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Abstract: Background: Few existing studies have examined information processing as an indepen-
dent variable to predict subsequent information behaviors in a pandemic context, and the mechanism
of subsequent information behavior processing following the initial or prior information behavior
is unclear. Objective: Our study aims to apply the risk information seeking and processing model
to explain the mechanism of subsequent systematic information processing in the context of the
COVID-19 pandemic. Methods: A three-wave longitudinal online national survey was administered
during the period of July 2020 to September 2020. Path analysis was conducted to test the relation-
ships between prior and subsequent systematic information processing and protective behaviors.
Results: One important finding was the key role of prior systematic information processing, as
indirect hazard experience was found to be a direct predictor of risk perception (β = 0.15, p = 0.004)
and an indirect predictor of protective behaviors. Another important finding was the central role
of information insufficiency as a mediator/driving force in subsequent systematic information pro-
cessing and protective behavior. Conclusions: The study has made important contributions in that
it extends the scholarship on health information behaviors by (a) highlighting that relevant hazard
experience in risk information seeking and processing model should be expanded to include indirect
experience, and (b) providing the mechanism of subsequent systematic information processing fol-
lowing prior information processing. Our study also provides practical implications on health/risk
communication and protective behaviors’ promotion in the pandemic context.

Keywords: systematic information processing; risk information seeking and processing model;
pandemic; protective behaviors

1. Introduction

Information behavior refers to information users’ active or passive information seek-
ing, processing, or management [1]. Theoretical models of information behavior, such as the
risk information seeking and processing (RISP) model [2] and the planned risk information
seeking model [3], have been developed to systematically explain the predictors and/or me-
diators (e.g., cognitive or emotional factors) of information behavior and the consequences
of information behavior (e.g., health behavior change). Those theoretical models have been
extensively tested to provide empirical support for the mechanisms. In those empirical stud-
ies, the information behavior has mainly been tested, consistent with the aforementioned
theories, as an outcome or a dependent variable only, in a pandemic context.

However, in a pandemic context, initial information behavior, can also be viewed as
an exogenous variable that may predict future information behavior since the information
behavior is an ongoing dynamic process that has different stages [4]. As demonstrated
in Wilson’s information behavior model [5], a prior information behavior will lead to
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a person’s evaluation of whether or not more information is needed to make decisions.
If information obtained from the initial information behavior is insufficient, then future
information behavior might be warranted. Similarly, information processing has different
stages. Specifically, the initial/prior stage serves as the process of gaining indirect experi-
ence of the situation/hazard that predicts cognitive and affective variables, and predicts
subsequent information processing. Then, the subsequent information processing directly
predicts behavior change. To the best of our knowledge, however, few existing studies
have employed information processing as an independent variable in a pandemic context,
and therefore, the mechanism of the ongoing/subsequent information behavior process is
unclear. In addition, there is a lack of evidence to show whether or not the existing theo-
retical frameworks are still applicable to this process of subsequent information behavior
following the initial or prior information behavior.

The outbreak of the coronavirus disease 2019 (COVID-19) in China, an infectious
disease caused by a novel virus called SARS-CoV-2, provides an optimal context to examine
the process of subsequent information behavior due to several reasons. First, people
rely heavily on adequate information, especially online information, during emergency
situations to make decisions and perform preventive behaviors [6]. Second, given that the
information about the prevention and treatment of COVID-19 as a relatively new disease
has been updated frequently as the pandemic evolves, people may need to update their
knowledge regularly through an information behavior such as information processing.
Therefore, information processing can be viewed as an ongoing process and both prior and
subsequent information processing behaviors warrant close examination. Finally, since
China is the first country that experienced the outbreak of the pandemic, those who were
involved in the pandemic had gone through the process from the initial stage of very
limited information about the disease to the stage of more abundant information about
disease prevention and treatment within the first year of the outbreak.

Given that few existing studies have examined information processing as an inde-
pendent variable to predict subsequent information behavior in a pandemic context, we
proposed a longitudinal study to address the issue. A longitudinal study design was chosen
over a cross-sectional design because it would enable us to conduct lagged analyses to estab-
lish temporal order. Applying the RISP model [2], complemented by Wilson’s information
behavior model [5], the current study has two-fold objectives, namely (a) to explain the
mechanism of subsequent information processing following prior information processing,
and (b) to explore the antecedents (e.g., prior online information processing) of subsequent
online information processing and protective behaviors among residents in China in the
context of the COVID-19 pandemic. Through the lens of information behavior as an ongo-
ing dynamic process [5], this study will explain the mechanism of the ongoing/subsequent
information behavior process, and will also shed light on the applicability of the RISP
model [2] to subsequent information processing. The following section introduces the
theoretical framework and explains why the two theoretical models, among other the-
ories, were applied to our study. Then, hypotheses have been proposed based on the
theoretical framework.

1.1. Theoretical Framework and Hypotheses

Two comprehensive frameworks to explain the mechanism of information behavior—the
RISP model [2] and Wilson’s [5] information behavior model—were applied to guide the
current study. Both models conceptualize information behavior as a continuous process
and have employed a comprehensive number of antecedents to information behavior, with
information need/sufficiency as a central motive of the information behavior [6]. The RISP
model [2] guided most of the hypotheses testing, while Wilson’s model [5] was used to
complement. Our hypotheses were mainly based on the RISP model [2] for two reasons.
First, the model is comprehensive in that it includes a variety of factors, such as cognitive
and affective factors. If a virus is relatively new, people may feel they do not know enough
about it, are unsure about the risks, and are fearful of the outbreak due to the virus’
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novelty [7]. Therefore, a comprehensive model with many important variables would be
better to help understand the information process. Second, the antecedents (e.g., relevant
hazard experience, trust in risk management) postulated in the model are unique and
applicable to the COVID-19 context. For instance, the effective control of the spread of
COVID-19 involves government policies and actions and the trust in government’s risk
management will likely influence people’s risk perception, and protective behaviors (please
see the section of “Trust in Risk Management” below).

However, the RISP model [2] did not explicitly theorize the relationship between
an individual’s prior information behavior and subsequent information behavior in the
model [8]. Wilson’s model [5] was employed as a complement because of its specification
of the route or relationship between initial information behavior, ensuing information need,
and subsequent information behavior. That is, after the initial information behavior, if the
seeker perceived the need for more information, then subsequent information is warranted.
Key constructs of the RISP model [2] were examined in our study, including risk perception,
relevant hazard experience, affect, knowledge insufficiency, and subjective norms. There
were two criteria used to include variables in the study: 1. the constructs are considered
central to the RISP model (e.g., risk perception); and 2. the constructs (e.g., trust in risk
management) were applicable to China’s pandemic context. Detailed explanations on
the RISP constructs [2] and Wilson’s model [5] variables included in our study and on
hypotheses developed from the theoretical models are presented below.

