finished the questionnaire. After deleting the invalid cases, a total of 
1,568 valid cases from 31 provinces, municipalities, and autonomous regions across mainland China were used for data analysis. In 
terms of gender, 49.7% of the sample were females (n = 779), while 50.3% of the sample were males (n = 789). The average age of the 
respondents was 31 (SD = 9.00), ranging from 18 to 67 years old. On average, the household monthly income of our respondents was 
around 10,001~15,000 RMB. Given that this study focuses on people’s systematic processing of the COVID-19 related information 
online, we treat Chinese netizens as the population. Table 1 compares the sample demographics to the 2020 demographics of Chinese 
netizens. 

3.2. Measures 

3.2.1. Education level 
Education level was measured by asking participants to indicate the highest level of education they have received on a 9-point 

scale: 1 = never been to school, 2 = elementary school, 3 = middle school, 4 = high school, 5 = technical secondary school, 6 =
associate’s degree, 7 = bachelor’s degree, 8 = master’s degree, 9 = doctoral degree. Considering that a bachelor’s degree is seen as the 
threshold for higher education in China (The Ministry of Education of the People’s Republic of China, 2021), we then recoded edu
cation level as a dichotomous variable, namely, less educational attainment and greater educational attainment. The former indicator 
was operationalized as those who did not hold a bachelor’s degree (n = 331, 21.1%), while the latter indicator was operationalized as 
those who held a bachelor’s degree or above (n = 1237, 78.9%). 

3.2.2. Informational subjective norms 
Although informational subjective norms are generated by a variety of social relationships, expectations from important ones such 

Table 1 
Sample demographics as compared to the demographics of Chinese netizens.  

Variables Sample percentage Chinese netizens percentage 

Age   
Below 10 0% 3.1% 
10-19 5.4% 13.5% 
20-29 41.7% 17.8% 
30-39 38.6% 20.5% 
40-49 9.5% 18.8% 
50-59 3.5% 15.1% 
Above 60 1.3% 11.2% 
Gender   
Male 50.3% 51.0% 
Female 49.7% 49.0% 
Level of education   
Elementary school or never attend school 0.1% 19.3% 
Middle school 1.1% 40.3% 
High school (including vocational school) 20.0% 31.1% 
College and above 78.8% 9.3% 
Household monthly income   
No income 2.1% 10.8% 
Lower than RMB 1,000 1.3% 9.6% 
RMB 1,000-3,000 4.8% 11.3% 
RMB 3,001-10,000 41.0% 39.0% 
RMB 10,001-16,000 21.2% 14.5% 
More than RMB 16,000 29.7% 14.8% 

Note. Demographics of the Chinese netizens by the end of 2020 were retried from the 47th China Statistical Report on Internet Development 
(http://www.cnnic.net.cn/hlwfzyj/hlwxzbg/hlwtjbg/202102/P020210203334633480104.pdf). Because the report only included indi
vidual monthly income, we transformed it into household income by assuming that each of the two adults in a core family have a salary. 
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as family members and close friends were often used to measure informational subjective norms (J. Yang, 2021; Z. J. Yang & Kahlor, 
2013). Meanwhile, the differential mode of association (chaxugeju) in Chinese culture indicates that an individual values the expec
tations from closely related ones the most (Fei, 1992). Moreover, prior research used a single item to measure subjective norms in 
general (Hagger et al., 2002) and informational subjective norms in particular (Z. J. Yang et al., 2010). Thus, we measured infor
mational subjective norms on a 5-point scale with one item (1 = strongly disagree, 5 = strongly agree): My family members and close 
friends expect me to obtain sufficient knowledge to deal with the COVID-19 outbreak (M = 3.66, SD = 0.85). 

3.2.3. Current knowledge 
We operationalized current knowledge as the objective knowledge one had about the coronavirus. Following previous research 

(Denton et al., 2020; Stoutenborough et al., 2013), we used a short quiz that consisted of five true/false questions to measure par
ticipants’ objective knowledge. Sample questions included “Older people and those with certain medical conditions, such as lung 
diseases, diabetes, and heart conditions, are at a higher risk for serious infection.” Participants received one point for each correct 
answer, while no point for a wrong answer. The total score was added to form an additive index for current knowledge (M = 4.57, SD =
0.63). 

3.2.4. Perceived information gathering capacity 
Unlike previous studies that focused on people’s perceived information gathering capacity about information seeking (Liao et al., 

2018; J. Z. Yang & Huang, 2019; Z. Yang et al., 2020), this study examined individuals’ perceived capability of systematic processing. 
Drawing upon the instrument of information verification and self-efficacy (Flanagin & Metzger, 2000; Lo et al., 2013), we created a 
7-item instrument of perceived information gathering capacity. Example items include “I am able to think about message creators’ 
intentions”, “If I want to, I could easily search for more information to verify the messages I encounter”, etc. Participants were required 
to suggest the extent to which they agreed with the seven statements on a 5-point scale (1 = strongly disagree, 5 = strongly agree). 
These items were averaged (M = 3.45, SD = 0.74, Cronbach’s α = .81), with a higher value suggesting a stronger information gathering 
capacity perceived by a participant. 

3.2.5. Systematic processing 
Based on prior work (Z. J. Yang, Rickard, et al., 2014), we measured systematic processing using six items on a 5-point scale (1 =

strongly disagree, 5 = strongly agree), such as “I try to relate the COVID-19 information encountered online to my personal experi
ences”, “I think about the importance of the COVID-19 information online to my everyday life”, etc. Six items were averaged (M = 3.93, 
SD = 0.57, Cronbach’s α = .70), with higher values indicating higher degrees of engagement in systematic processing. 

3.2.6. Control variables 
Gender was measured as a dichotomous variable (50.3% male), age as a continuous variable (M = 31.02, SD = 9.00), and 

Table 2 
Questionnaire items, means, standard deviations, and reliabilities of the key variables.  

Items Mean SD Cronbach’s 
α 

Education level (1 = never been to school, 9 = doctoral degree) –– –– –– 
1. What is your highest level of education?    
Informational subjective norms (1 = strongly disagree, 5 = strongly agree) 3.66 0.85 –– 
1. My family members and close friends expect me to obtain sufficient knowledge to deal with the coronavirus.    
Current knowledge (1 = correct answer, 0 = wrong answer) 4.57 0.63 –– 
1. Older people and those with certain medical conditions, such as lung diseases, diabetes, and heart conditions, are at a higher 

risk for serious infection. (Right)    
2. The coronavirus appeared in Wuhan City and later spread across the country. (Right)    
3. Fever is the early symptom of the coronavirus infection in all cases. (Wrong)    
4. The coronavirus cannot be transmitted through droplets of people’s respiratory fluids during exhalation. (Wrong) 

