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Abstract: The COVID-19 pandemic has demonstrated that social media can impact society both posi-
tively (e.g., keeping citizens connected and informed) and negatively (e.g., the deliberate spreading of
misinformation). This study aims to examine the underlying mechanisms of the relationship between
official social media accounts and the infodemic, experienced during the first wave of COVID-19
in China. A theoretical model is proposed to examine how official social media accounts affected
the infodemic during this period. In total, 1398 questionnaire responses were collected via WeChat
and Tencent QQ, two leading Chinese social media platforms. Data analysis was conducted using
Partial Lease Squares Structural Equation Modeling (PLS-SEM), moderation effect analysis, and
mediation effect analysis. Results indicate that the Information Quality (IQ) of Official social media
accounts (β = −0.294, p < 0.001) has a significant negative effect on the infodemic. Mediation effect
analysis revealed that both social support (β =−0.333, 95% Boot CI (−0.388,−0.280)) and information
cascades (β = −0.189, 95% Boot CI (−0.227, −0.151)) mediate the relationship between IQ and the
infodemic. Moderation effect analysis shows that private social media usage (F = 85.637, p < 0.001)
positively moderates the relationship between IQ and the infodemic, while health literacy has a small
negative moderation effect on the relationship between IQ and the infodemic. Our findings show that,
in the context of Chinese media, official social media accounts act as a major source of information
for influencing the infodemic through increasing social support and reducing information cascades
for citizens.

Keywords: COVID-19 infodemic; official social media; information cascades; social support; public
health emergency

1. Introduction

The COVID-19 pandemic has proven how social media can quickly create a parallel
infodemic, impacting the health and wellbeing of global citizens and posing a challenge
for the delivery of public health services, worldwide [1]. The World Health Organization
(WHO) defines the term ‘infodemic’ as ‘an overabundance of information’, some of which is
accurate and some not, which makes it difficult for citizens to identify trustworthy sources
of information and reliable guidance [2]. At the start of the pandemic, citizens’ consumption
of news increased by 62% [3], with many being exposed to mass amounts of misinformation
and fake news as they searched for information relating to COVID-19 [4,5]. An infodemic
typically includes the dissemination of unclear and unreliable messages, rumors, and
fake news, which affects the penetration of public health communication and causes mass
anxiety and social panic, ultimately impeding effective crisis management [6–8]. In China,
in the early stage of the pandemic, false information spread rapidly on social media [9],
causing serious difficulties in managing the disease [10]. Combating COVID-19 requires
the combined efforts of multiple stakeholders who disseminate accurate and authoritative
information through different media channels in a timely manner [11,12]. For example,
governments and public health agencies should provide up-to-date reliable information
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on COVID-19 and emotional support to citizens in order to reduce public anxiety and
uncertainty [13]. There is a societal need for accurate information to be corroborated
quickly to prevent the spread of misinformation resulting in mass panic [14]. Official
social media accounts, such as those managed by governments, serve as an ideal medium
for facilitating communication between official sources and citizens during public health
crises [15], but their strict control invalidating and disseminating information may inhibit
fast and effective dissemination and lead to public distrust towards such organizations [16].

Many scholars have noted the widespread adoption of the term ‘infodemic’ by the
research community [17]. However, the term still requires some clarification, especially
in terms of how it is measured, which is still not fully understood. To address this short-
coming, this study provides a measurement for the current and future infodemic. Previous
infodemic studies have focused predominantly on how to control them, such as minimizing
the spread of fake news, misinformation, and rumors, as well as controlling their impact on
citizens’ psychological health [18,19]. However, a critical question remains: How do official
social media accounts affect the infodemic? The aim of this study, therefore, is multifold.
First, we aim to create a conceptual framework and provide practical implications for re-
ducing the severity of an infodemic and, second, we aim to explore the possible relationship
between official social media accounts and the infodemic, in the context of public health
crises. By doing so, this study contributes to both the processing of health information on
official social media accounts and the understanding of how to respond to an infodemic.

2. Literature Review and Hypotheses
2.1. Theoretical Basis

The Social-Mediated Crisis Communication (SMCC) model is widely used to study
how and why citizens communicate about crises, especially in terms of how different
sources and forms of initial crisis information are exposed and affect follow-up crisis
communication. Similarly, it describes the relationships between organizations, citizens,
social media, and traditional media, during and after crises have occurred [20]. Some
researchers have used the SMCC model to explore how citizens cope with risk information
disseminated by governments, such as their information processing behaviors, changes
in emotions, and protective behaviors [21]. The SMCC model focuses on the format and
sources of information, and social media effectiveness to improve social resilience. Further,
it suggests that citizens use social media to meet their untapped social needs, such as to vent,
socialize with friends and family, seek information, and to obtain emotional support [22].
The emotional support provided to citizens through different media sources can directly
affect their feelings and their responses [23], and one important factor of socialization is
communication through social media [24].

The SMCC model categorizes information sources into either official (i.e., from public
organizations, such as governments, which share crisis information with citizens) or a
third party (i.e., members of the public or groups of citizens that share unverified crisis
information with other citizens) [25]. Information posted by official sources that has been
verified is key to establishing credibility and trust among citizens [26], but the COVID-19
infodemic resulted in the frequent sharing of misleading information and false claims,
such as the sharing of pseudo-scientific therapies, and discussions about the origin and
spread of the disease [27]; these activities can undermine public trust in governments. A
previous study in India found that focusing on Twitter sentiment was an important crisis
management strategy [28]. Therefore, to reduce the harm caused by public health crises,
government agencies and public health organizations can use social media to help deal
with the dissemination of crisis information [29].

Extant research shows that government social media accounts are an important infor-
mation source for promoting citizen engagement during COVID-19 [30]. We posit, therefore,
that official social media accounts are a key facilitator in successfully communicating with
citizens and act as an important information source and provider of emotional support.
During the first wave of the COVID-19 pandemic in China, citizens knew very little about
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the disease, causing mass panic and anxiety. If an information source is unofficial with low
information quality, it can affect the emotions of citizens and lead to an infodemic, which
is shown as important variables (e.g., official social media, social support, and infodemic)
in the theoretical model. However, the SMCC model does not mention the variable of
information cascades. When citizens know little about a crisis, information cascades can
easily occur. During the initial stage of the pandemic, citizens knew very little about
COVID-19, so we have, therefore, introduced the variable, information cascades, into our
theoretical model based on the SMCC model.

2.2. Social Media in Public Health Crises (Official and Private) and the Infodemic

During the COVID-19 pandemic, governments imposed frequent lockdowns with
the aim of controlling the spread of the COVID-19 disease. During these times, citizens
used social media more frequently than usual [31,32], becoming compulsive and often
demonstrating an addictive behavior [33]. The information posted on social media acted as
a double-edged sword. First, verified information relieved citizens’ panic and anxiety and
motivated them in the fight against COVID-19 [34]. Secondly, however, as the amount of
information available grew, citizens became unsure about whether the information they
were viewing was, in fact, true [35].

Throughout the lockdowns, social media and the Internet acted as a main source
of information for citizens [36,37], with social media use rapidly increasing during the
crisis [38]. Communication during the pandemic was characterized by knowledge com-
munities, organized into hierarchies of subgroups with clear geopolitical and ideological
characteristics [39]. Citizens used social media to obtain health-related information, such
as to learn about necessary control measures, disseminate the latest information about the
pandemic, and listen to critical announcements [40]. However, content posted to social
media was not always censored like the state-controlled media [41]; this ultimately affected
the spread of anxiety and fear among citizens [42].

As the pandemic evolved, information related to COVID-19 received far greater at-
tention than non-COVID-19 information on commercial social media platforms [43]. The
infodemic started to portray the characteristics of repeated fluctuations [44,45], result-
ing in vast amounts of misinformation and fake news, demonstrating different types of
reconfigured and fabricated content and dubious ideas [46]. The emergence of new mo-
bile platforms heightened the infodemic during the pandemic [47]. Media coverage also
affected citizens’ psychological state [48], while information exposure affected citizens’
trust in governments, especially their experiences of lockdown measures [49]. During the
initial stage of the pandemic, official social media accounts played an important role in
disseminating authoritative information about COVID-19, which resulted in a reduction in
uncertainty. Based on this, we propose the following hypothesis:

Hypothesis 1 (H1). The information quality of official social media accounts has a significant
negative effect on the infodemic.

2.3. Information Cascades and the Infodemic

As rumors and false information started to spread on social media, citizens’ imitation
behaviors began to influence information diffusion. Similarly, it triggered uncertainty
and fluctuation [50], resulting in information cascades. Individuals with limited official
information become reliant on the collective opinions of others as a reference to making
their own decisions [19]. Information dissemination, therefore, quickly becomes a dynamic
process in which one group imposes their ideas on another group and maintains them,
stereotyping the negative characteristics of the group and thus covering up the other
characteristics. When negative messages, conveyed by earlier rejection, begin to DOWN
cascade, a person may become stigmatized [51].