1.2. Risk Perception and Relevant Hazard Experience

As one of the central constructs of RISP [2], risk perception is influenced by relevant
hazard experience, predicts other variables (e.g., affect and information seeking [2,9]), and
is conceptualized as one’s perception of the severity and susceptibility of a disease [10,11].
Relevant hazard experience, defined as the personal experience of the same hazard or a
similar hazard [2], has been theorized as direct personal experience in the RISP model [2].
However, relevant hazard experience should be expanded to include indirect experience
with a hazard or health risk [12,13], especially during the pandemic when direct experience
is restricted to some extent because of a variety of reasons (e.g., lockdown, social distancing,
travel restriction). Indirect experience or vicarious experience [14] refers to the experience
one learns from others’ direct experience, for instance, information drawn from secondary
sources [12]. Given that the RISP model did not include indirect experience, although
highly relevant to subsequent information behavior in the pandemic context, testing the
extended RISP model [2] with expanded operationalization of relevant hazard experience
(i.e., both direct and indirect experience) is warranted.

1.3. Previous Systematic Processing as Indirect Hazard Experience

Information processing as a type of information behavior can be further categorized
into systematic and heuristic processing [2], which are two key terms of dual-process
theories [15]. Systematic processing refers to processing information in an effortful and
systematic way, whereas heuristic processing refers to processing information in an ef-
fortless and superficial way [16,17]. The two modes of information processing predict
risk perception in different ways. Specifically, individuals’ risk perception is correlated
positively with systematic processing but negatively with heuristic processing [11,18].

Systematic processing focuses on in-depth consideration of the content of messages
and can be viewed as a process of vicarious learning [14] or indirect learning. People
systematically process information online to obtain a sense of how COVID-positive patients
feel about the disease and learn the mitigation behaviors without having to personally
contract the disease [12]. During the pandemic, especially when lockdown measures
were enforced, the internet served as an important information source [19]. Therefore, the
systematic processing of online information about COVID-19, which can be conceptualized
as the process of gaining indirect hazard experience [12], is the focus of our study.
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1.4. Direct Experience, Indirect Experience, and Risk Perception

The RISP model [2] posits that direct experience predicts risk perception. Studies demon-
strated that indirect/online experience with COVID-19 predicted protective/preventive
behaviors (e.g., restricting non-essential travel, wearing face masks in public) [13,20]. In
addition, both direct and indirect experience have been documented as positive predictors
of risk perception. For instance, an extensive amount of COVID-19 information obtained
from different sources such as social media predicts risk perception (e.g., perceived suscep-
tibility and severity) [21]. Other studies found the indirect effect of social media exposure
on preventative behaviors through risk perception [22]. The relationship between system-
atic information processing as indirect experience and risk perception in the context of
COVID-19 can be hypothesized based on the positive relationship between systematic
information processing and risk perception in other contexts demonstrated in existing
literature (e.g., [23]). The following hypotheses (Hs) were proposed:

H1. Direct experience will positively predict risk perception.

H2. Prior systematic information processing behavior as indirect experience will positively predict
risk perception.

1.5. Trust in Risk Management

Trust has played an important role during the pandemic because it may influence
people’s risk perception and their behaviors in response to the pandemic (e.g., physical
distancing) [24,25]. General trust is conceptualized as “the belief that most people are
trustworthy most of the time and it is related to how much someone trusts people whom
one meets for the first time” [25]. In contrast, different types of specific trust (e.g., trust
in the government during a pandemic) are trust in specific objects and/or entities [26]
and should be distinguished from general trust, since their effects on risk perceptions and
behaviors are different [25]. Trust in risk management, a specific type of trust, defined as
“A judgment of the amount of trust the respondent has in the ability of others to prevent
the respondent from coming to harm” [2], is a predictor of risk perception. Given that such
speed and scale of COVID-19 response strategies need the involvement of government [24]
and pandemic management strategies and have been implemented by governments around
the world [27], trust in the risk management of the government or public officials becomes
an important issue. Trust in government action to control the pandemic was listed as a
reason for compliance with protective behaviors [28]. In another study, trust in public
officials predicted the likelihood of adopting prevention practices [29]. The local Chinese
government often performs tasks such as conducting risk management, providing health
recommendations, and providing guidelines in response to a pandemic. Although it is an
important factor, no study has yet systematically examined the role of trust in government
in a pandemic, especially the relationship between trust in government and risk perception,
to the best of our knowledge. To fill this gap, H3 was proposed, based on the relationship
specified in the RISP model:

H3. Higher levels of trust in local government’s risk management predict lower risk perception.

1.6. Affect

Negative affective responses (e.g., worry or fear) [2,11] are outcomes of risk perception
and subsequently predict information behaviors (e.g., information processing) [2]. That is,
when people perceive higher levels of susceptibility and/or severity of the pandemic, they
are more likely to feel worried or fearful; those affective responses are usually unpleasant
and will therefore motivate people to seek and systematically process more pandemic-
related health information and then engage in protective behaviors to reduce such negative
affect. Many studies have examined the relationship between risk perception and affect
(e.g., [7,30,31]). For instance, in a study examining the information processing during an
infectious disease (i.e., Zika) outbreak, perceived susceptibility and perceived severity were
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identified as positive predictors of negative affective responses [7]. Therefore, the following
hypotheses were proposed.

H4. Risk perception positively predicts negative affective responses.

H5. Negative affective responses positively predict systematic processing.

1.7. Knowledge Insufficiency

Information insufficiency is the knowledge needed, in addition to the existing knowl-
edge one has [2], or “perceived need for more information” [32]. Both the RISP model [2]
and Wilson’s [5] information behavior model theorize information insufficiency as an essen-
tial component. According to the RISP model [2], information insufficiency is influenced by
affective responses and predicts information behaviors (e.g., systematic processing), which
found support in empirical studies [7,8,33]. Furthermore, studies (for the list, see [2]) found
that negative affect are linked to systematic processing. In the context of COVID-19, when
people are worried about contracting the disease, they are motivated to process information
to protect themselves. When people feel they are not equipped with enough adequate
knowledge to protect themselves and others, they are also motivated to systematically pro-
cess more information related to COVID-19. In addition, according to Wilson’s [5] model,
prior information processing as indirect experience will predict future information behavior
if one finds the information is not enough. As the pandemic caused by the new virus
evolves, researchers begin to know more about the disease and its variants, the adequate
protective behaviors, and the efficacy of the vaccination and treatment. Our knowledge
of COVID-19 is changing constantly and there is always new information and scientific
knowledge to be learned. After the initial information processing behavior, one may find
there is still more to learn. Therefore, the following hypotheses were proposed.