5. Smoking and drinking wine help prevent individuals from coronavirus infection. (Wrong)    
Perceived information gathering capacity (1 = strongly disagree, 5 = strongly agree) 3.45 0.74 .81 
1. I am able to think about message creators’ intentions.    
2. If I want to, I could easily search for more information to verify the messages I encounter.    
3. I feel capable of differentiating the commentary from the factual statement.    
4. I am able to check the message creator’s identity.    
5. I am capable of confirming whether the information is the latest update.    
6. I find it easy to check whether the information is verified.    
7. I can easily examine if the information is complete.    
Systematic processing (1 = strongly disagree, 5 = strongly agree) 3.93 0.57 .70 
1. I try to relate the COVID-19 information encountered online to my personal experiences.    
2. I pay attention to a few of the online COVID-19 information. (Reverse coded)    
3. I think about the importance of the COVID-19 information online to my everyday life.    
4. I spend much time to think about the COVID-19 information encountered online.    
5. I scrutinize the arguments contained in the statements about the coronavirus.    
6. I browse the COVID-19 information online quickly. (Reverse coded)     
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household monthly income as an ordinal variable (Median = 7.00, or between 10,001 and 15,000 CNY, SD = 1.96). Following the 
previous instrument of risk perception (Kim & Niederdeppe, 2013), perceived susceptibility was measured by the perceived likelihood 
of getting the coronavirus in the near future (1 = very unlikely, 5 = very likely) (M = 2.03, SD = .86), while perceived severity was 
measured by perceived potential severity of the coronavirus infection for one’s own health (1 = not at all serious, 5 = extremely 
serious) (M = 3.47, SD = 1.06). Negative emotions were measured by three items on a 5-point scale: fear, anxiety, and sadness (Kim & 
Niederdeppe, 2013; Seo, 2021; J. Z. Yang & Chu, 2018) (M = 2.68, SD = 0.90, Cronbach’s α = .77). 

Table 2 shows the measurement and descriptive statistics of the key variables. 

3.3. Analytical strategy 

We used PROCESS version 3.5—an SPSS macro developed by Andrew F. Hayes—to test the research hypotheses. The hypotheses 
constitute a mediation model with three parallel mediators. Hence, we chose Model 4 in the PROCESS templates (Hayes, 2013) to run 
the statistical analysis. Systematic processing was entered as the outcome variable and education level as the independent variable. 
Informational subjective norms, current knowledge, and perceived information gathering capacity were entered as mediators. Age, 
gender, household monthly income, perceived susceptibility, perceived severity, and negative emotions were entered as covariates. 
We tested the mediation effects with 5,000 bootstrap samples at 95% confidence intervals (Preacher & Hayes, 2008). Unstandardized 
coefficients were reported. 

4. Results 

Table 3 displays the zero-order correlations between the variables. 
About 17.6% of the variance in systematic processing was explained by the model: F (10, 1557) = 33.34, p < .001, R2 = .176. 

Among the control variables, gender (male = 1, female = 2) (B = –0.07, SE = 0.03, p < .01), household monthly income (B = 0.02, SE 
= 0.01, p < .05), perceived susceptibility (B = –0.06, SE = 0.02, p < .001), perceived severity (B = 0.04, SE = 0.01, p < .01), and 
negative emotions (B = 0.04, SE = 0.02, p < .05) were significantly associated with systematic processing. 

To answer RQ1, the results showed that education level was directly and positively linked to systematic processing (B = 0.08, SE =
0.04, p < .05), indicating that people with higher educational attainment engaged in systematic processing more often than those with 
less educational attainment. 

Education level was not significantly associated with informational subjective norms (B = 0.09, SE = 0.06, p = .11), while 
informational subjective norms were positively associated with systematic processing (B = 0.08, SE = 0.02, p < .001). The result of the 
bootstrap method showed the indirect association between education level and systematic processing via informational subjective 
norms was not significant (B = 0.01, SE = 0.005, CI [–.002, .02]). Thus, H1 was not supported. 

To test the mediating role of current knowledge, education level was positively linked to current knowledge (B = 0.20, SE = 0.04, p 
< .001), which was in turn positively correlated to systematic processing (B = 0.05, SE = 0.02, p < .05). In line with H2, the bootstrap 
method demonstrated that education level was indirectly linked to systematic processing via current knowledge (B = 0.01, SE = 0.01, 
CI [.001, .02]). 

In terms of the mediating role perceived information gathering capacity, we observed a positive association between education 
level and perceived information gathering capacity (B = 0.11, SE = 0.05, p < .05), as well as between perceived information gathering 
capacity and systematic processing (B = 0.24, SE = 0.02, p < .001). Moreover, the result of the bootstrap method showed that 
perceived information gathering capacity significantly mediated the relationship between education level and systematic processing 
(B = 0.03, SE = 0.01, CI [.003, .005]). Therefore, H3 was supported. 

Table 4 presents the mediation of the relationship between education level and systematic processing via informational subjective 
norms, current knowledge, and perceived information gathering capacity. Fig. 3 depicts the final model. 

Table 3 
Zero-order correlations between the variables.   

1 2 3 4 5 6 7 8 9 10 11 

1. Education level  .07** .16*** .10*** .12*** –.16*** –.05 .28*** –.01 –.03 .11*** 
2. ISN   .002 .24*** .21*** .02 .003 .10*** –.04 .07** .05* 
3. CK    .01 .07** –.07** .01 .06* –.01 .03 .07** 
4. PIGC     .36*** –.04 .03 .09*** –.02 .05* .09** 
5. Systematic processing      .04 –.04 .13*** –.07** .10*** .10*** 
6. Age       .14*** .29*** –.02 .08** –.09** 
7. Gender        .08** –.04 .03 –.14*** 
8. Income         –.04 –.002 –.01 
9. Perceived susceptibility          .19*** .22*** 
10. Perceived severity           .23*** 
11. Negative emotions            

Notes. *p < .05, **p < .01, *** p < .001. ISN = informational subjective norms. CK = current knowledge. PIGC = perceived information gathering 
capacity. Gender: female = 1, male = 2. 
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5. Discussion 

Based on the survey data collected during the COVID-19 early outbreak in China, we tested a relevant part of the RISP model and 
explicated why individuals with greater educational attainment engaged more in systematic processing of the COVID-19 information 
than individuals with less educational attainment. According to the findings, this gap in systematic processing partially resulted from 
the fact that highly educated individuals acquired more knowledge about the coronavirus and perceived themselves to have greater 
information gathering capacity than their less educated counterparts. Although informational subjective norms facilitated individuals 
to engage in systematic processing, we did not observe a significant difference in these norms between people with greater and less 
educational attainment. Taken together, the findings not only advance our understanding of people’s systematic processing of risk 
information, but also offer insights into facilitating the less educated to perform systematic processing during the infodemic. Impli
cations are discussed below. 

5.1. Theoretical implications 

Examining people’s risk information seeking has long been the focus of the RISP studies in various contexts (Z. J. Yang, Aloe, et al., 
2014). Nevertheless, other information behaviors outlined in the model (e.g., information processing and information avoidance) has 
received limited attention. To echo the call for extending the seeking-oriented research to a broader category of people’s risk infor
mation behaviors (Ford et al., 2022; Link, 2021; X. Zhou et al., 2021), this study is one of the few studies guided by the RISP model to 
explore systematic processing (Lu et al., 2021; J. Z. Yang, Dong, et al., 2022; J. Z. Yang & Liu, 2021) among people with varying 
degrees of education. Overall, our model demonstrates that the major predictors of risk information seeking outlined in the RISP model 
can also predict systematic processing in the context of the COVID-19 pandemic. Implications of each predictor for understanding the 
RISP model are discussed below. 