Disturbances experienced during the initial stage of anxiety-related information pro-
cessing may lead to subsequent cascades of processing biases [52]. Peer rejection and
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information processing problems may also have interactive influence, which can lead to
intentions to spread rumors [53]. Among investors with a public profile, information
cascades increase the offer appeal to early-stage investors who, in turn, attract later-stage
investors [54]. Internet users usually imitate other users’ behaviors online, regardless of
their own messages [55], which is what happened during the initial stage of the pandemic.
Based on this, we propose the following hypotheses:

Hypothesis 2 (H2). Information cascades have a significant positive effect on the infodemic.

Hypothesis 3 (H3). Information cascades have a mediation effect on the relationship between IQ
and the infodemic.

2.4. Social Support and the Infodemic

The level of social support experienced by citizens affects their mental health far
more than the actual structure of personal networks [56]. Social support refers to the
feeling of being valued and cared for by a network [57], and is described as the support
an individual receives through social connections with other individuals, groups, and
the larger community [58], which, in turn, reduces anxiety and panic [59]. Adolescents
suffering from severe mental health problems often experience low to medium levels of
social support [60]. During the COVID-19 pandemic, citizens who self-isolated experienced
significantly higher rates of loneliness and depression than those who did not, with some
studies finding that social support is significantly associated with poorer sleep quality and
an increased risk of depression [61]. During the outbreak of COVID-19, citizens experienced
severe lockdown measures, which limited their social contact with others. As a result,
the rates of loneliness, stress, worry, and anxiety grew rapidly [62], which necessitated
increased social support. This resulted in some citizens sharing fake news online for
different reasons; for example, to seek social support to reduce anxiety [63]. Based on this,
we propose the following hypotheses:

Hypothesis 4 (H4). Social support has a significant negative effect on the infodemic.

Hypothesis 5 (H5). Social support has a mediation effect on the relationship between IQ and
the infodemic.

2.5. Mediation and Moderation Variables and the Infodemic

Social media use, low e-health literacy, and rapid publishing processes are cited as
major contributors to the COVID-19 infodemic [1]. Citizens that frequently use social
media can experience information overload, which has a significant effect on their mental
health [18,64]. Excessive use of social media to seek COVID-19 information may also lead to
depression and anxiety [59]. Some people experience difficulties in finding and evaluating
information [36], which becomes more serious during public health crises. Ultimately,
the COVID-19 infodemic highlighted the poor health literacy of global citizens, which
is defined as the cognitive ability of people. During the pandemic, health literacy was
perceived as important for preventing COVID-19 with governments investing heavily in
education and improved communication [65]. The perceived threat of COVID-19, lower
levels of digital health literacy, and rejection of official government social media led to
higher levels of COVID-19 misinformation [66]. In this regard, it is understood that health
literacy and private social media use may indirectly affect the infodemic. Based on this, we
propose the following hypotheses:

Hypothesis 6 (H6). Private social media use moderates the relationship between IQ and the infodemic.

Hypothesis 7 (H7). Health literacy moderates the relationship between IQ and the infodemic.
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Based on these hypotheses, this study aims to examine the effect of official social media
accounts on the infodemic during the first wave of COVID-19 in China. Figure 1 presents
our theoretical model. Specifically, we aim to understand how information cascades and
social support mediate the relationship between official social media accounts and the
infodemic. Moreover, how do health literacy and private social media use moderate the
relationship between official social media accounts and the infodemic?
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3. Methods
3.1. Questionnaire and Samples

A questionnaire was written in Chinese, and composed of three sections. The first
section explained that the survey was to be completed anonymously and that the data
collected would be used for scientific research purposes only. The second section collected
participants’ perceptions about the variables amended from many references, including
information quality, social support, information cascades, and the infodemic. The mea-
surement items are shown in the Measures section, and the modified items of this section
were reviewed by a panel of experts, including a Professor who studies government social
media, one public health expert, and one data analyst. The third section collected socio-
demographic information about participants, their social media use frequency, and their
health literacy level, such as gender, age, education level, and household income, as shown
in Table 1.

As most citizens were isolated at home during the COVID-19 pandemic, survey
invitations were sent electronically with responses being solicited online. The survey was
carried out from March to April 2020, with 4152 citizens over the age of 18 years old being
randomly invited, including those who have different levels of education and income, as
shown in Table 1. Responses were collected anonymously using WeChat and Tencent QQ,
both leading Chinese social media platforms. A random sampling strategy, focused on
recruiting residents in the COVID-19 outbreak regions of Mainland China, was used. In the
beginning, a pilot study was conducted to test the reliability and validity of the constructs.
The Cronbach’s α values and KMO values showed good reliability and validity in the
preliminary study (0.883 and 0.847, respectively). Then, we sent our questionnaire to all
citizens invited; 1515 citizens completed the questionnaire; however, 117 were considered
invalid responses. In total, 1398 valid responses were received that covered all provinces
that experienced the first wave of the COVID-19 outbreak.
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Table 1. Background information.

Variable Category Number Percentage (%)

Gender
Male 685 49.0%

Female 713 51.0%

Age

18–30 years old 323 23.1%
31–40 years old 504 36.1%
41–50 years old 375 26.8%
51–60 years old 128 9.2%

More than 60 years old 68 4.9%

Education

Junior school or below 120 8.5%
Senior high school 176 12.6%
Associate degree 564 40.3%
Bachelor degree 433 31.0%

Master’s degree or Ph.D. 105 7.5%

Annual Household
Income (Chinese yuan)

Less than 30,000 37 2.6%
30,000–100,000 825 59%
110,000–200,000 388 27.8%

More than 200,000 148 10.6%

3.2. Measures

This study investigated the effects of the information quality of posts published by
official social media accounts, information cascades, and the social support on the infodemic
during the first wave of the COVID-19 pandemic in China. All scale items were measured
using a 5-point Likert-type scale, where 1 = strongly disagree and 5 = strongly agree.

3.2.1. Information Quality (IQ) of Official Social Media Content

Information quality is the degree to which information satisfies users based on their
perception [67]. In the context of COVID-19, the information quality of COVID-19-related
content was assessed based on its usability and reliability, etc. [68]. In this study, we propose
an Information Quality Evaluation Index for Official Social Media (IQEI-OSM) based on
user subject cognition, including information expression level, information content, and
information utility level. The information quality of COVID-19-related content on social
media should be comprehensive (i.e., not omitting important information) and authorita-
tive [69], up-to-date (timeliness) [70], and easy to access and read (accessibility) [65]. The
measurement of IQ was completed using a 5-point Likert scale, where the authors asked
participants about their perceptions toward the information quality of COVID-19 content
posted by official social media accounts. Five statements were used to measure participants’
perceptions, including their agreement toward the following characteristics: (1) authori-
tative; (2) timeliness; (3) comprehensive; (4) accessibility; and (5) usefulness [71–74]. The
IQEI-OSM had a high internal consistency, as shown in Table 2; the higher scores indicate
higher quality of information posted by official social media.

Table 2. Construct Reliability and Validity.

Cronbach’s α Rho_A CR AVE VIF Range

Infodemic 0.773 0.786 0.847 0.527 1.28–01.665
Information Cascades 0.732 0.740 0.833 0.555 1.328–1.540
Information Quality 0.820 0.824 0.874 0.582 1.458–1.716

Support 0.880 0.881 0.907 0.582 1.650–2.068
Note: VIF range, VIF range of each item.

3.2.2. Social Support

Social support is defined as the support accessible to individuals through their social
ties with other individuals, groups, and the wider community [58], which affects their pre-
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ventive health behavior and mental health [57]. The Multi-dimensional Scale of Perceived
Social Support (MSPSS), proposed by Zimet et al. [61], is a 12-item measure of perceived
adequacy of social support from three sources, including friends, family, and a significant
other. Based on prior research, this study measures social support as a multidimensional
concept, including information support, emotional support, and peer support, which cit-
izens receive when obtaining COVID-19-related health information from official social
media accounts. Seven items were included to measure social support [75,76], including:
(1) I would rather visit official social media accounts for COVID-19-related information
than ask someone in-person (prefer official); (2) on official social media accounts, I have
obtained information about preventing COVID-19 that I never knew from anywhere else
(study knowledge); (3) I used the official social media account to deal with stress caused by
the COVID-19 pandemic (manage press); (4) while visiting official social media accounts,
I felt I have fewer concerns (reduce worry); (5) the health information posted on official
social media accounts alleviates my feeling of loneliness (alleviate loneliness); (6) I used
official social media accounts to understand other’s experience during the initial stage of
COVID-19 (read experience); and (7) I shared the practical advice and suggestions about
preventing COVID-19 found on official social media accounts with my friends and family
(share advice). The social support index had a high internal consistency, as shown in Table 2,
where the higher scores indicate more social support.