H6. Negative affect positively predicts knowledge insufficiency.

H7. Information insufficiency positively predicts systematic information processing.

H8. Prior systematic processing as indirect experience positively predicts information insufficiency.

1.8. Subjective Norms

According to RISP, informational subjective norms represent “perceived social nor-
mative influences motivating the desire for information sufficiency” [2]. If people feel
their important others (e.g., family, friends) collectively believe that it is important to
systematically process information, they may decide to systematically process information
directly [34]; and/or based on the pressure of social influence for systematic process-
ing, they may perceive the need for more information, which then predicts systematic
processing of information [2]. The motivations to realize others’ anticipations and de-
sires in order to be socially acceptable might drive systematic processing [35,36]. Studies
have also demonstrated that informational subjective norms directly predicted systematic
processing [7]. Moreover, specific behaviors are outcomes of information behaviors [37]
and after systematically processing COVID-related health information, people may adopt
protective behaviors such as wearing a face mask. Studies have also found that informa-
tion behaviors are often associated with protective behaviors (e.g., [38]). Therefore, the
following hypotheses were proposed.

H9. Systematic processing subjective norms positively predict information insufficiency.

H10. Systematic processing subjective norms positively predict systematic information processing.

H11. Systematic information processing positively predicts protective behaviors.

The model including the hypotheses is presented in Figure 1. In addition to investigate
the mechanism of information processing at different stages, we will explore the indirect
effects with the research question (RQ) proposed below:
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RQ: What is the indirect effect between (a) direct experience, (b) indirect experience,
and (c) trust in risk management and protective behaviors?

2. Materials and Methods
2.1. Participants and Procedure

This study was approved by the Institutional Review Board at a university in China.
Participants were adults (18 and older) who resided in mainland China since the start
of the pandemic. A three-wave longitudinal online national survey was administered
among potential participants by a professional survey company (i.e., Wenjuanxing) during
the period of July 2020 to September 2020. The decision to start the survey on July 2020
was based on two facts: 1. By the end of June, COVID-19 had rapidly spread to other
countries and become a global pandemic [39]. 2. On 26 June 2020, the ACT accelerator
called for $31.1 billion to be invested for COVID-19 diagnoses, treatment research, and
vaccination development [40]. Therefore, starting from July 2020, there could be much richer
information on COVID-19, such as updated prevention guidelines, news on vaccination
development, from many different countries. The longitudinal design enables us to conduct
lagged analyses and is appropriate to examine the relationship between prior systematic
processing and subsequent systematic processing. The consent form was displayed at
the beginning of the survey. By starting the survey, the participants agreed to participate
in the study. The participants who finished the survey at time 1 (T1) were contacted to
fill out the survey at T2, and those who finished T2 survey were qualified for the survey
at T3. The interval between two surveys was two weeks, which was chosen based on
the rationale expressed in [38]. To be more specific, factors such as the dropout rate
of a longitudinal study, and the potential time needed to initiate protective behaviors
after information behaviors were considered to reduce attrition rate while simultaneously
allowing ample time for the outcome (i.e., protective behavior) of information seeking
behavior to happen [38]. The two-week period is enough for relevant behavior change
because of several reasons: 1. First, the adoption and change of information seeking or
processing behaviors and protective behaviors (e.g., “maintain 1.5–2.0 m apart when with
others outside”) would be relatively easy (compared to smoking or hazardous drinking).
2. In this new pandemic context, behavior changes are anticipated by people in general,
because, given the early death and severity rate of the new disease, people will need
the latest information to act accordingly to protect themselves and their family members.
3. Facilitating conditions of information seeking behaviors, such as smartphone and Internet
access would not be an issue. About 73% of China’s population had subscribed to mobile
Internet services as of the end of 2021 [41].
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We collected 871 responses at T1, 613 at T2, and 437 at T3, respectively. The participants
with three waves of 100% completed surveys and two correct attention check [42] items
were included for data analysis. After data cleaning, the final sample size was 365, on
which we reported the results.

2.2. Measures

For the longitudinal survey, participants’ sociodemographic variables (i.e., age, gender,
health, and education levels) were measured at T1. RISP constructs and protective behaviors
were measured at T1, and/or T2, and/or T3. The original questionnaire was in English
and was translated to Chinese. The Chinese version was then back translated into English
and was pretested before survey administration to ensure the clarity and readability of the
questionnaire. For the pretest, we invited 10 Chinese native speakers to fill out the Chinese
version of the questionnaire. Then, we asked them about the clarity and readability of
the questionnaire and made changes accordingly. We then invited another five Chinese
native speakers to fill out the revised questionnaire, and no one reported any clarity or
readability issues.

2.3. RISP Constructs

Direct experience was measured at T1 through two items adapted from existing
studies [43–45]. Sample questions include asking respondents to rate how frequently they
experienced a pandemic (e.g., SARS, H7N9 avian influenza) in the past on a 5-point scale.
Trust in risk management (T1 Cronbach’s α = 0.69) was measured at T1 by three items
adapted from [46] on a 5-point scale. Sample items included “The local government
protects people like me from these risks.” Risk perception (T1 α = 0.80), including perceived
susceptibility and perceived severity, adapted from [3,7], was measured at T1 via four items
on a 5-point scale. Sample items include “How serious are current COVID-19 threats to
your health?”. Affect, including worry and scare, adapted from [3], was measured at T1
via two items on a 5-point scale. Sample items include “Current COVID-19 risks to my
health are scary”. Knowledge insufficiency, adapted from [7,47], was measured at T1 via
one item (i.e., Think of that same 0 to 100 scale again. Estimate how much knowledge
you need to deal adequately with risks to your health). Subjective norms of systematic
processing (T1 α = 0.77), adapted from [47], were measured at T1 using four items on a
5-point scale. Sample items include “My family and friends expect me to systematically
process information about COVID-19”. Systematic information processing (T2 α = 0.72),
adapted from [7], based on [2], was measured at T1 and T2 using five items on a 5-point
scale. Sample items include “After I encounter information about COVID-19, I am likely to
stop and think about it”. Indirect experience (T1 α = 0.73) was the first wave of systematic
information processing.

2.4. Protective Behaviors

Protective behaviors (T2 α = 0.70; T3 α = 0.73), adapted from an existing study [48]
as well as based on the COVID-19 guidelines [49], were measured at T2 and T3 using
four items on a 5-point scale. Sample items include “I maintain 1.5–2.0 m apart when with
others outside.”