First, our study included education level—a sociodemographic factor—as an antecedent that led to the difference in the motivation 
and capacity of systematic processing. Compared with previous RISP research that treated education level as a control variable (Griffin 
et al., 2004; Lu et al., 2020; Wong et al., 2021; J. Z. Yang & Zhuang, 2020; Z. J. Yang, 2012), this study extends our attention from the 
psychological mechanism underlying systematic processing to the sociodemographic predictor of this mechanism. In other words, 
systematic processing is not only a cognitive response to information (Griffin et al., 1999, 2013), but also a process that is susceptible to 
sociodemographic influence. Moreover, the direct link between education level and systematic processing revealed in this study in
dicates that education level may not only serve as a distal predictor but also a proximal predictor of systematic processing in the RISP 
model. Given that the education-based difference in systematic processing represents a digital divide in terms of information utili
zation (van Dijk, 2005), research on digital divide could complement the psychology-based RISP model. 

Second, inconsistent with our expectation, there was no significant difference in informational subjective norms between highly 
educated and less educated individuals, which caused the non-significant mediating role of informational subjective norms between 
education level and systematic processing. This may be because informational subjective norms during a crisis differ from social norms 
in everyday settings. In everyday life, one’s willingness to follow social norms is closely related to his or her education level, 
considering that the education system in China has consistently emphasized the importance of complying with norms (Kirkpatrick & 
Zang, 2011). However, when a public health emergency breaks out, individuals from all demographic sectors tend to feel the pressure 

Table 4 
Mediation of the association of education level with systematic processing via ISN, CK, and PIGC.   

ISN CK PIGC Systematic processing 

Control variables B (SE) p B (SE) p B (SE) P B (SE) p 

Age 0.001 (0.003) .99 –0.004 (0.001) < .05 –0.005 (0.002) < .05 0.003 (0.002) .06 
Gender –0.001 (0.04) .97 0.04 (0.03) .27 0.07 (0.04) .07 –0.07 (0.03) < .01 
Income 0.04 (0.01) < .01 0.01 (0.01) .15 0.03 (0.01) < .01 0.02 (0.01) < .05 
Perceived susceptibility –0.06 (0.03) < .05 –0.02 (0.02) .32 –0.04 (0.02) .12 –0.06 (0.02) < .001 
Perceived Severity 0.06 (0.02) < .01 0.02 (0.02) .33 0.03 (0.02) .09 0.04 (0.01) < .01 
Negative emotions 0.04 (0.03) .10 0.04 (0.02) < .05 0.07 (0.02) < .01 0.04 (0.02) < .05 
Antecedents         
Education level 0.09 (0.06) .11 0.20 (0.04) < .001 0.11 (0.05) < .05 0.08 (0.04) < .05 
ISN –– –– –– –– –– –– 0.08 (0.02) < .001 
CK –– –– –– –– –– –– 0.05 (0.02) < .05 
PIGC –– –– –– –– –– –– 0.24 (0.02) < .001 
Model R2 = .023, F (7, 1560) =

5.14, 
p < .001 

R2 = .033, F (7, 1560) = 7.49, p 
< .001 

R2 = .030, F (7, 1560) = 6.18, p 
< .001 

R2 = .176, F (10, 1557) = 33.34, 
p < .001 

Effect Boot Effect Boot SE Boot LL 95% CI Boot UL 95% CI 
Total indirect effect 0.04 0.01 .01 .07 
Direct effect 0.08 0.04 .01 .15 
Total effect 0.12 0.04 .05 .20 

Notes. ISN = informational subjective norms, CK = current knowledge, PIGC = perceived information gathering capacity; Gender: female = 1, male =
2. LL = lower limit; UL = upper limit; CI = confidence interval. 
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to protect themselves from the severe threat (Seo, 2021), including the informational subjective norms of acquiring sufficient 
knowledge to stay safe. In other words, it is the life-threatening nature of the pandemic instead of one’s education level that largely 
determines individuals’ inclination to recognize and follow informational subjective norms. 

Third, different from treating current knowledge as subjective knowledge in the RISP model, we redefined current knowledge as the 
objective knowledge one has about the coronavirus. Objective knowledge denotes one’s ability to adequately process issue-specific 
information (Manika et al., 2021). Compared with subjective knowledge, objective knowledge has a stronger influence on attitude 
and subsequent behaviors (Denton et al., 2020). This indicates the necessity to differentiate between objective knowledge and sub
jective knowledge in the RISP model and compare their effects on risk information behaviors. Notably, prior research has shown that as 
people acquire more knowledge about a risk issue, their cognitive heuristics and biases also increase, which does not necessarily lead to 
a greater reasoning of the issue message (Kahan et al., 2009, 2012). In relation to this study, obtaining more knowledge about the 
coronavirus also indicates that people may use more heuristics to complement their reasoned judgment (Lu et al., 2021). These 
findings remind us to cautiously view the mediating role of current knowledge between education level and systematic processing. 
Fostering less educated individuals’ objective knowledge may facilitate them to engage in systematic processing; however, heuristics 
generated in this process may also weaken their tendency of performing systematic processing. 

Fourth, the mediating role of perceived information gathering capacity between education level and systematic processing not only 
echoes research on the education-based difference in information utilization (Falch & Massih, 2011), but also corroborates a relevant 
path in the RISP model in recent studies (Lu et al., 2021; J. Z. Yang, Dong, et al., 2022; J. Z. Yang & Liu, 2021). Moreover, the mediation 
effect of perceived information gathering capacity was stronger than that of current knowledge, which suggested that perceived in
formation gathering capacity served as a more powerful predictor to explicate the education-based difference in systematic processing 
than current knowledge did. Accordingly, cultivating the literacy regarding information verification may be more effective than 
fostering issue-specific knowledge for advancing the less educated to engage in systematic processing. 

To sum up, the mediation model proposed in this study corroborates that motivation and capacity are two prominent factors that 
drive systematic processing (Chen & Chaiken, 1999) among people with varying levels of education. Through specifying the accuracy 
motivation as current knowledge and impression motivation as informational subjective norms, our findings suggest that the accuracy 
motivation may play a more important role than the impression motivation in explicating the education-based difference in systematic 
processing. The results offer some insights into the adaptation of the RISP model to better understand the difference in systematic 
processing between different demographic segments. 

5.2. Implications for global recovery from the infodemic 

The education-based difference in systematic processing is present across the globe (Hong et al., 2017; Pickles et al., 2021; Wang 
et al., 2013). As long as the difference exists, individuals with less educational attainment are more vulnerable to the negative impacts 
of the infodemic due to a lack of systematic processing than those with greater educational attainment. Thus, alleviating the negative 
consequences of misinformation to the less educated plays an important part in the global recovery from the infodemic. To address this 
gap and facilitate individuals with less educational attainment to engage in systematic processing, our model has several implications. 

First, the mediating role of current knowledge between education level and systematic processing indicates that practitioners 
should facilitate individuals with less educational attainment to acquire more knowledge about the coronavirus through effective 
scientific communication. Specifically, knowledge about the coronavirus and the associated prevention measures can be delivered in a 
straightforward manner, such as cartoons or short-form videos, thus making it easier for the less educated to understand the infor
mation and increase their current knowledge. 