3.2.3. Information Cascades

Information cascades occur when individuals observe and act on the behavior of
others, regardless of their own information. As a result, they follow the behavior of the
preceding individual to reach an optimal state. In this scenario, cascades might cause
individuals to make wrong decisions [77]. Because of the zero-sum nature of attention;
the amount of information found on private social media accounts draws users’ attention
away from official social media accounts. Some information is prevalent while the rest
is ignored, which is known as the typical and common ‘long-tail’ phenomenon on social
media [78]. Information cascades are measured in the form of relational cascades and
structural cascades [50,79]. Four items were used to measure information cascades: (1) I
relied on the opinions of others to process information related to COVID-19 (relation
cascades1); (2) I relied on the opinions of others to make preventative decisions about
COVID-19 (relation cascades2); (3) I relied on social norms to process information about
COVID-19 (structural cascades1); and (4) I relied on social norms to make preventative
decisions about COVID-19 (structural cascades2). The information cascades index had
a high internal consistency, as shown in Table 2, where the higher scores indicate higher
levels of information cascades.

3.2.4. The COVID-19 Infodemic

The vicious circle of psychological problems and the spread of rumors were the
main features of the COVID-19 infodemic [1]. The measurement of the infodemic was
mainly derived from previous studies. Five items were used to measure the COVID-19
infodemic [34,80], namely: (1) during the COVID-19 pandemic, the information I received
exceeded my capacity to cope with it (exceeded); (2) during the COVID-19 pandemic, I felt
panicky when I saw the amount of information about COVID-19 from different sources
(panicky); (3) during the COVID-19 pandemic, I constantly sought information about
COVID-19 (excessive seek); (4) because of my excessive information seeking on different
media channels, I often forgot to respond to other important messages (forgotten); and
(5) during the COVID-19 pandemic, I found it difficult to obtain reliable information when
I needed help (difficult). The infodemic index had a high internal consistency, as shown in
Table 2, where the higher scores indicate higher levels of the infodemic.
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3.3. Partial Least Squares Structural Equation Modeling (PLS-SEM)

PLS-SEM is used to estimate complex models with many constructs, indicator vari-
ables, and structural paths, without making distributional assumptions about the data,
which is useful for exploratory research when examining a developing or less developed
theory [81]. Similarly, it can deal with multi-collinearity problems. We used PLS-SEM to
examine the effects of the information quality of official social media, information cascades,
and social support, on the infodemic using Smart-PLS 3.3.7 software (www.smartpls.com,
accessed on 1 April 2022), for two reasons. First, based on the SMCC theory, we added
two variables (i.e., information cascades and social support) to explain the underlying
mechanisms of the relationship between official social media accounts and the infodemic,
which can be seen as a less developed theory. Second, PLS-SEM can report the R2 values of
each endogenous latent variable.

4. Results
4.1. The Measurement Model

This study conducted the internal consistency test using Smart-PLS 3.3.7 statistical
software. Composite Reliability (CR) values were calculated to test the reliability and
internal consistency of the scale. The Cronbach’s α is another measurement of internal con-
sistency reliability, which is a less precise measure than CR. Rho_A lies between Cronbach’s
α and CR, which may represent a good compromise [82]. Average Variance Extracted
(AVE) is used to assess the convergent validity of each construct’s measure. The Cranach’s
α of each subscale was >0.6, which indicates that the survey data were highly reliable.
The outer loadings ranged from 0.637 to 0.812, as shown in Figure 2, which exceeds the
minimum value of 0.60. The Cronbach’s α values ranged from 0.732 to 0.880, which showed
a satisfactory internal consistency level. The CR values ranged from 0.833 to 0.907, with
‘satisfactory to good’, indicating the instrument had good internal consistency. The AVE
values were higher than 0.50, which indicates that the four constructs explain more than
50% of the variance of their own items [83]. Further, the range of the Variance Inflation
Factor (VIF) was 1.280 to 2.068, as shown in Table 2, and all were less than 5, which shows
that there was no significant multi-collinearity risk.

Int. J. Environ. Res. Public Health 2022, 19, 6751 9 of 18 
 

 

 
Figure 2. PLS-SEM analysis results. Note: All the numbers in this figure are standardized. 

Table 3. Discriminant Validity. 

 Quality Cascades Support Infodemic 
Information Quality 0.763    

Information Cascades −0.590 ** 0.745   
Support 0.660 ** −0.612 ** 0.763  

Infodemic −0.558 ** 0.573 ** −0.555 ** 0.726 
Number of sample = 1398; the diagonal line is the square root value of AVE, while the other values 
are the correlation coefficients between variables; * <0.05; ** <0.01; *** <0.001. 

4.2. The Structural Model 
4.2.1. Standardized Path Coefficient 

Results show that PLS-SEM had an adequate fit since the model’s fit indicates that 
d_ULS (=0.592) and d_G (=0.223) were less than 0.95, SRME (=0.051) was less than 0.08, 
and NFI index was 0.893. The R2 values of the Infodemic, Information Cascades, and So-
cial Support were 0.753, 0.611, and 0.741, respectively, indicating that the model was 
moderate and had a substantial fit [85]. 

Our results show that the information quality of content posted by official social 
media accounts (β = −0.294, p < 0.001) had a significant negative effect on the infodemic, 
while information cascades (β = 0.242, p < 0.001) had a significant positive effect on the 
infodemic. Social Support (β = −0.387, p < 0.001) had a significant negative effect on the 
infodemic. Thus, hypotheses H1, H2, and H4 are supported. Approximately 75.3% of the 
variance in the COVID-19 infodemic (see Figure 2) was driven by the significant influ-
ence of information quality, information cascades, and social support. The path coeffi-
cients, t-statistics, and p-values, of the hypotheses, are shown in Figure 2 and Table 4, 
respectively. 

All path coefficients are standardized enabling us to compare their absolute value. 
The absolute value of social support (0.387) is higher than information quality (0.294) 
and information cascades (0.242), indicating that social support has the greatest negative 
direct effect on the infodemic. This means that the higher level of social support received, 
the lower level of the infodemic. The absolute value of information quality is lower than 
social support, indicating a greater negative direct effect on the infodemic, which means 
that the higher level of information quality, the lower level of the infodemic. However, it 
should be noted that information cascades have a positive effect on the infodemic, which 

Figure 2. PLS-SEM analysis results. Note: All the numbers in this figure are standardized.

Discriminant validity was completed using Smart-PLS by the criterion provided by
Fronell–Larcker [84]. Table 3 shows that the minimum square root values of the AVE along
the diagonal line were higher than the correlation values between latent constructs in each
column, which meets the above criterion and indicates that the measurement model had
an acceptable discriminant validity level.
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Table 3. Discriminant Validity.

Quality Cascades Support Infodemic

Information Quality 0.763
Information Cascades −0.590 ** 0.745

Support 0.660 ** −0.612 ** 0.763
Infodemic −0.558 ** 0.573 ** −0.555 ** 0.726

Number of sample = 1398; the diagonal line is the square root value of AVE, while the other values are the
correlation coefficients between variables; * <0.05; ** <0.01; *** <0.001.

4.2. The Structural Model
4.2.1. Standardized Path Coefficient

Results show that PLS-SEM had an adequate fit since the model’s fit indicates that
d_ULS (=0.592) and d_G (=0.223) were less than 0.95, SRME (=0.051) was less than 0.08,
and NFI index was 0.893. The R2 values of the Infodemic, Information Cascades, and Social
Support were 0.753, 0.611, and 0.741, respectively, indicating that the model was moderate
and had a substantial fit [85].

Our results show that the information quality of content posted by official social
media accounts (β = −0.294, p < 0.001) had a significant negative effect on the infodemic,
while information cascades (β = 0.242, p < 0.001) had a significant positive effect on the
infodemic. Social Support (β = −0.387, p < 0.001) had a significant negative effect on the
infodemic. Thus, hypotheses H1, H2, and H4 are supported. Approximately 75.3% of the
variance in the COVID-19 infodemic (see Figure 2) was driven by the significant influence
of information quality, information cascades, and social support. The path coefficients,
t-statistics, and p-values, of the hypotheses, are shown in Figure 2 and Table 4, respectively.

Table 4. Bootstrapping analysis.

Path O.S. Sample S.D. t p

Cascades→ Infodemic 0.242 0.243 0.029 8.366 0.000
Quality→ Infodemic −0.294 −0.293 0.036 8.111 0.000
Quality→ Cascades −0.782 −0.782 0.012 63.292 0.000
Quality→ Support 0.861 0.861 0.008 107.155 0.000

Support→ Infodemic −0.387 −0.388 0.036 10.664 0.000
Note: O.S., Original Sample; S.D., Standard Deviation; t, T Statistics.

All path coefficients are standardized enabling us to compare their absolute value.
The absolute value of social support (0.387) is higher than information quality (0.294) and
information cascades (0.242), indicating that social support has the greatest negative direct
effect on the infodemic. This means that the higher level of social support received, the
lower level of the infodemic. The absolute value of information quality is lower than social
support, indicating a greater negative direct effect on the infodemic, which means that the
higher level of information quality, the lower level of the infodemic. However, it should be
noted that information cascades have a positive effect on the infodemic, which means that
the higher the level of information cascades, the higher the level of the infodemic.