2.5. Analyses

To test the direct effects, path analysis was used to test the constructs (average scores
were computed for each construct) of RISP and protective behaviors, with systematic pro-
cessing and protective behaviors at T1 or T2 controlled in the analyses. Statistical software
Mplus 8.0 [50] was employed to test the relationships. In order to test indirect effects
using path analysis, direct experience, indirect experience, and trust in risk management
at T1 were exogenous variables, risk perception, subjective norms, affect, knowledge in-
sufficiency, and systematic information processing at T2 were mediators, and protective
behavior at T3 was specified as an endogenous variable. Stability paths from all T1 vari-
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ables to the same T2 variables, and from all T2 variables to the same T3 variables were
included in the model to perform lagged analyses. Bootstrapping technique, with the
number of iterations being set to 5000, was used to obtain bias-corrected 95% confidence
to test the indirect effect [51]. According to Hu and Bentler [52], a comparative fit index
(CFI) ≥ 0.95, a Tucker–Lewis index (TLI) ≥ 0.95, a root mean square error of approximation
(RMSEA) ≤ 0.06, and a standardized root mean square residual (SRMR) < 0.08 indicate
good fit of model.

3. Results
3.1. Descriptive Statistics

The mean age of the participants was 33.81 (Min = 19, Max = 73, SD = 10.64), and
46% participants were female. The majority (67.90%) of the participants had a bachelor’s
degree. Please see Table 1 for detailed descriptive statistics.

Table 1. Descriptive statistics of samples at wave 1, wave 2, and wave 3 (N = 365).

Wave 1 Wave 2 Wave 3

Age (years; M + SD) 33.81 + 10.64
Female (%) 46.00
Education (%)

Below high school 3.60
Technical or specialized school 2.70
High school 2.70
Associate degree 11.00
Bachelor’s degree 67.90
Master’s degree or above 12.10

Health (%)
Very poor 0.30
Poor 2.50
Fair 15.60
Good 64.70
Very good 17.00

Household annual income (RMB) (%)
<20,000 2.50
20,001–50,000 9.90
50,000–100,000 18.10
100,001–200,000 37.80
200,001–500,000 27.90
>500,000 3.80

Direct experience (M + SD) 3.17 + 1.09
Indirect experience (M + SD) 4.11 + 0.53
Trust in risk management (M + SD) 4.44 + 0.52
Risk perception (M + SD) 2.99 + 0.82
Affect (M + SD) 3.90 + 0.96
Knowledge insufficiency (M + SD) 77.83 + 17.20
Subjective norms (M + SD) 3.72 + 0.76
Information processing (M + SD) 4.08 + 0.52
Protective behaviors (M + SD) 3.99 + 0.75 4.04 + 0.78

3.2. Model Fit and Hypotheses Testing

The results for the overall fit of proposed model (χ2 = 71.44, df = 49, p = 0.02,
RMSEA = 0.035, CFI = 0.96, TLI = 0.95, SRMR = 0.06) indicated good fit to the data; even the
p value was significant. Direct experience (β = 0.30, p < 0.001), indirect experience (β = 0.15,
p = 0.004), but not trust in risk management (β = −0.06, p = 0.23), significantly predicted
risk perception, which supported H1 and H2 but not H3. That risk perception significantly
predicted affective responses (β = 0.54, p < 0.001) at T1 supported H4. Affect (β = 0.15,
p = 0.009), indirect experience (β = 0.33, p < 0.001), but not systematic processing subjective
norms (β = 0.11, p = 0.08), significantly predicted information insufficiency at T1, which sup-
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ported H6 and H8 but not H9. Information insufficiency (β = 0.14, p = 0.004), and subjective
norms (β = 0.20, p < 0.001), but not affect (β = −0.04, p = 0.46) at T1, significantly predicted
systematic information processing at T2 after controlling for T1 systematic information
processing; therefore, H7 and H10 were supported, but H5 was not supported. Systematic
information processing (β = 0.23, p < 0.001) at T2 significantly predicted protective behavior
at T3 after controlling for T2 protective behaviors; thus, H11 was supported. Please see
Figure 2 for the detailed results.
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3.3. Indirect Effects

Two significant indirect paths from indirect experience to protective behaviors were iden-
tified through (a) systematic processing (ES = 0.126, 95% CIs [0.055, 0.191]), and through (b) in-
sufficiency and systematic processing as serial mediators (ES = 0.011, 95% CIs [0.002, 0.026]).
All other indirect effects were not significant (see Table 2 for detailed results including
effect sizes and confidence intervals). The RQ was answered.

Table 2. Indirect effects of direct experience, indirect experience, and trust in risk management
predicting protective behaviors.

Research Question Specific Indirect Paths Mediation

Indirect Effect Size
Bias-Corrected
Bootstrapping

Confidence Intervals

Direct Experience→
Protective Behaviors

1. Direct Experience (T1)→ Risk Perception (T1)→
Systematic Processing (T2)→ Protective Behaviors (T3) −0.003 [−0.01, 0.004]

2. Direct Experience (T1)→ Risk Perception (T1)→
Affect (T1)→ Systematic Processing (T2)→ Protective
Behaviors (T3)

−0.001 [−0.005, 0.003]

3. Direct Experience (T1)→ Risk Perception (T1)→
Affect (T1)→ Insufficiency (T1)→ Systematic
Processing (T2)→ Protective Behaviors (T3)

0.001 [0.000, 0.002]

Indirect Experience→
Protective Behaviors

1. Indirect Experience (T1)→ Systematic Processing
(T2)→ Protective Behavior (T3) 0.126 [0.055, 0.191]
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Table 2. Cont.

Research Question Specific Indirect Paths Mediation

Indirect Effect Size
Bias-Corrected
Bootstrapping

Confidence Intervals

2. Indirect Experience (T1)→ Risk Perception (T1)→
Systematic Processing (T2)→ Protective Behavior (T3) −0.001 [−0.005, 0.002]

3. Indirect Experience (T1)→ Insufficiency (T1)→
Systematic Processing (T2)→ Protective Behaviors (T3) 0.011 [0.002, 0.026]

4. Indirect Experience (T1)→ Trust in Risk
Management (T1)→ Risk Perception (T1)→ Systematic
Processing (T2)→ Protective Behavior (T3)

0.000 [0.000, 0.001]

5. Indirect Experience (T1)→ Risk Perception (T1)→
Affect (T1)→ Systematic Processing (T2)→ Protective
Behaviors (T3)

−0.001 [−0.003, 0.001]

6. Indirect Experience (T1)→ Trust in Risk Perception
(T1)→ Risk Perception (T1)→ Affect (T1)→
Systematic Processing (T2)→ Protective Behaviors (T3)

0.000 [0.000, 0.001]

7. Indirect Experience (T1)→ Risk Perception (T1)→
Affect (T1)→ Insufficiency (T1)→ Systematic
Processing (T2)→ Protective Behaviors (T3)

0.000 [0.000, 0.001]