Fig. 3. The final model based on statistical results. 
Note. *p < .05; ***p < .001. Unstandardized coefficients were reported. 
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Second, the mediating role of perceived information gathering capacity between education level and systematic processing denotes 
that practitioners should strengthen the ability of information verification among the less educated. For instance, workshops about 
cultivating information literacy can be delivered to individuals with less educational attainment, thereby increasing their capacity of 
gathering information. Meanwhile, social workers could encourage the less educated to consult professional sources in face or through 
web-mediated manners to solve confusions related to the pandemic. This may help less educated individuals get a sense of self-control, 
thus increasing their perceived information gathering capacity. 

Third, although informational subjective norms were not susceptible to education level, increasing these norms could advance 
individuals to engage in systematic processing, regardless of education level. This can be achieved in two aspects. On the one hand, 
practitioners could employ a community-based method—teaming up with family members and neighbors—to inform the less educated 
about the importance of obtaining sufficient knowledge to protect themselves from the threat. On the other hand, public service 
advertisements that emphasize the importance of getting enough coronavirus knowledge help create a social norm that pressures the 
less educated to follow the norm and process the information in an effortful manner. 

5.3. Limitations and future research 

5.3.1. Conceptual limitations and future research 
According to the RISP model, in addition to informational subjective norms, information insufficiency is another important motive 

for risk information seeking and processing (Griffin et al., 1999, 2013). Despite that the relationship between information insufficiency 
and information seeking has been widely examined (Z. J. Yang, Aloe, et al., 2014), a very few studies have suggested the association 
between information insufficiency and systematic processing (Lu et al., 2021). Thus, not including information insufficiency in this 
study is a conceptual limitation. To overcome this limitation, future research could test whether information insufficiency mediates the 
relationship between education level and systematic processing. 

Besides, the partial mediation effect of current knowledge and perceived information gathering capacity indicates that there could 
be other mediating mechanisms underlying the association between education level and systematic processing. In addition to infor
mation insufficiency, the RISP model and other related theories—such as the framework of risk information seeking (Ter Huurne & 
Gutteling, 2008) and the planned risk information seeking model (Kahlor, 2010)—all suggest that affective response serves as a 
proximal predictor of risk information seeking. Thus, researchers could test the mediating role of affective response between education 
level and systematic processing. 

5.3.2. Methodological limitations and future research 
First, compared with the latest demographics of Chinese netizens, individuals with greater educational attainment—those with a 

bachelor’s degree or above—were overrepresented in this study. This was due to the sampling strategy used in the present study, in 
which highly educated participants constituted the majority of the sampling pool (Sojump, 2021). Noticeably, we asked participants to 
report their highest level of education in the survey, while the demographics of Chinese netizens suggested the current level of ed
ucation netizens had at the end of 2020. Besides, approximately 16.6% of the population were teenager netizens who were middle 
school or high school students when the survey was conducted (China Internet Network Information Center, 2021). In other words, this 
group constituted a considerable portion of the netizens with less educational attainment. Thus, although our results favored in
dividuals with greater educational attainment, the findings could somewhat inform our understanding of the education-based dif
ference in systematic processing among Chinese netizens as the teenager group grows up and acquires a higher level of education. 
Additionally, the non-normality of a given variable tends not to bias the regression coefficient if the sample size is large (Knief & 
Forstmeier, 2020). Therefore, considering the relatively large sample size in this study (N = 1,568), the relationships between edu
cation level and other examined variables might be not highly biased. Nevertheless, readers should cautiously generalize the findings 
to the population. 

Second, although informational subjective norms mainly come from important ones such as family members and close friends (J. 
Yang, 2021; Z. J. Yang & Kahlor, 2013), the single-item measurement decreased the validity of informational subjective norms. To 
increase the validity, researchers could use multiple items, including the influence from colleagues, acquaintances, and the majority of 
others in society to complement the single-item measurement of informational subjective norms. 

Third, we could not claim causality between the examined variables based on the cross-sectional survey data. To strictly test the 
relevant causal link in the RISP model, we advise researchers to use a longitudinal design. Specifically, informational subjective norms, 
current knowledge, perceived information gathering capacity and other potential mediators can be measured in the first-wave survey. 
Then, the same respondents participate in the second-wave survey and their frequencies of engaging in systematic processing are 
measured. Thus, the causality of the model can be tested. 

Fourth, considering that the coronavirus has become a global pandemic, future research could test our model in other countries or 
regions to explain the education-based difference in systematic processing. Given that the divide in information utilization is prevalent 
in developing countries (Chang et al., 2015; Mathrani et al., 2021), the proposed model may be particularly relevant to understand the 
gap in systematic processing between highly educated and less educated individuals in these countries. Hopefully, testing this model in 
other countries could offer implications and measures for the global recovery from the infodemic. 

6. Conclusions 

Although a plethora of studies have examined how to manage the COVID-19 misinformation and fight the infodemic (Larson, 2020; 
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Patwa et al., 2021; The Lancet Infectious Diseases, 2020), limited attention has been paid to how to help the less educated individuals 
avoid the harms caused by exposure to misinformation. People with less educational attainment are more vulnerable to the negative 
impacts of the infodemic than their highly educated counterparts. Assuming highly educated individuals are more likely to engage in 
systematic processing than less educated individuals, our study explicates the psychological mechanism underlying the 
education-based difference in systematic processing. The findings indicate that increasing current knowledge, perceived information 
gathering capacity, and informational subjective norms among the less educated are effective ways to facilitate their systematic 
processing. Compared with increasing one’s education level to advance his or her systematic processing, our measures are more 
feasible. Considering that the infodemic has become a global issue, we hope that this study could offer approaches to alleviate less 
educated individuals’ vulnerability to misinformation, especially in developing countries, thereby contributing to the global recovery 
from the infodemic. 

Author statement 

We confirm that neither the manuscript nor any parts of its content are currently under consideration or published in another 
journal. Both authors have approved the revised manuscript and agreed with its submission to this special issue of Information Pro
cessing & Management. 

Acknowledgment 

This work was supported by the National Social Science Fund of China under Grant 19ZDA325 and Grant 19CXW029. 

References 

Ajzen, I. (1991). The theory of planned behavior. Organizational Behavior and Human Decision Processes, 50(2), 179–211. https://doi.org/10.1016/0749-5978(91) 
90020-T 

Bandura, A. (2001). Social cognitive theory: An agentic perspective. Annual Review of Psychology, 52(1), 1–26. https://doi.org/10.1146/annurev.psych.52.1.1 
Bhandari, D., Ozaki, A., Kobashi, Y., Higuchi, A., Shakya, P., & Tanimoto, T. (2020). Cancer information seeking and scanning behavior among Nepalese migrants in 

Japan and its association with preventive behavior. PLOS ONE, 15(6), Article e0235275. https://doi.org/10.1371/journal.pone.0235275 
Chaiken, S., Liberman, A., & Eagly, A. (1989). Heuristic and systematic information processing within and beyond the persuasion context. J. S. Uleman & J. A. Bargh. 

Unintended thought (pp. 212–252). Guilford Press. 
Chaiken, S., & Trope, Y. (1999). Dual-process theories in social psychology. Guilford Press.  
Chang, Y., Kim, H., Wong, S. F., & Park, M.-C. (2015). A comparison of the digital divide across three countries with different development indices. Journal of Global 

Information Management, 23(4), 55–76. https://doi.org/10.4018/JGIM.2015100103 
Chen, S., & Chaiken, S. (1999). The heuristic-systematic model in its broader context. S. Chaiken & Y. Trope. Dual-process theories in social psychology (pp. 73–96). The 

Guilford Press. 
China Internet Network Information Center. (2021, February 3). The 47th China statistical report on Internet development. http://www.cnnic.net.cn/hlwfzyj/hlwxzbg/. 
Denton, G., Chi, O. H., & Gursoy, D. (2020). An examination of the gap between carbon offsetting attitudes and behaviors: Role of knowledge, credibility and trust. 