4.2.2. Mediation Analysis

The two models have two mediation effects, namely: Information quality→ Social
Support → Infodemic, and Information quality → Information cascades → Infodemic.
To examine the significance of indirect effects, the bootstrapping method was used with
either data normality distribution or not [86]. Since the results show that official social
media accounts were the key factor in controlling the infodemic, the underlying mech-
anisms of this factor are further explored through meditation analysis using Smart-PLS
and Bootstrapping with 5000 subsamples. The bootstrap method was used to examine
the hypothesized relationships and sampling distribution as a measure of accuracy using
random sampling methods to ensure consistency in results [81]. Mediation analysis was
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conducted to better understand the relationship between the information quality of official
social media accounts and the infodemic, and the mediation effects of information cascades
and social support were shown with 95% Confidence Intervals (CI).

Our results revealed that with 95% CI, if information cascades were taken as the medi-
ator variable, the mediation effect was significant (β = −0.189, Boot CI (−0.227, −0.151)).
If social support was taken as the mediator variable, the mediation effect was significant
(β = −0.333, Boot CI (−0.388,−0.280)). In general, the information quality of content posted
by official social media accounts has both a direct and indirect effect on the infodemic, and
mediation through both information cascades and social support. This indicates that official
social media accounts contained the COVID-19 infodemic and, therefore, hypotheses H3
and H5 are supported.

4.3. Moderating Analysis

The two-factor analysis of ANOVA with interaction was used to conduct a modera-
tion/interaction effect analysis with visualization [87]. The results of the moderation effect
are shown in Figures 3 and 4. To further examine the effect of information posted by official
social media accounts on the infodemic under different conditions, this study coded the
official social media information quality into two groups (1 = low level, 2 = high level). Sim-
ilarly, private social media use was coded into two groups (0 = low usage, 1 = high usage),
as shown in Figure 3. Then, a 2 (two groups of IQ) × 2 (two groups of private social media
use) off our groups ANOVA was performed, taking different levels of information quality
perceptions and private social media use as independent variables, and the infodemic as
the dependent variable. The main effect of both information quality (F = 142.347, p < 0.001)
and private social media use (F = 68.177, p < 0.001) were significant. The interaction effect of
information quality and private social media use was also significant (F = 85.637, p < 0.001).
The line of high usage and the line of low usage of private social media intersected, and the
slope of high usage was greater than the low usage (see Figure 3). This finding indicates
that private social media usage positively moderated the relationship between information
quality and the infodemic.
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At the same time, health literacy was coded into two groups (0 = low level, 1 = high
level), as shown in Figure 4. Then, a 2 (two groups of IQ) × 2 (two groups of health
literacy) (see Figure 4) of four groups ANOVA was performed, taking different levels
of information quality perceptions and health literacy as independent variables, and the
infodemic as the dependent variable. The main effect of information quality (F = 1182.015,
p < 0.001) was significant. However, the main effect of health literacy was not significant
(F = 0.040, p > 0.05). It is well-known that the significance of moderating effects cannot
be judged by simply relying on the significance of the product terms. It should be judged
comprehensively by whether they have interaction points in the interaction graph or not.
Therefore, the interaction graphs were drawn, as shown in Figure 4, with results revealing
that the line of two levels of health literacy had an intersection while the slope of the high
level is smaller than the low level. This indicates that health literacy negatively moderated
the relationship between information quality and the infodemic and, therefore, hypotheses
H6 and H7 are supported.

4.4. Predict Partial Least Squares (PLS) Model

The PLS predict algorithm uses training and hold out samples to generate and evaluate
predictions from PLS path model estimations, which means it combines aspects of out-
of-sample prediction and in-sample explanatory power [88]. The PLS predict results
are shown in Table 5. The Q2_predict statistic values of PLS-SEM outperform most LM
benchmarks [89]. Meanwhile, only in addition to the indicator of read experience, the other
indicators in the PLS-SEM analysis have lower RMSE and MAE values compared to the LM
benchmark [85], which indicates that the structural model has higher explanatory power
and predictive power.
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Table 5. PLS predict results.

PLS-SEM LM Benchmark

RMSE MAE Q2_Predict RMSE MAE Q2_Predict

overstretched 1.018 0.793 0.401 1.013 0.787 0.408
forgotten 1.009 0.839 0.351 1.010 0.839 0.349

refresh 1.000 0.851 0.245 1.001 0.852 0.242
anxiety 0.935 0.745 0.466 0.934 0.743 0.466
difficult 1.011 0.790 0.282 1.014 0.795 0.277

Relation cascades1 1.063 0.898 0.296 1.066 0.900 0.292
Structural cascades2 1.019 0.831 0.317 1.020 0.830 0.315
Structural cascades1 1.047 0.873 0.307 1.050 0.874 0.302
Relation cascades2 0.943 0.747 0.432 0.946 0.749 0.428
Study knowledge 0.955 0.723 0.391 0.958 0.724 0.388

Alleviate loneliness 0.915 0.721 0.450 0.918 0.722 0.446
Reduce worry 0.952 0.742 0.461 0.953 0.740 0.460
Prefer official 0.929 0.715 0.418 0.930 0.717 0.416
Share advice 0.949 0.735 0.386 0.952 0.738 0.382

Manage press 0.915 0.723 0.474 0.915 0.723 0.474
Read experience 0.917 0.713 0.427 0.915 0.709 0.430

5. Discussion

This study provides valuable insights into the effects of official social media accounts
on the infodemic during the initial stage of COVID-19. Recent studies have focused their
efforts on examining the effects of the infodemic on citizens’ psychological issues and men-
tal health [6,34], and how private social media use has affected the infodemic [1,12,45]. For
example, some studies have found that commercial media positively affects psychological
anxiety, but that official government media has no effect on psychological anxiety [90].
However, the underlying mechanisms of how official social media accounts affect the info-
demic have received little attention. Specifically, during the pandemic, it has not previously
been understood how official social media accounts affect the infodemic by the mediation
effects of information cascades and social support, and the moderation effects of private
social media use and health literacy.

Our results show that the information quality of content posted by official social media
accounts and the social support provided have a significant negative effect on the infodemic.
Information cascades have a significant positive effect on the infodemic. Mediation analyses
were conducted to explore the underlying mechanisms of the relationship between IQ and
the infodemic with results revealing that both information cascades and social support
mediate the relationship between IQ and the infodemic. In addition, moderation analyses
were completed to explore the underlying mechanisms of the relationship between IQ and
the infodemic, with results indicating that private social media use and health literacy
moderate the relationship between IQ and the infodemic.

These findings demonstrate the underlying mechanisms of the relationship between
official social media accounts and the infodemic. In the context of public health crises,
citizens tend to seek information to alleviate uncertainty (e.g., public health, personal
and family safety, and recovery efforts) [91]. Our findings show that official social media
accounts have controlled the infodemic and have increased the social support provided
to citizens. In other words, it has alleviated citizens’ uncertainty regarding COVID-19. It
is noted, however, that it is necessary to guide citizens in using and promoting the use
of official public health organizations’ websites and official social media accounts when
seeking health information related to COVID-19 [92]. On the other hand, the rational use of
official social media should be promoted to prevent the dissemination of misinformation.
Similarly, social media users should be trained to identify misinformation by using official
information sources only and scientific digital health literacy cultivation [36].

Information cascades and social support were found to be important mediation vari-
ables in explaining how official social media accounts affected the infodemic during the
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first wave of COVID-19. When citizens were exposed to excessive information related to
COVID-19, they tended to choose information that was useful to themselves. Meanwhile,
they often sought social support (e.g., information support and emotional support) to
alleviate the uncertainty experienced. If citizens made decisions by relying on the opinions
of others or social norms, it indicates that information cascades have occurred. During the
first wave of COVID-19, commercial media circulated an overload of information, with
epidemic information being pushed to users continuously [90], with reliable and author-
itative information being important for designing and conducting preventive measures
to raise health-protective awareness [14]. This study shows that official social media can
provide high-quality epidemic information to citizens, which can increase social support
and reduce information cascades. This study also confirmed that the greater use of social
media can lead to more social support [19].

Different information sources were shown to have different effects on the infodemic [90].
Private social media use is found to be a double-edged sword, which was found to be a
major source of rumors or misinformation during emergencies in prior studies; on the other
hand, it also plays a key role in communicating health information [93]. This finding shows
that private social media use positively moderates the relationship between IQ and the
infodemic, indicating that excessive use of private social media increases public anxiety and
leads to an infodemic [19]. Therefore, this finding proves that citizens should take a break
from private social media, and rationality use both official social media and private social
media during public health crises. Health literacy was also found to negatively moderate
the relationship between IQ and the infodemic. When citizens are faced with uncertainty,
they are in a state of anxiety and depression, and their health literacy provides little help in
identifying valid health information.