8. Indirect Experience (T1)→ Trust in Risk
Management (T1)→ Risk Perception (T1)→ Affect (T1)
→ Insufficiency (T1)→ Systematic Processing (T2)→
Protective Behaviors (T3)

0.000 [0.000, 0.000]

Trust in Risk
Management→
Protective Behaviors

1. Trust in Risk Management (T1)→ Risk Perception
(T1)→ Systematic Processing (T2)→ Protective
Behaviors

0.001 [−0.002, 0.004]

2. Trust in Risk Management (T1)→ Risk Perception
(T1)→ Affect (T1)→ Systematic Processing (T2)→
Protective Behaviors (T3)

0.000 [−0.001, 0.000]

3. Trust in Risk management (T1)→ Risk Perception
(T1)→ Affect (T1)→ Insufficient (T1)→ Systematic
Processing (T2)→ Protective Behaviors (T3)

0.000 [−0.001, 0.000]

4. Discussion
4.1. Principal Findings

In this study, guided by the RISP model [2] and Wilson’s model [5], we examined the
predictors (e.g., prior systematic processing as indirect experience) of systematic processing
and protective behaviors using a three-wave longitudinal survey. Congruent with previous
studies [7], the current study demonstrated a significant direct relationship between vari-
ables (e.g., from risk perception to affect, from affect to knowledge insufficiency, and from
norms to systematic processing).

The most important finding of the study was the key role of prior systematic informa-
tion processing as indirect experience was found to be a direct predictor of risk perception
and an indirect predictor of protective behaviors. Although previous studies found online
COVID-19 information exposure was related to preventative behaviors [20], the mecha-
nism of the relationship is unclear. Our study’s result (i.e., prior systematic information
processing indirectly predicted protective behavior through a set of mediators) provided a
possible explanation of the mechanism: people may systematically process the information
through information exposure, which leads to information insufficiency perception and
subsequent systematic information processing, and then leads to protective behaviors.
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Another important finding of the study was the central role of information insufficiency
as a mediator/driving force in subsequent systematic information processing and protective
behavior. Previous studies have demonstrated the importance of risk perception, affect,
knowledge insufficiency, and subjective norms, as mediators of information behaviors
based on cross-sectional analyses [7], but not as mediators in longitudinal studies; in
addition, previous studies did not test the relationship between prior systematic processing
and subsequent systematic processing. Our study’s result (i.e., indirect effect: indirect
experience to insufficiency to systematic processing to protective behavior) demonstrated
the essential role of information sufficiency in subsequent systematic processing and
suggested that the mechanism of prior systematic processing process may be different from
subsequent systematic processing process. For initial systematic processing, people with
little knowledge about the disease feel fearful or worried about the disease and those factors
(e.g., affect, and information insufficiency) are the driving force of the information behavior,
whereas the driving force for subsequent processing is information insufficiency because
they already accumulated some but not enough knowledge through the previous round
of the information behavior experience. As people gain more experience in information
processing through subsequent information behaviors, the factors (e.g., affect, social norms)
are no longer as important as they are in the initial information processing, and the existing
limited knowledge about COVID-19 will motivate people to know more about the disease
and then continue follow-up information behaviors. Even if people still hold negative
affect towards COVID-19, it is unlikely they will continue further information processing if
they think they possess sufficient information about COVID-19.

Trust in risk management, a variable highly relevant to the pandemic context and an
understudied variable, however, did not significantly predict risk perception directly (H3),
nor did it predict protective behaviors indirectly in our model. Our interpretation is that
trust in risk management can be an important predictor of initial information behaviors,
but our study focused on explaining subsequent information behaviors. Trust in risk
management may not be a driving force of subsequent information behaviors. Alternatively,
it might be a key predicting factor for subsequent information behaviors, but it lacked
variability in our data and people’s trust in risk management during COVID-19 was all
relatively high in China. Therefore, more studies are needed to test the role of trust in risk
management. The fact that H5 (from affect to systematic processing) was not supported but
H7 (from knowledge insufficiency to systematic processing) was supported indicated the
aforementioned central role of information insufficiency. The fact that H9 (from norms to
knowledge insufficiency) was not supported but H8 (from indirect experience to knowledge
insufficiency) was supported indicated the aforementioned key role of prior systematic
information processing.

4.2. Theoretical and Practical Implications

The findings of the current study advance the theoretical frameworks from three per-
spectives. First, relevant hazard experience, as a construct of RISP [2], should be expanded
to conceptually include both direct and indirect experience. Although there are many
ways to obtain indirect experience, indirect experience can be operationalized as systematic
information processing online, especially given the pandemic context where confinement
is recommended for a long period of time. Second, as indicated by Wilson’s model [5]
and the results of our study, a feedback loop should be included in the RISP model [2]
to highlight the ongoing feature of information behaviors. Considering that information
behaviors are an ongoing process, a potential feedback loop is from information behaviors
to information insufficiency. That is, if prior information behavior leads to the perception
of information insufficiency, future information behavior may be warranted. Third, the
mechanism of subsequent systematic information processing can be different from that
of prior systematic information processing in that the mediators of the processes can be
different; for subsequent information processing, information insufficiency, as a mediator,
plays the key role in determining future information behaviors.
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The findings also have practical implications. With the goal of protecting people from
contracting COVID-19 and exercising protective behaviors, measures and strategies that
emphasize the importance of ongoing systematic information processing and help motivate
people to systematically process online information from credible sources should be pro-
moted. For instance, for credible health information websites (e.g., CDC, WebMD), a section
on the importance and the potential benefits of ongoing systematic information processing
can be provided. Given that mass media were indicated as the dominant information
source for the pandemic [53], the importance of ongoing systematic information process-
ing can be highlighted on television news and online newspapers. Another important
practical implication is highlighting the possibility of information insufficiency, given the
ever-changing and evolving nature of the new pandemic, when communicating COVID-19
information to the public. Practically, health websites can communicate the possibility of
information insufficiency to its readers by providing a highlighted note at the beginning of
the key health information section, despite the disparities in online COVID-19 information
seeking [54]. For instance, “Note: Please remember to come back regularly to check for
most up-to-date health information, given COVID-19 is a new disease and information on
prevention and treatment will be updated frequently as the pandemic evolves.” In addition,
official and trusted news sources can include experts and scientists’ perspectives to help
disseminate updated scientific knowledge and avoid the spread of misinformation [55].
Thus, continuous and ongoing information behaviors such as systematic processing should
be encouraged, which was found to motivate protective behaviors.