International Journal of Hospitality Management, 90, Article 102608. https://doi.org/10.1016/j.ijhm.2020.102608 
Eagly, A. H., & Chaiken, S. (1993). The psychology of attitudes (pp. xxii, 794). Harcourt Brace Jovanovich College Publishers.  
Falch, T., & Massih, S. S. (2011). The effect of education on cognitive ability. Economic Inquiry, 49(3), 838–856. https://doi.org/10.1111/j.1465-7295.2010.00312.x 
Fei, X. (1992). From the soil. University of California Press. https://www.degruyter.com/document/doi/10.1525/9780520912489/html.  
Flanagin, A. J., & Metzger, M. J. (2000). Perceptions of Internet information credibility. Journalism & Mass Communication Quarterly, 77(3), 515–540. https://doi.org/ 

10.1177/107769900007700304 
Ford, J. L., Douglas, M., & Barrett, A. K. (2022). The role of pandemic fatigue in seeking and avoiding information on COVID-19 among young adults. Health 

Communication. https://doi.org/10.1080/10410236.2022.2069211 
Fuchs, C. (2009). The role of income inequality in a multivariate cross-national analysis of the digital divide. Social Science Computer Review, 27(1), 41–58. https://doi. 

org/10.1177/0894439308321628 
Griffin, R. J., Dunwoody, S., & Neuwirth, K. (1999). Proposed model of the relationship of risk information seeking and processing to the development of preventive 

behaviors. Environmental Research, 80(2), S230–S245. https://doi.org/10.1006/enrs.1998.3940 
Griffin, R. J., Dunwoody, S., & Yang, Z. J. (2013). Linking risk messages to information seeking and processing. Annals of the International Communication Association, 

36(1), 323–362. https://doi.org/10.1080/23808985.2013.11679138 
Griffin, R. J., Neuwirth, K., Dunwoody, S., & Giese, J. (2004). Information sufficiency and risk communication. Media Psychology, 6(1), 23–61. https://doi.org/ 

10.1207/s1532785xmep0601_2 
Hagger, M. S., Chatzisarantis, N. L. D., & Biddle, S. J. H. (2002). The influence of autonomous and controlling motives on physical activity intentions within the 

Theory of Planned Behaviour. British Journal of Health Psychology, 7(3), 283–297. https://doi.org/10.1348/135910702760213689 
Han, J., Cha, M., & Lee, W. (2020). Anger contributes to the spread of COVID-19 misinformation. Harvard Kennedy School Misinformation Review. https://doi.org/ 

10.37016/mr-2020-39 
Han, X., Wang, J., Zhang, M., & Wang, X. (2020). Using social media to mine and analyze public opinion Related to COVID-19 in China. International Journal of 

Environmental Research and Public Health, 17(8), 2788. https://doi.org/10.3390/ijerph17082788 
Hayes, A. F. (2013). Introduction to mediation, moderation, and conditional process analysis: A regression-based approach (Second edition). Guilford Publications.  
Hong, Y. A., Zhou, Z., Fang, Y., & Shi, L. (2017). The digital divide and health disparities in China: Evidence from a national survey and policy implications. Journal of 

Medical Internet Research, 19(9), e317. https://doi.org/10.2196/jmir.7786 
Huang, Q. (2020). How does news media exposure amplify publics’ perceived health risks about air pollution in China? A conditional media effect approach. 

International Journal of Communication, 14(0), 1705–1724. 
Huang, Q., Lei, S., & Ni, B. (2022). Perceived information overload and unverified information sharing on WeChat amid the COVID-19 pandemic: A moderated 

mediation model of anxiety and perceived herd. Frontiers in Psychology, 13, Article 837820. 
Hwang, Y., & Jeong, S.-H. (2009). Revisiting the knowledge gap hypothesis: A meta-analysis of thirty-five years of research. Journalism & Mass Communication 

Quarterly, 86(3), 513–532. https://doi.org/10.1177/107769900908600304 
Hwang, Y., & Jeong, S.-H. (2021). Misinformation exposure and acceptance: The role of information seeking and processing. Health Communication. https://doi.org/ 

10.1080/10410236.2021.1964187 
Kahan, D. M., Braman, D., Slovic, P., Gastil, J., & Cohen, G. (2009). Cultural cognition of the risks and benefits of nanotechnology. Nature Nanotechnology, 4(2), 87–90. 

https://doi.org/10.1038/nnano.2008.341 

Q. Huang and L. Wei                                                                                                                                                                                                 

https://doi.org/10.1016/0749-5978(91)90020-T
https://doi.org/10.1016/0749-5978(91)90020-T
https://doi.org/10.1146/annurev.psych.52.1.1
https://doi.org/10.1371/journal.pone.0235275
http://refhub.elsevier.com/S0306-4573(22)00104-2/sbref0004
http://refhub.elsevier.com/S0306-4573(22)00104-2/sbref0004
http://refhub.elsevier.com/S0306-4573(22)00104-2/sbref0005
https://doi.org/10.4018/JGIM.2015100103
http://refhub.elsevier.com/S0306-4573(22)00104-2/sbref0007
http://refhub.elsevier.com/S0306-4573(22)00104-2/sbref0007
http://www.cnnic.net.cn/hlwfzyj/hlwxzbg/
https://doi.org/10.1016/j.ijhm.2020.102608
http://refhub.elsevier.com/S0306-4573(22)00104-2/sbref0010
https://doi.org/10.1111/j.1465-7295.2010.00312.x
https://www.degruyter.com/document/doi/10.1525/9780520912489/html
https://doi.org/10.1177/107769900007700304
https://doi.org/10.1177/107769900007700304
https://doi.org/10.1080/10410236.2022.2069211
https://doi.org/10.1177/0894439308321628
https://doi.org/10.1177/0894439308321628
https://doi.org/10.1006/enrs.1998.3940
https://doi.org/10.1080/23808985.2013.11679138
https://doi.org/10.1207/s1532785xmep0601_2
https://doi.org/10.1207/s1532785xmep0601_2
https://doi.org/10.1348/135910702760213689
https://doi.org/10.37016/mr-2020-39
https://doi.org/10.37016/mr-2020-39
https://doi.org/10.3390/ijerph17082788
http://refhub.elsevier.com/S0306-4573(22)00104-2/sbref0022
https://doi.org/10.2196/jmir.7786
http://refhub.elsevier.com/S0306-4573(22)00104-2/sbref0024
http://refhub.elsevier.com/S0306-4573(22)00104-2/sbref0024
http://refhub.elsevier.com/S0306-4573(22)00104-2/sbref0025
http://refhub.elsevier.com/S0306-4573(22)00104-2/sbref0025
https://doi.org/10.1177/107769900908600304
https://doi.org/10.1080/10410236.2021.1964187
https://doi.org/10.1080/10410236.2021.1964187
https://doi.org/10.1038/nnano.2008.341