5.1. Theoretical and Practical Implications

This study constructed a theoretical model to uncover the underlying mechanisms of
the relationship between official social media accounts and the infodemic during the first
wave of COVID-19 in Mainland China. The proposed model made several contributions to
previous studies by integrating two further variables (i.e., information cascades and social
support) to investigate the infodemic problem ongoing with the COVID-19 pandemic.
We treated official social media accounts as a cue to controlling the infodemic, while
information cascades and social support were used as the mediation variables, which, as
we know, have not been proven in prior research. Similarly, we considered the moderation
effects of private social media use and health literacy. Thus, this paper calls for more
research into the underlying mechanisms of the determinants of the infodemic.

Policy implications can also be derived from this study to develop strategies for
controlling future infodemics during public health crises. The outbreak of COVID-19
was accompanied by the mass dissemination of unvalidated information by private social
media accounts. If authoritative information about COVID-19 was not published in a
timely fashion, it may have caused the further dissemination of false information. This
study provides evidence-based implications to control the COVID-19 infodemic. First, the
public agencies that manage official social media accounts should improve the usefulness,
timeliness, availability, and authoritative nature of the information provided through
enhancing the professionalism of practitioners. Public agencies should also establish
a release system to control information quality, and use social media and the Internet
rationally to encourage citizens to interact with public agencies [94], and to pay greater
attention to credible and authoritative sources and fact-checkers about the COVID-19
pandemic [95].

Secondly, official social media accounts should set an example for private social media
users and commercial media accounts, such as forging a user-centered, fact-based, and
collaborative response to the pandemic. Official social media accounts not only alleviate
citizens’ anxiety and uncertainty through the dissemination of authoritative reports, but
also carry out useful preventive measures and touching epidemic stories to increase social
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support, inspiring citizens to fight against COVID-19 together. In special, official social
media accounts should establish information communication mechanisms for sharing
pandemic information resources between official social media accounts and big individual
private social media accounts. Therefore, official social media accounts can help manage
citizens’ stress and health risks and should, therefore, convey information to citizens with
empathy, scientific and rational evidence, and personal experience, and encourage them to
share the content with friends, family, and peers, etc., so as to increase the social support
and reduce potential information cascades.

Thirdly, when faced with large amounts of media and health-related information, local
governments should formulate rules to regulate the dissemination of pandemic information
by private social media accounts. Health literacy may also help citizens better understand
the reasons behind governments’ and public health agencies’ preventive recommendations
and make protective and preventive actions quickly. In the later stages of COVID-19,
citizens showed a good level of knowledge about the disease [96] but, in the initial stages,
citizens almost knew nothing about it. Hence, local governments and public health agencies
should popularize common health knowledge, while citizens should enhance their health
literacy to enable larger-scale psychological prevention of fake news [97]. Meanwhile, local
governments should encourage citizens to take social responsibility and encourage people
to take the initiative in pandemic prevention.

5.2. Limitations and Future Studies

This study has several limitations. First, the survey was administered during the
first wave of the COVID-19 pandemic in Mainland China, which relied on respondents’
self-reporting data online. It lacked in-depth interviews with participants, which could help
deepen cognition and the importance of official social media accounts and how they helped
control the infodemic during the pandemic. Second, in most cases, information cascades
were calculated using big data, with the study measuring it using four items. Future
research may mine public comments from official social media accounts, and calculate their
forwarding, interaction, and liking behaviors. Similarly, studies can analyze their emotional
tendency to estimate what support is provided to citizens and uncover how official social
media accounts affect citizens’ emotions. Third, only one round of the online survey was
conducted. Fourth, some respondents might have been relatively calm and objective to
participate in the survey, but some might have felt very anxious and uncomfortable when
completing the questionnaire. Fifth, we only examined the effect of information quality
of official social media accounts on the infodemic; future study will try to examine the
impact of official social media accounts’ response strategies on the infodemic. Finally, there
have been several subsequent waves of COVID-19 outbreaks in China since the survey
was conducted and, therefore, longitudinal and comparative studies can be conducted in
the future.

6. Conclusions

This study provided empirical evidence on the effects of official social media accounts
on the COVID-19 infodemic and gave insights for uncovering the underlying mechanisms
of the infodemic by analyzing the essential roles of the information quality of official social
media accounts, the mediation effects of information cascades and social support, and the
moderation effects of private social media use and health literacy. Our findings provide
policy implications for controlling future infodemics and can help public health agencies
that manage official social media accounts improve their information quality, increase social
support, and decrease information cascades.



Int. J. Environ. Res. Public Health 2022, 19, 6751 15 of 18

Author Contributions: H.L. was responsible for conceptualizing and designing the study, acquisition,
analysis, and interpretation of data, and writing and reviewing of the manuscript. Q.C. provided
guidance about the research methods and reviewed the manuscript. R.E. reviewed and edited the
manuscript. All authors have read and agreed to the published version of the manuscript.

Funding: This research was funded by the National Social Science Fund of China (Grant Number
18CXW003). The information presented in this paper is the responsibility of the authors and does not
necessarily represent the views of the National Office for Philosophy and Social Sciences.

Institutional Review Board Statement: Ethical Approval was received from the Biomedical Ethics
Committee of the School of Medicine at Xi’an Jiaotong University (NO. 2022–1278). All participants
and/or their legal guardians gave informed consent prior to the collection of data.

Informed Consent Statement: Not applicable.

Data Availability Statement: The raw data presented in this paper are available from the authors,
without undue reservation.

Acknowledgments: Thanks to the editors and anonymous experts for their valuable comments.

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

References
1. Pian, W.; Chi, J.; Ma, F. The causes, impacts and countermeasures of COVID-19 “Infodemic”: A systematic review using narrative

synthesis. Inf. Process Manag. 2021, 58, 102713. [CrossRef] [PubMed]
2. World Health Organization. Novel Coronavirus (2019-nCoV) Situation Report-13. 2020. Available online: https://apps.who.int/

iris/handle/10665/330778 (accessed on 1 April 2022).
3. Casero-Ripolles, A. Impact of COVID-19 on the media system. Communicative and democratic consequences of news consump-

tion during the outbreak. Prof. Inf. 2020, 29, e290223. [CrossRef]
4. Gruzd, A.; De Domenico, M.; Sacco, P.L.; Briand, S. Studying the COVID-19 infodemic at scale. Big Data Soc. 2021, 8, 205395172110211.

[CrossRef]
5. Greenspan, R.L.; Loftus, E.F. Pandemics and infodemics: Research on the effects of misinformation on memory. Hum. Behav.

Emerg. Technol. 2021, 3, 8–12. [CrossRef] [PubMed]
6. Islam, S.; Sarkar, T.; Khan, S.H.; Kamal, A.-H.M.; Hasan, S.M.M.; Kabir, A.; Yeasmin, D.; Islam, M.A.; Chowdhury, K.I.A.;

Anwar, K.S.; et al. COVID-19—Related infodemic and its impact on public health: A global social media analysis. Am. J. Trop.
Med. Hyg. 2020, 103, 1621–1629. [CrossRef] [PubMed]

7. Mongkhon, P.; Ruengorn, C.; Awiphan, R.; Thavorn, K.; Hutton, B.; Wongpakaran, N.; Wongpakaran, T.; Nochaiwong, S. Exposure
to COVID-19-Related information and its association with mental health problems in thailand: Nationwide, cross-sectional
survey study. J. Med. Internet Res. 2021, 23, e25363. [CrossRef]

8. Wang, C.; Pan, R.; Wan, X.; Tan, Y.; Xu, L.; Ho, C.S.; Ho, R.C. Immediate Psychological Responses and Associated Factors during
the Initial Stage of the 2019 Coronavirus Disease (COVID-19) Epidemic among the General Population in China. Int. J. Environ.
Res. Public Health 2020, 17, 1729. [CrossRef]

9. Luo, J.; Xue, R.; Hu, J.; El Baz, D. Combating the infodemic: A chinese infodemic dataset for misinformation identification.
Healthcare 2021, 9, 1094. [CrossRef]

10. Luo, J.; Xue, R.; Hu, J. COVID-19 infodemic on Chinese social media: A 4P framework, selective review and research directions.
Meas. Control 2020, 53, 2070–2079. [CrossRef]

11. Abbas, J.; Wang, D.; Su, Z.; Ziapour, A. The role of social media in the advent of COVID-19 pandemic: Crisis management, mental
health challenges and implications. Risk Manag. Healthc. Policy 2021, 14, 1917–1932. [CrossRef]

12. Adekoya, C.O.; Fasae, J.K. Social media and the spread of COVID-19 infodemic. Glob. Knowl. Mem. Commun. 2021, 71, 105–120.
[CrossRef]

13. Wu, A.W.; Connors, C.; Everly, J.G.S. COVID-19: Peer support and crisis communication strategies to promote institutional
resilience. Ann. Intern. Med. 2020, 172, 822–823. [CrossRef] [PubMed]

14. Mheidly, N.; Fares, J. Leveraging media and health communication strategies to overcome the COVID-19 infodemic. J. Public
Health Policy 2020, 41, 410–420. [CrossRef] [PubMed]

15. Kent, M.L.; Taylor, M. Toward a dialogic theory of public relations. Public Relat. Rev. 2002, 28, 21–37. [CrossRef]
16. Cheng, Y. Social media keep buzzing! A test of contingency theory in china’s red cross credibility crisis. Int. J. Commun. 2016,