4.3. Limitations and Future Research

Our study has several limitations. First, the study was conducted using non-probability
sampling, although we used a professional survey company to collect data nationally. There-
fore, the sample might not be representative of the population. Future studies could replicate
the current study using probability sampling. Second, the RISP model [2] has included other
important constructs (e.g., perceived channel beliefs and information gathering capacity)
that were not examined in this study. Future studies could test the role of those variables
in subsequent information behaviors. In addition, studies (e.g., [56]) have indicated that
people’s socioeconomic status (SES) is related to the adoption of preventive behaviors.
Therefore, in future studies, we will examine the role of demographic factors (e.g., SES) in
the process of ongoing systematic information seeking and preventive behaviors.

5. Conclusions

In sum, guided by the RISP model [2] and Wilson’s [5] model, this study is among the
first endeavors to examine the role of prior systematic information processing as indirect
experience in predicting subsequent systematic information processing and protective
behaviors using a longitudinal design. The study has made unique contributions in that it
extends the scholarship on health information behaviors in two ways. First, the results of
the study highlight that the conceptualization of relevant hazard experience in the RISP
model [2] should be expanded to include both direct and indirect experience, rather than
just focusing on direct experience. Second, our study has provided the mechanism to
explain subsequent systematic information processing in which information insufficiency
plays an important role. Our study also provides practical implications on health/risk
communication and protective behaviors’ promotion in the pandemic context.

Author Contributions: W.C. and Q.Y. conceived the study. X.Z., Q.Y. and W.C. conducted participant
recruitment and data collection. W.C. and Q.Y. analyzed the data and drafted the manuscript. All
authors interpreted the results and revised the manuscript critically. All authors have read and agreed
to the published version of the manuscript.

Funding: This work was supported in part by the Soft Science Research Project of Department
of Science and Technology of Jilin Province (grant 20180418083FG to X.Z.) and by University and
Enterprise Joint Project of Jilin University (grant SKH2022372 to X.Z.).



Int. J. Environ. Res. Public Health 2023, 20, 4041 13 of 15

Institutional Review Board Statement: The study was conducted in accordance with the Declaration
of Helsinki, and approved by the Institutional Review Board (or Ethics Committee) of Jilin University
(protocol code 2020-07-19; date of approval: 7 July 2020).

Informed Consent Statement: Informed consent was obtained from all subjects involved in the study.

Data Availability Statement: The data presented in this study are available on request from the
corresponding author. The data are not publicly available due to participant privacy concerns.

Conflicts of Interest: The authors declare no conflict of interest.

References
1. Fisher, K.E.; Julien, H. Information behavior. Annu. Rev. Inf. Sci. Technol. 2009, 43, 1–73. [CrossRef]
2. Griffin, R.J.; Dunwoody, S.; Neuwirth, K. Proposed model of the relationship of risk information seeking and processing to the

development of preventive behaviors. Environ. Res. 1999, 80 Pt 2, S230–S245. [CrossRef] [PubMed]
3. Kahlor, L. PRISM: A planned risk information seeking model. Health Commun. 2010, 25, 345–356. [CrossRef] [PubMed]
4. Kuhlthau, C.C. Seeking Meaning: A Process Approach to Library and Information Services; Ablex: Norwood, NJ, USA, 1993.
5. Wilson, T.D. Models in information behavior research. J. Doc. 1999, 55, 249–270. [CrossRef]
6. Gutteling, J.M.; de Vries, P.W. Determinants of Seeking and Avoiding Risk-Related Information in Times of Crisis. Risk Anal.

2017, 37, 27–39. [CrossRef]
7. Hubner, A.Y.; Hovick, S.R. Understanding Risk Information Seeking and Processing during an Infectious Disease Outbreak: The

Case of Zika Virus. Risk Anal. 2020, 40, 1212–1225. [CrossRef]
8. Kim, H.K.; Ahn, J.; Atkinson, L.; Kahlor, L.A. Effects of COVID-19 Misinformation on Information Seeking, Avoidance, and

Processing: A Multicountry Comparative Study. Sci. Commun. 2020, 42, 586–615. [CrossRef]
9. Huang, Y.; Yang, C. A metacognitive approach to reconsidering risk perceptions and uncertainty: Understanding information

seeking during COVID-19. Sci. Commun. 2020, 42, 616–642. [CrossRef]
10. Yang, Z.J.; Aloe, A.M.; Feeley, T.H. Risk information seeking and processing model: A meta-analysis. J. Commun. 2014, 64, 20–41.

[CrossRef]
11. Yang, Z.J. Altruism during Ebola: Risk Perception, Issue Salience, Cultural Cognition, and Information Processing. Risk Anal.

2016, 36, 1079–1089. [CrossRef]
12. Schumann, R.L.; Ash, K.D.; Bowser, G.C. Tornado Warning Perception and Response: Integrating the Roles of Visual Design,

Demographics, and Hazard Experience. Risk Anal. 2018, 38, 311–332. [CrossRef] [PubMed]
13. Shao, W.; Hao, F. Understanding American Public Support for COVID-19 Risk Mitigation: The Role of Political Orientation, Socio-

Demographic characteristics, Personal Concern, and Experience, the United States, 2020. Int. J. Public Health 2021, 66, 1604037.
[CrossRef] [PubMed]

14. Bandura, A. Social Learning Theory; Prentice Hall: Englewood Cliffs, NJ, USA, 1977.
15. Eagly, A.H.; Chaiken, S. Process theories of attitude formation and change: The elaboration likelihood and heuristic-systematic

models. In The Psychology of Attitudes; Eagly, A.H., Chaiken, S., Eds.; Harcourt Brace: Orlando, FL, USA, 1993; pp. 303–350.
16. Chaiken, S.; Liberman, A.; Eagly, A. Heuristic and systematic processing within and beyond the persuasion context. In

Unintended Thought; Veleman, J.S., Bargh, J.A., Eds.; Guilford: New York, NY, USA, 1989; pp. 212–252.
17. Kahlor, L.; Dunwoody, S.; Griffin, R.J.; Neuwirth, K.; Giese, J. Studying heuristic-systematic processing of risk communication.

Risk Anal. 2003, 23, 355–368. [CrossRef] [PubMed]
18. Trumbo, C.W. Information processing and risk perception: An adaptation of the heuristic-systematic model. J. Commun.

2002, 52, 367–382. [CrossRef]
19. Miller, L.M.; Bell, R.A. Online health information seeking: The influence of age, information trustworthiness, and search

challenges. J. Aging Health 2012, 24, 525–541. [CrossRef]
20. Liu, P.L. COVID-19 Information Seeking on Digital Media and Preventive Behaviors: The Mediation Role of Worry. Cyberpsychol. Behav.