Information Processing and Management 59 (2022) 102989

13

Kahan, D. M., Peters, E., Wittlin, M., Slovic, P., Ouellette, L. L., Braman, D., & Mandel, G. (2012). The polarizing impact of science literacy and numeracy on perceived 
climate change risks. Nature Climate Change, 2(10), 732–735. https://doi.org/10.1038/nclimate1547 

Kahlor, L. (2010). PRISM: A planned risk information seeking model. Health Communication, 25(4), 345–356. https://doi.org/10.1080/10410231003775172 
Kahlor, L., Dunwoody, S., Griffin, R. J., & Neuwirth, K. (2006). Seeking and processing information about impersonal risk. Science Communication, 28(2), 163–194. 

https://doi.org/10.1177/1075547006293916 
Kharod, H., & Simmons, I. (2020). How to fight an infodemic: The four pillars of infodemic management. Journal of Medical Internet Research, 22(6), e21820. https:// 

doi.org/10.2196/21820 
Kim, H. K., Ahn, J., Atkinson, L., & Kahlor, L. A. (2020). Effects of COVID-19 misinformation on information seeking, avoidance, and processing: A multicountry 

comparative study. Science Communication, 42(5), 586–615. https://doi.org/10.1177/1075547020959670 
Kim, H. K., & Niederdeppe, J. (2013). The role of emotional response during an H1N1 influenza pandemic on a college campus. Journal of Public Relations Research, 25 

(1), 30–50. https://doi.org/10.1080/1062726X.2013.739100 
Kirkpatrick, R., & Zang, Y. (2011). The negative influences of exam-oriented education on Chinese high school students: Backwash from classroom to child. Language 

Testing in Asia, 1(3), 36. https://doi.org/10.1186/2229-0443-1-3-36 
Knief, U., & Forstmeier, W. (2020). Violating the normality assumption may be the lesser of two evils. BioRxiv, 498931. https://doi.org/10.1101/498931. 
Laato, S., Islam, A. K. M. N., Islam, M. N., & Whelan, E. (2020). What drives unverified information sharing and cyberchondria during the COVID-19 pandemic? 

European Journal of Information Systems, 29(3), 288–305. https://doi.org/10.1080/0960085X.2020.1770632 
Larson, H. J. (2020). A call to arms: Helping family, friends and communities navigate the COVID-19 infodemic. Nature Reviews Immunology, 20(8), 449–450. https:// 

doi.org/10.1038/s41577-020-0380-8 
Lee, S.-H. (2014). Digital literacy education for the development of digital literacy. International Journal of Digital Literacy and Digital Competence, 5(3), 29–43. https:// 

doi.org/10.4018/ijdldc.2014070103 
Lee, Y., & Lin, C. A. (2021). Exploring the serial position effects of online consumer reviews on heuristic vs. Systematic information processing and consumer decision- 

making. Journal of Internet Commerce. https://doi.org/10.1080/15332861.2021.1966722 
Liao, C., Zhou, X., & Zhao, D. (2018). An augmented risk information seeking model: Perceived food safety risk related to food recalls. International Journal of 

Environmental Research and Public Health, 15(9), 1800. https://doi.org/10.3390/ijerph15091800 
Link, E. (2021). Information avoidance during health crises: Predictors of avoiding information about the COVID-19 pandemic among german news consumers. 

Information Processing & Management, 58(6), Article 102714. https://doi.org/10.1016/j.ipm.2021.102714 
Lo, V., Wei, R., & Su, H. (2013). Self-efficacy, information-processing strategies, and acquisition of health knowledge. Asian Journal of Communication, 23(1), 54–67. 

https://doi.org/10.1080/01292986.2012.725175 
Lu, H., Chu, H., & Ma, Y. (2021). Experience, experts, statistics, or just science? Predictors and consequences of reliance on different evidence types during the COVID- 

19 infodemic. Public Understanding of Science, 30(5), 515–534. https://doi.org/10.1177/09636625211009685 
Lu, H., Winneg, K., Jamieson, K. H., & Albarracín, D. (2020). Intentions to seek information about the influenza vaccine: The role of informational subjective norms, 

anticipated and experienced affect, and information insufficiency among vaccinated and unvaccinated people. Risk Analysis, 40(10), 2040–2056. https://doi.org/ 
10.1111/risa.13459 

Manika, D., Dickert, S., & Golden, L. L. (2021). Check (it) yourself before you wreck yourself: The benefits of online health information exposure on risk perception 
and intentions to protect oneself. Technological Forecasting and Social Change, 173, Article 121098. https://doi.org/10.1016/j.techfore.2021.121098 

Mathrani, A., Sarvesh, T., & Umer, R. (2021). Digital divide framework: Online learning in developing countries during the COVID-19 lockdown. Globalisation, 
Societies and Education. https://doi.org/10.1080/14767724.2021.1981253 

Park, H. S., & Vedlitz, A. (2013). Climate hazards and risk status: Explaining climate risk assessment, behavior, and policy support. Sociological Spectrum, 33(3), 
219–239. https://doi.org/10.1080/02732173.2013.732900 

Patwa, P., Sharma, S., Pykl, S., Guptha, V., Kumari, G., Akhtar, M. S., Ekbal, A., Das, A., & Chakraborty, T (2021). Fighting an infodemic: COVID-19 fake news dataset. 
T. Chakraborty, K. Shu, H. R. Bernard, H. Liu, & M. S. Akhtar. Combating online hostile posts in regional languages during emergency situation (pp. 21–29). Springer 
International Publishing. https://doi.org/10.1007/978-3-030-73696-5_3. 

Pennycook, G., & Rand, D. G. (2019). Lazy, not biased: Susceptibility to partisan fake news is better explained by lack of reasoning than by motivated reasoning. 
Cognition, 188, 39–50. https://doi.org/10.1016/j.cognition.2018.06.011 

Pennycook, G., & Rand, D. G. (2020). Who falls for fake news? The roles of bullshit receptivity, overclaiming, familiarity, and analytic thinking. Journal of Personality, 
88(2), 185–200. https://doi.org/10.1111/jopy.12476 

Petty, R. E., & Cacioppo, J. T. (1986). The elaboration likelihood model of persuasion. R. E. Petty & J. T. Cacioppo. Communication and persuasion (pp. 1–24). Springer 
https://link.springer.com/chapter/10.1007/978-1-4612-4964-1_1. 