10, 3241.
17. Simon, F.M.; Camargo, C.Q. Autopsy of a metaphor: The origins, use and blind spots of the ‘infodemic’. New Media Soc. 2021,

1–22. [CrossRef]
18. Gao, J.; Zheng, P.; Jia, Y.; Chen, H.; Mao, Y.; Chen, S.; Wang, Y.; Fu, H.; Dai, J. Mental health problems and social media exposure

during COVID-19 outbreak. PLoS ONE 2020, 15, e0231924.

http://doi.org/10.1016/j.ipm.2021.102713
http://www.ncbi.nlm.nih.gov/pubmed/34720340
https://apps.who.int/iris/handle/10665/330778
https://apps.who.int/iris/handle/10665/330778
http://doi.org/10.3145/epi.2020.mar.23
http://doi.org/10.1177/20539517211021115
http://doi.org/10.1002/hbe2.228
http://www.ncbi.nlm.nih.gov/pubmed/33363274
http://doi.org/10.4269/ajtmh.20-0812
http://www.ncbi.nlm.nih.gov/pubmed/32783794
http://doi.org/10.2196/25363
http://doi.org/10.3390/ijerph17051729
http://doi.org/10.3390/healthcare9091094
http://doi.org/10.1177/0020294020967035
http://doi.org/10.2147/RMHP.S284313
http://doi.org/10.1108/GKMC-11-2020-0165
http://doi.org/10.7326/M20-1236
http://www.ncbi.nlm.nih.gov/pubmed/32251512
http://doi.org/10.1057/s41271-020-00247-w
http://www.ncbi.nlm.nih.gov/pubmed/32826935
http://doi.org/10.1016/S0363-8111(02)00108-X
http://doi.org/10.1177/14614448211031908


Int. J. Environ. Res. Public Health 2022, 19, 6751 16 of 18

19. Zhong, B.; Huang, Y.; Liu, Q. Mental health toll from the coronavirus: Social media usage reveals Wuhan residents’ depression
and secondary trauma in the COVID-19 outbreak. Comput. Hum. Behav. 2021, 114, 106524. [CrossRef]

20. Liu, B.F.; Jin, Y.; Austin, L.L. The tendency to tell: Understanding publics’ communicative responses to crisis information form
and source. J. Public Relat. Res. 2013, 25, 51–67. [CrossRef]

21. Jin, Y.; Fraustino, J.D.; Liu, B.F. The scared, the outraged, and the anxious: How crisis emotions, involvement, and demographics
predict publics’ conative coping. Int. J. Strateg. Commun. 2016, 10, 289–308. [CrossRef]

22. Austin, L.; Fisher Liu, B.; Jin, Y. How audiences seek out crisis information: Exploring the Social-Mediated crisis communication
model. J. Appl. Commun. Res. 2012, 40, 188–207. [CrossRef]

23. Coombs, W.T. Academic research protecting organization reputations during a crisis: The development and application of
situational crisis communication theory. Corp. Reput. Rev. 2007, 10, 163–176. [CrossRef]

24. Wang, X.; Yu, C.; Wei, Y. Social media peer communication and impacts on purchase intentions: A consumer socialization
framework. J. Interact. Mark. 2012, 26, 198–208. [CrossRef]

25. Jin, Y.; Liu, B.F.; Austin, L.L. Examining the role of social media in effective crisis management. Commun. Res. 2014, 41, 74–94.
[CrossRef]

26. Avery, E.J. The role of source and the factors audiences rely on in evaluating credibility of health information. Public Relat. Rev.
2010, 36, 81–83. [CrossRef]

27. Naeem, S.B.; Bhatti, R.; Khan, A. An exploration of how fake news is taking over social media and putting public health at risk.
Health Inf. Libr. J. 2021, 38, 143–149. [CrossRef]

28. Jain, N.; Malviya, P.; Singh, P.; Mukherjee, S. Twitter mediated sociopolitical communication during the COVID-19 pandemic
crisis in india. Front. Psychol. 2021, 12, 784907. [CrossRef]

29. Reynolds, B.; Seeger, M.W. Crisis and emergency risk communication as an integrative model. J. Health Commun. 2005, 10, 43–55.
[CrossRef]

30. Chen, Q.; Min, C.; Zhang, W.; Wang, G.; Ma, X.; Evans, R. Unpacking the black box: How to promote citizen engagement through
government social media during the COVID-19 crisis. Comput. Hum. Behav. 2020, 110, 106380. [CrossRef]

31. Kim, J.; Merrill Jr, K.; Collins, C.; Yang, H. Social TV viewing during the COVID-19 lockdown: The mediating role of social
presence. Technol. Soc. 2021, 67, 101733. [CrossRef]

32. Kaya, T. The changes in the effects of social media use of Cypriots due to COVID-19 pandemic. Technol. Soc. 2020, 63, 101380.
[CrossRef] [PubMed]

33. Andreassen, C.S.; Pallesen, S.; Griffiths, M.D. The relationship between addictive use of social media, narcissism, and self-esteem:
Findings from a large national survey. Addict. Behav. 2017, 64, 287–293. [CrossRef] [PubMed]

34. Samal, J. Impact of COVID-19 infodemic on psychological wellbeing and vaccine hesitancy. Egypt. J. Bronchol. 2021, 15, 14.
[CrossRef]

35. Brashers, D.E.; Neidig, J.L.; Haas, S.M.; Dobbs, L.K.; Cardillo, L.W.; Russell, J.A. Communication in the management of
uncertainty: The case of persons living with HIV or AIDS. Commun. Monogr. 2000, 67, 63–84. [CrossRef]

36. Dadaczynski, K.; Okan, O.; Messer, M.; Leung, A.Y.M.; Rosário, R.; Darlington, E.; Rathmann, K. Digital health literacy and
Web-Based Information-Seeking behaviors of university students in germany during the COVID-19 pandemic: Cross-sectional
survey study. J. Med. Internet Res. 2021, 23, e24097. [CrossRef]

37. Zhao, Y.; Cheng, S.; Yu, X.; Xu, H. Chinese public’s attention to the COVID-19 epidemic on social media: Observational descriptive
study. J. Med. Internet Res. 2020, 22, e18825. [CrossRef]

38. Mohammed, A.; Ferraris, A. Factors influencing user participation in social media: Evidence from twitter usage during COVID-19
pandemic in Saudi Arabia. Technol. Soc. 2021, 66, 101651. [CrossRef]

39. Sacco, P.L.; Gallotti, R.; Pilati, F.; Castaldo, N.; De Domenico, M. Emergence of knowledge communities and information
centralization during the COVID-19 pandemic. Soc. Sci. Med. 2021, 285, 114215. [CrossRef]

40. Hu, B.; Zhang, D. Channel selection and knowledge acquisition during the 2009 Beijing H1N1 flu crisis a media system
dependency theory perspective. Chin. J. Commun. 2014, 7, 299–318. [CrossRef]

41. King, G.; Pan, J.; Roberts, M.E. How censorship in china allows government criticism but silences collective expression. Am.
Political Sci. Rev. 2013, 107, 326–343. [CrossRef]

42. Ahmad, A.R.; Murad, H.R. The impact of social media on panic during the COVID-19 pandemic in iraqi kurdistan: Online
questionnaire study. J. Med. Internet Res. 2020, 22, e19556. [CrossRef] [PubMed]

43. Kwok, L.; Lee, J.; Han, S.H. Crisis communication on social media: What types of COVID-19 messages get the attention? Cornell
Hosp. Q. 2021, 1–16. [CrossRef]

44. Zeng, J.; Chan, C. A cross-national diagnosis of infodemics: Comparing the topical and temporal features of misinformation
around COVID-19 in China, India, the US, Germany and France. Online Inf. Rev. 2021, 45, 709–728. [CrossRef]

45. Zhang, S.; Pian, W.; Ma, F.; Ni, Z.; Liu, Y. Characterizing the COVID-19 infodemic on chinese social media: Exploratory study.
JMIR Public Health Surveill. 2021, 7, e26090. [CrossRef] [PubMed]

46. Enders, A.M.; Uscinski, J.E.; Klofstad, C.; Stoler, J. The different forms of COVID-19 misinformation and their consequences. Harv.
Kennedy Sch. Misinf. Rev. 2020, 8, 1–21. [CrossRef]