Soc. Netw. 2020, 23, 677–682. [CrossRef]
21. Lin, Y.; Hu, Z.; Alias, H.; Wong, L.P. Influence of Mass and Social Media on Psychobehavioral Responses among Medical

Students during the Downward Trend of COVID-19 in Fujian, China: Cross-Sectional Study. J. Med. Internet Res. 2020, 22, e19982.
[CrossRef]

22. Oh, S.H.; Lee, S.Y.; Han, C. The Effects of Social Media Use on Preventive Behaviors during Infectious Disease Outbreaks: The
Mediating Role of Self-relevant Emotions and Public Risk Perception. Health Commun. 2021, 36, 972–981. [CrossRef]

23. Tortosa-Edo, V.; López-Navarro, M.A.; Llorens-Monzonís, J.; Rodríguez-Artola, R.M. The antecedent role of personal envi-
ronmental values in the relationships among trust in companies, information processing and risk perception. J. Risk Res.
2014, 17, 1019–1035. [CrossRef]

24. Balog-Way, D.H.P.; McComas, K.A. COVID-19: Reflections on trust, tradeoffs, and preparedness. J. Risk Res. 2020, 23, 838–848.
[CrossRef]

http://doi.org/10.1002/aris.2009.1440430114
http://doi.org/10.1006/enrs.1998.3940
http://www.ncbi.nlm.nih.gov/pubmed/10092438
http://doi.org/10.1080/10410231003775172
http://www.ncbi.nlm.nih.gov/pubmed/20512716
http://doi.org/10.1108/EUM0000000007145
http://doi.org/10.1111/risa.12632
http://doi.org/10.1111/risa.13456
http://doi.org/10.1177/1075547020959670
http://doi.org/10.1177/1075547020959818
http://doi.org/10.1111/jcom.12071
http://doi.org/10.1111/risa.12526
http://doi.org/10.1111/risa.12837
http://www.ncbi.nlm.nih.gov/pubmed/28666067
http://doi.org/10.3389/ijph.2021.1604037
http://www.ncbi.nlm.nih.gov/pubmed/34335147
http://doi.org/10.1111/1539-6924.00314
http://www.ncbi.nlm.nih.gov/pubmed/12731819
http://doi.org/10.1111/j.1460-2466.2002.tb02550.x
http://doi.org/10.1177/0898264311428167
http://doi.org/10.1089/cyber.2020.0250
http://doi.org/10.2196/19982
http://doi.org/10.1080/10410236.2020.1724639
http://doi.org/10.1080/13669877.2013.841726
http://doi.org/10.1080/13669877.2020.1758192


Int. J. Environ. Res. Public Health 2023, 20, 4041 14 of 15

25. Siegrist, M.; Luchsinger, L.; Bearth, A. The Impact of Trust and Risk Perception on the Acceptance of Measures to Reduce
COVID-19 Cases. Risk Anal. 2021, 41, 787–800. [CrossRef] [PubMed]

26. Siegrist, M.; Gutscher, H.; Earle, T.C. Perception of risk: The influence of general trust, and general confidence. J. Risk Res.
2005, 8, 145–156. [CrossRef]

27. Habersaat, K.B.; Betsch, C.; Danchin, M.; Sunstein, C.R.; Böhm, R.; Falk, A.; Brewer, N.T.; Omer, S.B.; Scherzer, M.; Sah, S.; et al.
Ten considerations for effectively managing the COVID-19 transition. Nat. Hum. Behav. 2020, 4, 677–687. [CrossRef] [PubMed]

28. Carlucci, L.; D’Ambrosio, I.; Balsamo, M. Demographic and Attitudinal Factors of Adherence to Quarantine Guidelines during
COVID-19: The Italian Model. Front Psychol. 2020, 11, 559288. [CrossRef]

29. Lin, L.; Savoia, E.; Agboola, F.; Viswanath, K. What have we learned about communication inequalities during the H1N1
pandemic: A systematic review of the literature. BMC Public Health. 2014, 14, 484. [CrossRef]

30. Ferrer, R.A.; Klein, W.M.P. Risk perceptions and health behavior. Curr. Opin. Psychol. 2015, 5, 85–89. [CrossRef]
31. Li, J.; Zheng, H. Online Information Seeking and Disease Prevention Intent during COVID-19 Outbreak. J. Mass Commun. Q.

2020, 99, 69–88. [CrossRef]
32. Ahn, J.; Kahlor, L.A. No Regrets When It Comes to Your Health: Anticipated Regret, Subjective Norms, Information Insufficiency

and Intent to Seek Health Information from Multiple Sources. Health Commun. 2019, 35, 1295–1302. [CrossRef]
33. Yang, J.Z.; Liu, Z.; Wong, J.C. Information seeking and information sharing during the COVID-19 pandemic. Commun. Q.

2021, 70, 1–21. [CrossRef]
34. Ajzen, I.; Sexton, J. Depth of processing, belief congruence, and attitude-behavior correspondence. In Dual-Process Theories in

Social Psychology; Chaiken, S., Trope, Y., Eds.; The Guilford Press: New York, NY, USA, 1999; pp. 117–138.
35. Yang, Z.J.; McComas, K.; Gay, G.; Leonard, J.P.; Dannenberg, A.J.; Dillon, H. From information processing to behavioral intentions:

Exploring cancer patients’ motivations for clinical trial enrollment. Patient Educ. Couns. 2010, 79, 231–238. [CrossRef]
36. Ajzen, I. The Theory of Planned Behavior. Organ. Behav. Hum. Decis. Process 1991, 50, 179–211. [CrossRef]
37. Lambert, S.D.; Loiselle, C.G. Health Information—Seeking Behavior. Qual. Health Res. 2007, 17, 1006–1019. [CrossRef]
38. Yang, Q.; Wu, S. Air pollution in China: Health information seeking and protective behaviors. Health Promot. Int.

2020, 35, 1495–1506. [CrossRef] [PubMed]
39. World Health Organization. Coronavirus Disease (COVID-19) Pandemic. 2020. Available online: https://www.who.int/europe/

emergencies/situations/covid-19 (accessed on 19 September 2022).
40. World Health Organization. ACT-Accelerator. Invest Now to Change the Course of the COVID-19 Pandemic. 2020. Available

online: https://www.who.int/docs/default-source/coronaviruse/act-consolidated-investment-case-at-26-june-2020-%28vf%
29.pdf (accessed on 19 September 2022).

41. Statista. Mobile Internet in China—Statistics & Facts. Lai Lin Thomala. 2022. Available online: https://www.statista.com/topics/
5993/mobile-internet-in-china/#topicHeader__wrapper (accessed on 19 September 2022).