Pian, W., Chi, J., & Ma, F. (2021). The causes, impacts and countermeasures of COVID-19 “Infodemic”: A systematic review using narrative synthesis. Information 
Processing & Management, 58(6), Article 102713. https://doi.org/10.1016/j.ipm.2021.102713 

Pickles, K., Cvejic, E., Nickel, B., Copp, T., Bonner, C., Leask, J., Ayre, J., Batcup, C., Cornell, S., Dakin, T., Dodd, R. H., Isautier, J. M. J., & McCaffery, K. J. (2021). 
COVID-19 misinformation trends in Australia: Prospective longitudinal national survey. Journal of Medical Internet Research, 23(1), e23805. https://doi.org/ 
10.2196/23805 

Preacher, K. J., & Hayes, A. F. (2008). Asymptotic and resampling strategies for assessing and comparing indirect effects in multiple mediator models. Behavior 
Research Methods, 40(3), 879–891. https://doi.org/10.3758/BRM.40.3.879 

Riggins, F. J., & Dewan, S. (2005). The digital divide: Current and future research directions. Journal of the Association for Information Systems, 6(12), 4. 
Sallam, M., Dababseh, D., Yaseen, A., Al-Haidar, A., Taim, D., Eid, H., Ababneh, N. A., Bakri, F. G., & Mahafzah, A. (2020). COVID-19 misinformation: Mere harmless 

delusions or much more? A knowledge and attitude cross-sectional study among the general public residing in Jordan. PLOS ONE, 15(12), Article e0243264. 
https://doi.org/10.1371/journal.pone.0243264 

Scheerder, A., van Deursen, A., & van Dijk, J. (2017). Determinants of Internet skills, uses and outcomes. A systematic review of the second- and third-level digital 
divide. Telematics and Informatics, 34(8), 1607–1624. https://doi.org/10.1016/j.tele.2017.07.007 

Selwyn, N. (2004). Reconsidering political and popular understandings of the digital divide. New Media & Society, 6(3), 341–362. https://doi.org/10.1177/ 
1461444804042519 

Seo, M. (2021). Amplifying panic and facilitating prevention: Multifaceted effects of traditional and social media use during the 2015 MERS crisis in South Korea. 
Journalism & Mass Communication Quarterly, 98(1), 221–240. https://doi.org/10.1177/1077699019857693 

Sojump. (2021). Sampling service of Sojump. https://www.wjx.cn/sample/service.aspx. 
Stoutenborough, J. W., Sturgess, S. G., & Vedlitz, A. (2013). Knowledge, risk, and policy support: Public perceptions of nuclear power. Energy Policy, 62, 176–184. 

https://doi.org/10.1016/j.enpol.2013.06.098 
Tencent. (2021a). Fack-checking: Drinking wine cannot help prevent the coronavirus. https://vp.fact.qq.com/article? 

id=cb9d7a0c4a284758b2122698bf7836c1&ADTAG=xw.gjx. 
Tencent. (2021b). Fact-checking: The timetable that specifies the time when residents in 31 provinces no longer need to wear masks is misinformation. https://vp.fact.qq.com/ 

article?id=e5256e5d645b686c024e1f7d513732ee&ADTAG=xw.gjx. 
Ter Huurne, E., & Gutteling, J. (2008). Information needs and risk perception as predictors of risk information seeking. Journal of Risk Research, 11(7), 847–862. 

https://doi.org/10.1080/13669870701875750 
The Lancet Infectious Diseases. (2020). The COVID-19 infodemic. The Lancet. Infectious Diseases, 20(8), 875. https://doi.org/10.1016/S1473-3099(20)30565-X 
The Ministry of Education of the People’s Republic of China. (2021, September). Higher education in china. http://www.moe.gov.cn/jyb_xxgk/s5743/s5744/A03/ 

202110/t20211025_574874.html. 
Tichenor, P. J., Donohue, G. A., & Olien, C. N. (1970). Mass media flow and differential growth in knowledge. Public Opinion Quarterly, 34(2), 159–170. https://doi. 

org/10.1086/267786 

Q. Huang and L. Wei                                                                                                                                                                                                 

https://doi.org/10.1038/nclimate1547
https://doi.org/10.1080/10410231003775172
https://doi.org/10.1177/1075547006293916
https://doi.org/10.2196/21820
https://doi.org/10.2196/21820
https://doi.org/10.1177/1075547020959670
https://doi.org/10.1080/1062726X.2013.739100
https://doi.org/10.1186/2229-0443-1-3-36
https://doi.org/10.1080/0960085X.2020.1770632
https://doi.org/10.1038/s41577-020-0380-8
https://doi.org/10.1038/s41577-020-0380-8
https://doi.org/10.4018/ijdldc.2014070103
https://doi.org/10.4018/ijdldc.2014070103
https://doi.org/10.1080/15332861.2021.1966722
https://doi.org/10.3390/ijerph15091800
https://doi.org/10.1016/j.ipm.2021.102714
https://doi.org/10.1080/01292986.2012.725175
https://doi.org/10.1177/09636625211009685
https://doi.org/10.1111/risa.13459
https://doi.org/10.1111/risa.13459
https://doi.org/10.1016/j.techfore.2021.121098
https://doi.org/10.1080/14767724.2021.1981253
https://doi.org/10.1080/02732173.2013.732900
https://doi.org/10.1007/978-3-030-73696-5_3
https://doi.org/10.1016/j.cognition.2018.06.011
https://doi.org/10.1111/jopy.12476
https://link.springer.com/chapter/10.1007/978-1-4612-4964-1_1
https://doi.org/10.1016/j.ipm.2021.102713
https://doi.org/10.2196/23805
https://doi.org/10.2196/23805
https://doi.org/10.3758/BRM.40.3.879
http://refhub.elsevier.com/S0306-4573(22)00104-2/sbref0056
https://doi.org/10.1371/journal.pone.0243264
https://doi.org/10.1016/j.tele.2017.07.007
https://doi.org/10.1177/1461444804042519
https://doi.org/10.1177/1461444804042519
https://doi.org/10.1177/1077699019857693
https://www.wjx.cn/sample/service.aspx
https://doi.org/10.1016/j.enpol.2013.06.098
https://vp.fact.qq.com/article?id=cb9d7a0c4a284758b2122698bf7836c1&tnqh_x0026;ADTAG=xw.gjx
https://vp.fact.qq.com/article?id=cb9d7a0c4a284758b2122698bf7836c1&tnqh_x0026;ADTAG=xw.gjx
https://vp.fact.qq.com/article?id=e5256e5d645b686c024e1f7d513732ee&tnqh_x0026;ADTAG=xw.gjx
https://vp.fact.qq.com/article?id=e5256e5d645b686c024e1f7d513732ee&tnqh_x0026;ADTAG=xw.gjx
https://doi.org/10.1080/13669870701875750
https://doi.org/10.1016/S1473-3099(20)30565-X
http://www.moe.gov.cn/jyb_xxgk/s5743/s5744/A03/202110/t20211025_574874.html
http://www.moe.gov.cn/jyb_xxgk/s5743/s5744/A03/202110/t20211025_574874.html
https://doi.org/10.1086/267786
https://doi.org/10.1086/267786


Information Processing and Management 59 (2022) 102989

14

Trumbo, C. W. (1999). Heuristic-systematic information processing and risk judgment. Risk Analysis, 19(3), 391–400. https://doi.org/10.1111/j.1539-6924.1999. 
tb00415.x 

van Dijk, J. (2005). The deepening divide: Inequality in the information society. Sage. https://doi.org/10.4135/9781452229812 
Wang, M. P., Viswanath, K., Lam, T. H., Wang, X., & Chan, S. S. (2013). Social determinants of health information seeking among Chinese adults in Hong Kong. PLOS 

ONE, 8(8), e73049. https://doi.org/10.1371/journal.pone.0073049 
Wei, K.-K., Teo, H.-H., Chan, H. C., & Tan, B. C. Y. (2011). Conceptualizing and testing a social cognitive model of the digital divide. Information Systems Research, 22 

(1), 170–187. https://doi.org/10.1287/isre.1090.0273 
Wong, J. C. S., Yang, J. Z., Liu, Z., Lee, D., & Yue, Z. (2021). Fast and frugal: Information processing related to the coronavirus pandemic. Risk Analysis, 41(5), 