47. Zhang, X.; Zhang, Z.-K.; Wang, W.; Hou, D.; Xu, J.; Ye, X.; Li, S. Multiplex network reconstruction for the coupled spatial diffusion
of infodemic and pandemic of COVID-19. Int. J. Digit. Earth 2021, 14, 401–423. [CrossRef]

http://doi.org/10.1016/j.chb.2020.106524
http://doi.org/10.1080/1062726X.2013.739101
http://doi.org/10.1080/1553118X.2016.1160401
http://doi.org/10.1080/00909882.2012.654498
http://doi.org/10.1057/palgrave.crr.1550049
http://doi.org/10.1016/j.intmar.2011.11.004
http://doi.org/10.1177/0093650211423918
http://doi.org/10.1016/j.pubrev.2009.10.015
http://doi.org/10.1111/hir.12320
http://doi.org/10.3389/fpsyg.2021.784907
http://doi.org/10.1080/10810730590904571
http://doi.org/10.1016/j.chb.2020.106380
http://doi.org/10.1016/j.techsoc.2021.101733
http://doi.org/10.1016/j.techsoc.2020.101380
http://www.ncbi.nlm.nih.gov/pubmed/33518848
http://doi.org/10.1016/j.addbeh.2016.03.006
http://www.ncbi.nlm.nih.gov/pubmed/27072491
http://doi.org/10.1186/s43168-021-00061-2
http://doi.org/10.1080/03637750009376495
http://doi.org/10.2196/24097
http://doi.org/10.2196/18825
http://doi.org/10.1016/j.techsoc.2021.101651
http://doi.org/10.1016/j.socscimed.2021.114215
http://doi.org/10.1080/17544750.2014.926951
http://doi.org/10.1017/S0003055413000014
http://doi.org/10.2196/19556
http://www.ncbi.nlm.nih.gov/pubmed/32369026
http://doi.org/10.1177/19389655211028143
http://doi.org/10.1108/OIR-09-2020-0417
http://doi.org/10.2196/26090
http://www.ncbi.nlm.nih.gov/pubmed/33460391
http://doi.org/10.37016/mr-2020-48
http://doi.org/10.1080/17538947.2021.1888326


Int. J. Environ. Res. Public Health 2022, 19, 6751 17 of 18

48. Su, Z.; McDonnell, D.; Wen, J.; Kozak, M.; Abbas, J.; Šegalo, S.; Li, X.; Ahmad, J.; Cheshmehzangi, A.; Cai, Y.; et al. Mental
health consequences of COVID-19 media coverage: The need for effective crisis communication practices. Glob. Health 2021, 17, 4.
[CrossRef]

49. Bickham, S.B.; Francis, D.B. The public’s perceptions of government officials’ communication in the wake of the COVID-19
pandemic. J. Creat. Commun. 2021, 16, 190–202. [CrossRef]

50. Wei, J.; Zhu, Q. An Overseas Review of the Spread of Opinions on Social Networks and Information Distortion Based on
Information Cascade. J. China Soc. Sci. Tech. Inf. 2019, 38, 1117–1128.

51. Sigelman, C.K.; Singleton, L.C. Stigmatization in Childhood; Springer: New York, NY, USA, 1986.
52. White, L.K.; Suway, J.G.; Pine, D.S.; Bar-Haim, Y.; Fox, N.A. Cascading effects: The influence of attention bias to threat on the

interpretation of ambiguous information. Behav. Res. Ther. 2011, 49, 244–251. [CrossRef]
53. Lansford, J.E.; Malone, P.S.; Dodge, K.A.; Pettit, G.S.; Bates, J.E. Developmental cascades of peer rejection, social information

processing biases, and aggression during middle childhood. Dev. Psychopathol. 2010, 22, 593–602. [CrossRef] [PubMed]
54. Vismara, S. Information Cascades among Investors in Equity Crowdfunding. Entrep. Theory Pract. 2018, 42, 467–497. [CrossRef]
55. Liu, Q.; Huang, S.; Zhang, L. The influence of information cascades on online purchase behaviors of search and experience

products. Electron. Commer. Res. 2016, 16, 553–580. [CrossRef]
56. Lynch, T.R.; Mendelson, T.; Robins, C.J.; Krishnan, K.R.; George, L.K.; Johnson, C.S.; Blazer, D.G. Perceived social support among

depressed elderly, middle-aged, and young-adult samples: Cross-sectional and longitudinal analyses. J. Affect. Disord. 1999, 55,
159–170. [CrossRef]

57. Stephens, M.H.; Petrie, K.J. Social Support and Recovery from Disease and Medical Procedures. Int. Encycl. Soc. Behav. Sci. 2001,
55, 14458–14461.

58. Lin, N.; Ensel, W.M.; Simeone, R.S.; Kuo, W. Social support, stressful life events, and illness: A model and an empirical test. J.
Health Soc. Behav. 1979, 20, 108–119. [CrossRef] [PubMed]

59. Ni, M.Y.; Yang, L.; Leung, C.M.C.; Li, N.; Yao, X.I.; Wang, Y.; Leung, G.M.; Cowling, B.J.; Liao, Q. Mental health, risk factors, and
social media use during the COVID-19 epidemic and cordon sanitaire among the community and health professionals in wuhan,
china: Cross-Sectional survey. JMIR Ment. Health 2020, 7, e19009. [CrossRef]

60. Qi, M.; Zhou, S.-J.; Guo, Z.-C.; Zhang, L.-G.; Min, H.-J.; Li, X.-M.; Chen, J.-X. The effect of social support on mental health in
chinese adolescents during the outbreak of COVID-19. J. Adolesc. Health 2020, 67, 514–518. [CrossRef]

61. Grey, I.; Arora, T.; Thomas, J.; Saneh, A.; Tohme, P.; Abi-Habib, R. The role of perceived social support on depression and sleep
during the COVID-19 pandemic. Psychiat. Res. 2020, 293, 113452. [CrossRef]

62. Groarke, J.M.; Berry, E.; Graham-Wisener, L.; Mckenna-Plumley, P.E.; Mcglinchey, E.; Armour, C. Loneliness in the UK during the
COVID-19 pandemic: Cross-sectional results from the COVID-19 Psychological Wellbeing Study. PLoS ONE 2020, 15, e0239698.
[CrossRef]

63. Balakrishnan, V.; Ng, K.S.; Rahim, H.A. To share or not to share—The underlying motives of sharing fake news amidst the
COVID-19 pandemic in Malaysia. Technol. Soc. 2021, 66, 101676. [CrossRef]

64. Farooq, A.; Laato, S.; Islam, A.K.M.N.; Isoaho, J. Understanding the impact of information sources on COVID-19 related
preventive measures in Finland. Technol. Soc. 2021, 65, 101573. [CrossRef]

65. Paakkari, L.; Okan, O. COVID-19: Health literacy is an underestimated problem. Lancet Public Health 2020, 5, e249–e250. [CrossRef]
66. Pickles, K.; Cvejic, E.; Nickel, B.; Copp, T.; Bonner, C.; Leask, J.; Ayre, J.; Batcup, C.; Cornell, S.; Dakin, T.; et al. COVID-19

misinformation trends in australia: Prospective longitudinal national survey. J. Med. Internet Res. 2021, 23, e23805. [CrossRef]
[PubMed]

67. Bovee, M.; Srivastava, R.P.; Mak, B. A conceptual framework and belief-function approach to assessing overall information
quality. Int. J. Intell. Syst. 2003, 18, 51–74. [CrossRef]

68. Jayasinghe, R.; Ranasinghe, S.; Jayarajah, U.; Seneviratne, S. Quality of online information for the general public on COVID-19.
Patient Educ. Couns. 2020, 103, 2594–2597. [CrossRef]

69. Taylor-Phillips, S.; Berhane, S.; Sitch, A.J.; Freeman, K.; Price, M.J.; Davenport, C.; Geppert, J.; Harris, I.M.; Osokogu, O.;
Skrybant, M.; et al. Information given by websites selling home self-sampling COVID-19 tests: An analysis of accuracy and
completeness. BMJ Open 2020, 10, e042453. [CrossRef]

70. Okike, B.I. Information dissemination in an era of a pandemic (COVID-19): Librarians’ role. Libr. Hi Tech News 2020, 37, 1–4.
[CrossRef]

71. Bai, L.; Meredith, R.; Burstein, F. A data quality framework, method and tools for managing data quality in a health care setting:
An action case study. J. Decis. Syst. 2018, 27, 144–154. [CrossRef]

72. Wang, R.Y.; Strong, D.M. Beyond accuracy: What data quality means to data consumers. J. Manag. Inf. Syst. 1996, 12, 5–33.
[CrossRef]

73. Yang, Z.; Cai, S.; Zhou, Z.; Zhou, N. Development and validation of an instrument to measure user perceived service quality of
information presenting Web portals. Inf. Manag. 2005, 42, 575–589. [CrossRef]

74. Liu, H. Official social media and its impact on public behavior during the first wave of COVID-19 in China. BMC Public Health
2022, 22, 428. [CrossRef] [PubMed]