42. Berinsky, A.J.; Margolis, M.F.; Sances, M.W. Separating the Shirkers from the Workers? Making Sure Respondents Pay Attention
on Self-Administered Surveys. Am. J. Political Sci. 2013, 58, 739–753. [CrossRef]

43. Li, Y.; Guo, Y. Be proactive for better decisions: Predicting information seeking in the context of earthquake risk. Int. J. Disaster
Risk Reduct. 2016, 19, 75–83. [CrossRef]

44. Kung, Y.W.; Chen, S.H. Perception of earthquake risk in Taiwan: Effects of gender and past earthquake experience. Risk Anal.
2012, 32, 1535–1546. [CrossRef]

45. Lindell, M. North American Cities at Risk: Household Responses to Environmental Hazards. In Cities at Risk Advances in Natural
and Technological Hazards Research; Joffe, H.R.T., Adams, J., Eds.; Springer: Dordrecht, Germany, 2013.

46. Huurne, E.T.; Gutteling, J. Information needs and risk perception as predictors of risk information seeking. J. Risk Res.
2008, 11, 847–862. [CrossRef]

47. Yang, Z.J.; Kahlor, L. What, me worry? The role of affect in information seeking and avoidance. Sci. Commun. 2012, 35, 189–212.
[CrossRef]

48. Reynolds, D.L.; Garay, J.R.; Deamond, S.L.; Moran, M.K.; Gold, W.; Styra, R. Understanding, compliance and psychological
impact of the SARS quarantine experience. Epidemiol. Infect. 2008, 136, 997–1007. [CrossRef]

49. World Health Organization. Advice for the Public: Coronavirus Disease (COVID-19). 2021. Available online: www.who.int/
emergencies/diseases/novel-coronavirus-2019/advice-for-public (accessed on 19 September 2022).

50. Muthén, L.K.; Muthén, B.O. Mplus: Statistical Analysis with Latent Variables: User’s Guide, 8th ed.; Muthén & Muthén:
Los Angeles, CA, USA, 2017.

51. Preacher, K.J.; Hayes, A.F. Contemporary approaches to assessing mediation in communication research. In The Sage Sourcebook of
Advanced Data Analysis Methods for Communication Research; Hayes, A.F., Ed.; Sage: London, UK, 2008; pp. 13–54.

52. Hu, L.; Bentler, P.M. Cutoff criteria for fit indexes in covariance structure analysis: Conventional criteria versus new alternatives.
Struct. Equ. Model. A Multidiscip. J. 1999, 6, 1–55. [CrossRef]

53. Tran, B.X.; Dang, A.K.; Thai, P.K.; Le, H.T.; Le, X.T.T.; Do, T.T.T.; Nguyen, T.H.; Pham, H.Q.; Phan, H.T.; Vu, G.T.; et al. Coverage
of Health Information by Different Sources in Communities: Implication for COVID-19 Epidemic Response. Int. J. Environ. Res.
Public Health 2020, 17, 3577. [CrossRef] [PubMed]

http://doi.org/10.1111/risa.13675
http://www.ncbi.nlm.nih.gov/pubmed/33438218
http://doi.org/10.1080/1366987032000105315
http://doi.org/10.1038/s41562-020-0906-x
http://www.ncbi.nlm.nih.gov/pubmed/32581299
http://doi.org/10.3389/fpsyg.2020.559288
http://doi.org/10.1186/1471-2458-14-484
http://doi.org/10.1016/j.copsyc.2015.03.012
http://doi.org/10.1177/1077699020961518
http://doi.org/10.1080/10410236.2019.1626535
http://doi.org/10.1080/01463373.2021.1995772
http://doi.org/10.1016/j.pec.2009.08.010
http://doi.org/10.1016/0749-5978(91)90020-T
http://doi.org/10.1177/1049732307305199
http://doi.org/10.1093/heapro/daaa017
http://www.ncbi.nlm.nih.gov/pubmed/32211759
https://www.who.int/europe/emergencies/situations/covid-19
https://www.who.int/europe/emergencies/situations/covid-19
https://www.who.int/docs/default-source/coronaviruse/act-consolidated-investment-case-at-26-june-2020-%28vf%29.pdf
https://www.who.int/docs/default-source/coronaviruse/act-consolidated-investment-case-at-26-june-2020-%28vf%29.pdf
https://www.statista.com/topics/5993/mobile-internet-in-china/#topicHeader__wrapper
https://www.statista.com/topics/5993/mobile-internet-in-china/#topicHeader__wrapper
http://doi.org/10.1111/ajps.12081
http://doi.org/10.1016/j.ijdrr.2016.08.008
http://doi.org/10.1111/j.1539-6924.2011.01760.x
http://doi.org/10.1080/13669870701875750
http://doi.org/10.1177/1075547012441873
http://doi.org/10.1017/S0950268807009156
www.who.int/emergencies/diseases/novel-coronavirus-2019/advice-for-public
www.who.int/emergencies/diseases/novel-coronavirus-2019/advice-for-public
http://doi.org/10.1080/10705519909540118
http://doi.org/10.3390/ijerph17103577
http://www.ncbi.nlm.nih.gov/pubmed/32443712


Int. J. Environ. Res. Public Health 2023, 20, 4041 15 of 15

54. Yang, Q.; Cao, W. Health disparities in online COVID-19 information seeking and protective behaviors: A two-wave longitudinal
study. Health Commun. 2022, 37, 1534–1543. [CrossRef] [PubMed]

55. Zhou, J.; Ghose, B.; Wang, R.; Wu, R.; Li, Z.; Huang, R.; Feng, D.; Feng, Z.; Tang, S. Health Perceptions and Misconceptions
Regarding COVID-19 in China: Online Survey Study. J. Med. Internet Res. 2020, 22, e21099. [CrossRef] [PubMed]

56. Ye, Y.; Wu, R.; Ge, Y.; Wang, T.; Yao, X.; Yang, Y.; Long, C.; Chen, F.; Tang, S.; Huang, R. Preventive behaviours and family
inequalities during the COVID-19 pandemic: A cross-sectional study in China. Infect. Dis. Poverty 2021, 10, 100. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

http://doi.org/10.1080/10410236.2022.2056980
http://www.ncbi.nlm.nih.gov/pubmed/35410563
http://doi.org/10.2196/21099
http://www.ncbi.nlm.nih.gov/pubmed/33027037
http://doi.org/10.1186/s40249-021-00884-7

	Introduction 
	Theoretical Framework and Hypotheses 
	Risk Perception and Relevant Hazard Experience 
	Previous Systematic Processing as Indirect Hazard Experience 
	Direct Experience, Indirect Experience, and Risk Perception 
	Trust in Risk Management 
	Affect 
	Knowledge Insufficiency 
	Subjective Norms 

	Materials and Methods 
	Participants and Procedure 
	Measures 
	RISP Constructs 
	Protective Behaviors 
	Analyses 

	Results 
	Descriptive Statistics 
	Model Fit and Hypotheses Testing 
	Indirect Effects 

	Discussion 
	Principal Findings 
	Theoretical and Practical Implications 
	Limitations and Future Research 

	Conclusions 
	References