771–786. https://doi.org/10.1111/risa.13679 
World Health Organization. (2021). Infodemic. https://www.who.int/westernpacific/health-topics/infodemic. 
Yang, J. (2021). Combating pandemic: An exploration of social media users’ risk information seeking during the COVID-19 outbreak. Journal of Risk Research. https:// 

doi.org/10.1080/13669877.2021.1990112 
Yang, J. Z., & Chu, H. (2018). Who is afraid of the Ebola outbreak? The influence of discrete emotions on risk perception. Journal of Risk Research, 21(7), 834–853. 

https://doi.org/10.1080/13669877.2016.1247378 
Yang, J. Z., Dong, X., & Liu, Z. (2022). Systematic processing of COVID-19 information: Relevant channel beliefs and perceived information gathering capacity as 

moderators. Science Communication, 44(1), 60–85. https://doi.org/10.1177/10755470211044781 
Yang, J. Z., & Huang, J. (2019). Seeking for your Own sake: Chinese citizens’ motivations for information seeking about air pollution. Environmental Communication, 

13(5), 603–616. https://doi.org/10.1080/17524032.2017.1397041 
Yang, J. Z., & Liu, Z. (2021). Information seeking and processing in the context of vaccine scandals. Science Communication, 43(3), 279–306. https://doi.org/10.1177/ 

1075547020983589 
Yang, J. Z., Liu, Z., & Wong, J. C. (2022). Information seeking and information sharing during the COVID-19 pandemic. Communication Quarterly, 70(1), 1–21. https:// 

doi.org/10.1080/01463373.2021.1995772 
Yang, J. Z., & Zhuang, J. (2020). Information seeking and information sharing related to Hurricane Harvey. Journalism & Mass Communication Quarterly, 97(4), 

1054–1079. https://doi.org/10.1177/1077699019887675 
Yang, Z. J. (2012). Too scared or too capable? Why do college students stay away from the H1N1 vaccine? Risk Analysis, 32(10), 1703–1716. https://doi.org/ 

10.1111/j.1539-6924.2012.01799.x 
Yang, Z. J., Aloe, A. M., & Feeley, T. H. (2014). Risk information seeking and processing model: A meta-analysis. Journal of Communication, 64(1), 20–41. https://doi. 

org/10.1111/jcom.12071 
Yang, Z. J., & Kahlor, L. (2013). What, me worry? The role of affect in information seeking and avoidance. Science Communication, 35(2), 189–212. https://doi.org/ 

10.1177/1075547012441873 
Yang, Z. J., McComas, K., Gay, G., Leonard, J. P., Dannenberg, A. J., & Dillon, H. (2010). Motivation for health information seeking and processing about clinical trial 

enrollment. Health Communication, 25(5), 423–436. https://doi.org/10.1080/10410236.2010.483338 
Yang, Z. J., Rickard, L. N., Harrison, T. M., & Seo, M. (2014). Applying the risk information seeking and processing model to examine support for climate change 

mitigation policy. Science Communication, 36(3), 296–324. https://doi.org/10.1177/1075547014525350 
Yang, Z., Paudel, K. P., Wen, X., Sun, S., & Wang, Y. (2020). Food safety risk information-seeking intention of WeChat users in China. International Journal of 

Environmental Research and Public Health, 17(7), 2376. https://doi.org/10.3390/ijerph17072376 
Zhang, S., Pian, W., Ma, F., Ni, Z., & Liu, Y. (2021). Characterizing the COVID-19 infodemic on Chinese social media: Exploratory study. JMIR Public Health and 

Surveillance, 7(2), e26090. https://doi.org/10.2196/26090 
Zhou, X., Roberto, A. J., & Lu, A. H. (2021). Understanding online health risk information seeking and avoiding during the COVID-19 pandemic. Health 

Communication. https://doi.org/10.1080/10410236.2021.1958981 
Zhou, Z., Wu, J. P., Zhang, Q., & Xu, S. (2013). Transforming visitors into members in online brand communities: Evidence from China. Journal of Business Research, 66 

(12), 2438–2443. https://doi.org/10.1016/j.jbusres.2013.05.032 
Zou, W., & Tang, L. (2021). What do we believe in? Rumors and processing strategies during the COVID-19 outbreak in China. Public Understanding of Science, 30(2), 

153–168. https://doi.org/10.1177/0963662520979459 

Dr. Qing Huang’s research interests include risk communication and digital media effects. She has published articles in International Journal of Communication, Chinese 
Journal of Communication, Public Relations Review, Telematics and Informatics, Frontiers in Psychology, etc. 

Professor Lu Wei’s research interests include new media, international communication, political communication, and social trust. He has published articles in Journal of 
Computer-Mediated Communication, Mass Communication and Society, Information Research, Telematics and Informatics, etc. 

Q. Huang and L. Wei                                                                                                                                                                                                 

https://doi.org/10.1111/j.1539-6924.1999.tb00415.x
https://doi.org/10.1111/j.1539-6924.1999.tb00415.x
https://doi.org/10.4135/9781452229812
https://doi.org/10.1371/journal.pone.0073049
https://doi.org/10.1287/isre.1090.0273
https://doi.org/10.1111/risa.13679
https://www.who.int/westernpacific/health-topics/infodemic
https://doi.org/10.1080/13669877.2021.1990112
https://doi.org/10.1080/13669877.2021.1990112
https://doi.org/10.1080/13669877.2016.1247378
https://doi.org/10.1177/10755470211044781
https://doi.org/10.1080/17524032.2017.1397041
https://doi.org/10.1177/1075547020983589
https://doi.org/10.1177/1075547020983589
https://doi.org/10.1080/01463373.2021.1995772
https://doi.org/10.1080/01463373.2021.1995772
https://doi.org/10.1177/1077699019887675
https://doi.org/10.1111/j.1539-6924.2012.01799.x
https://doi.org/10.1111/j.1539-6924.2012.01799.x
https://doi.org/10.1111/jcom.12071
https://doi.org/10.1111/jcom.12071
https://doi.org/10.1177/1075547012441873
https://doi.org/10.1177/1075547012441873
https://doi.org/10.1080/10410236.2010.483338
https://doi.org/10.1177/1075547014525350
https://doi.org/10.3390/ijerph17072376
https://doi.org/10.2196/26090
https://doi.org/10.1080/10410236.2021.1958981
https://doi.org/10.1016/j.jbusres.2013.05.032
https://doi.org/10.1177/0963662520979459

	Explaining education-based difference in systematic processing of COVID-19 information: Insights into global recovery from  ...
	1 Introduction
	2 Literature review
	2.1 The RISP model
	2.2 Education level and systematic processing
	2.3 Informational subjective norms
	2.4 Current knowledge
	2.5 Perceived information gathering capacity
	2.6 Control variables

	3 Method
	3.1 Data collection
	3.2 Measures
	3.2.1 Education level
	3.2.2 Informational subjective norms
	3.2.3 Current knowledge
	3.2.4 Perceived information gathering capacity
	3.2.5 Systematic processing
	3.2.6 Control variables

	3.3 Analytical strategy

	4 Results
	5 Discussion
	5.1 Theoretical implications
	5.2 Implications for global recovery from the infodemic
	5.3 Limitations and future research
	5.3.1 Conceptual limitations and future research
	5.3.2 Methodological limitations and future research


	6 Conclusions
	Author statement
	Acknowledgment
	References