75. Yang, F.; Zhong, B.; Kumar, A.; Chow, S.; Ouyang, A. Exchanging social support online a longitudinal social network analysis of
irritable bowel syndrome patients’ interactions on a health forum. J. Mass Commun. Q. 2018, 95, 1033–1057. [CrossRef]

http://doi.org/10.1186/s12992-020-00654-4
http://doi.org/10.1177/09732586211003856
http://doi.org/10.1016/j.brat.2011.01.004
http://doi.org/10.1017/S0954579410000301
http://www.ncbi.nlm.nih.gov/pubmed/20576181
http://doi.org/10.1111/etap.12261
http://doi.org/10.1007/s10660-016-9220-0
http://doi.org/10.1016/S0165-0327(99)00017-8
http://doi.org/10.2307/2136433
http://www.ncbi.nlm.nih.gov/pubmed/479524
http://doi.org/10.2196/19009
http://doi.org/10.1016/j.jadohealth.2020.07.001
http://doi.org/10.1016/j.psychres.2020.113452
http://doi.org/10.1371/journal.pone.0239698
http://doi.org/10.1016/j.techsoc.2021.101676
http://doi.org/10.1016/j.techsoc.2021.101573
http://doi.org/10.1016/S2468-2667(20)30086-4
http://doi.org/10.2196/23805
http://www.ncbi.nlm.nih.gov/pubmed/33302250
http://doi.org/10.1002/int.10074
http://doi.org/10.1016/j.pec.2020.08.001
http://doi.org/10.1136/bmjopen-2020-042453
http://doi.org/10.1108/LHTN-04-2020-0040
http://doi.org/10.1080/12460125.2018.1460161
http://doi.org/10.1080/07421222.1996.11518099
http://doi.org/10.1016/S0378-7206(04)00073-4
http://doi.org/10.1186/s12889-022-12803-y
http://www.ncbi.nlm.nih.gov/pubmed/35241057
http://doi.org/10.1177/1077699017729815


Int. J. Environ. Res. Public Health 2022, 19, 6751 18 of 18

76. Cheng, P.; Xia, G.; Pang, P.; Wu, B.; Jiang, W.; Li, Y.-T.; Wang, M.; Ling, Q.; Chang, X.; Wang, J.; et al. COVID-19 epidemic peer
support and crisis intervention via social media. Community Ment. Health J. 2020, 56, 786–792. [CrossRef]

77. Bikhchandani, S.; Hirshleifer, D.; Welch, I. A theory of fads, fashion, custom, and cultural change as informational cascades. J.
Political Econ. 1992, 100, 992–1026. [CrossRef]

78. Li, Q.; Wu, Z.; Yi, L.; N, K.S.; Qu, H.; Ma, X. WeSeer: Visual analysis for better information cascade prediction of WeChat articles.
IEEE Trans. Vis. Comput. Graph. 2020, 26, 1399–1412. [CrossRef]

79. Yang, C. Emotion diffusion, information cascades, and internet opinion deviation: A dynamic analysis based on emergency
events panel data from 2015 to 2020. J. China Soc. Sci. Tech. Inf. 2021, 40, 448–461.

80. Misra, S.; Stokols, D. Psychological and health outcomes of perceived information overload. Environ. Behav. 2011, 44, 737–759.
[CrossRef]

81. Hair, J.F.; Ringle, C.M.; Sarstedt, M. Partial least squares structural equation modeling: Rigorous applications, better results and
higher acceptance. Long Range Plann. 2013, 46, 1–12. [CrossRef]

82. Dijkstra, T.K.; Henseler, J. Consistent partical least squares path modeling. MIS Q. 2015, 39, 297–316. [CrossRef]
83. Henseler, J.; Hubona, G.; Ray, P.A. Using PLS path modeling in new technology research: Updated guidelines. Ind. Manag. Data

Syst. 2016, 116, 2–20. [CrossRef]
84. Fornell, C.; Larcker, D.F. Evaluating structural equation models with unobservable variables and measurement error. J. Mark. Res.

1981, 18, 39–50. [CrossRef]
85. Hair, J.F.; Risher, J.J.; Sarstedt, M.; Ringle, C.M. When to use and how to report the results of PLS-SEM. Eur. Bus. Rev. 2019, 31,

2–24. [CrossRef]
86. Preacher, K.J.; Hayes, A.F. Asymptotic and resampling strategies for assessing and comparing indirect effects in multiple mediator

models. Behav. Res. Methods 2008, 40, 879–891. [CrossRef] [PubMed]
87. Alin, A.; Kurt, S. Testing non-additivity (interaction) in two-way ANOVA tables with no replication. Stat. Methods Med. Res. 2006,

15, 63–85. [CrossRef]
88. Shmueli, G.; Ray, S.; Velasquez Estrada, J.M.; Chatla, S.B. The elephant in the room: Predictive performance of PLS models. J. Bus.

Res. 2016, 69, 4552–4564. [CrossRef]
89. Shmueli, G.; Sarstedt, M.; Hair, J.F.; Cheah, J.-H.; Ting, H.; Vaithilingam, S.; Ringle, C.M. Predictive model assessment in PLS-SEM:

Guidelines for using PLSpredict. Eur. J. Mark. 2019, 53, 2322–2347. [CrossRef]
90. Xu, J.; Liu, C. Infodemic vs. Pandemic factors associated to public anxiety in the early stage of the COVID-19 outbreak: A

Cross-Sectional study in china. Front. Public Health 2021, 9, 723648. [CrossRef]
91. Sopory, P.; Day, A.M.; Novak, J.M.; Eckert, K.; Wilkins, L.; Padgett, D.R.; Noyes, J.P.; Barakji, F.A.; Liu, J.; Fowler, B.N.; et al.

Communicating uncertainty during public health emergency events: A systematic review. Rev. Commun. Res. 2019, 7, 67–108.
[CrossRef]

92. Hernández-García, I.; Giménez-Júlvez, T. Assessment of health information about COVID-19 prevention on the internet: In-
fodemiological study. JMIR Public Health Surveill. 2020, 6, e18717. [CrossRef]

93. Shim, M.; Jo, H.S. What quality factors matter in enhancing the perceived benefits of online health information sites? Application
of the updated DeLone and McLean Information Systems Success Model. Int. J. Med. Inform. 2020, 137, 104093. [CrossRef]
[PubMed]

94. Hua, J.; Shaw, R. Corona virus (COVID-19) “infodemic” and emerging issues through a data lens: The case of china. Int. J. Environ.
Res. Public Health 2020, 17, 2309. [CrossRef] [PubMed]

95. Naeem, S.B.; Bhatti, R. The COVID-19 ‘infodemic’: A new front for information professionals. Health Inf. Libr. J. 2020, 37, 233–239.
[CrossRef]

96. Gallè, F.; Sabella, E.A.; Roma, P.; Ferracuti, S.; Da Molin, G.; Diella, G.; Montagna, M.T.; Orsi, G.B.; Liguori, G.; Napoli, C.
Knowledge and Lifestyle Behaviors Related to COVID-19 Pandemic in People over 65 Years Old from Southern Italy. Int. J.
Environ. Res. Public Health 2021, 18, 10872. [CrossRef] [PubMed]

97. Van der Linden, S.; Roozenbeek, J.; Compton, J. Inoculating against fake news about COVID-19. Front. Psychol. 2020, 11, 2928.
[CrossRef]

http://doi.org/10.1007/s10597-020-00624-5
http://doi.org/10.1086/261849
http://doi.org/10.1109/TVCG.2018.2867776
http://doi.org/10.1177/0013916511404408
http://doi.org/10.1016/j.lrp.2013.01.001
http://doi.org/10.25300/MISQ/2015/39.2.02
http://doi.org/10.1108/IMDS-09-2015-0382
http://doi.org/10.1177/002224378101800104
http://doi.org/10.1108/EBR-11-2018-0203
http://doi.org/10.3758/BRM.40.3.879
http://www.ncbi.nlm.nih.gov/pubmed/18697684
http://doi.org/10.1191/0962280206sm426oa
http://doi.org/10.1016/j.jbusres.2016.03.049
http://doi.org/10.1108/EJM-02-2019-0189
http://doi.org/10.3389/fpubh.2021.723648
http://doi.org/10.12840/ISSN.2255-4165.019
http://doi.org/10.2196/18717
http://doi.org/10.1016/j.ijmedinf.2020.104093
http://www.ncbi.nlm.nih.gov/pubmed/32078918
http://doi.org/10.3390/ijerph17072309
http://www.ncbi.nlm.nih.gov/pubmed/32235433
http://doi.org/10.1111/hir.12311
http://doi.org/10.3390/ijerph182010872
http://www.ncbi.nlm.nih.gov/pubmed/34682618
http://doi.org/10.3389/fpsyg.2020.566790

	Introduction 
	Literature Review and Hypotheses 
	Theoretical Basis 
	Social Media in Public Health Crises (Official and Private) and the Infodemic 
	Information Cascades and the Infodemic 
	Social Support and the Infodemic 
	Mediation and Moderation Variables and the Infodemic 

	Methods 
	Questionnaire and Samples 
	Measures 
	Information Quality (IQ) of Official Social Media Content 
	Social Support 
	Information Cascades 
	The COVID-19 Infodemic 

	Partial Least Squares Structural Equation Modeling (PLS-SEM) 

	Results 
	The Measurement Model 
	The Structural Model 
	Standardized Path Coefficient 
	Mediation Analysis 

	Moderating Analysis 
	Predict Partial Least Squares (PLS) Model 

	Discussion 
	Theoretical and Practical Implications 
	Limitations and Future Studies 

	Conclusions 
	References

