
International Journal of Computational Intelligence Systems
Vol. 14(1), 2021, pp. 922–934

DOI: https://doi.org/10.2991/ijcis.d.210223.001; ISSN: 1875-6891; eISSN: 1875-6883
https://www.atlantis-press.com/journals/ijcis/

Research Article

Understanding the Highly Sensitive Health Communication
Behavior in Social Media from the Perspective of the Risk
Perception Attitude Framework and Perceived Interactivity

Lusheng Guo1,*, , Lifang Liao2, Donglan Li3, Chunnian Liu1,*

1School of Management, Nanchang University, Nanchang, 330031, China
2Department of Electronic Business, South China University of Technology, Guangzhou, 510006, China
3Nanchang Reproductive Hospital, Nanchang, 330004, China

ART I C L E I N FO
Article History

Received 04 Oct 2020
Accepted 17 Feb 2021

Keywords

Social media
Perceived interactivity
Risk perception attitude
Perceived risk
Perceived involvement
Reproductive health

ABSTRACT
Integrating aspects of the risk perception attitude framework and perceived interactivity, this study investigates the impact of
the social media interaction environment on users’ motivation and behavioral intention to reproductive health communication.
A survey was conducted, and structural equation modeling was used to test the research model. The results demonstrate that
human–human interaction can improve self-efficacy and reduce perceived risk and has both direct and indirect positive effects
on health communication intention. However, human–information interaction has no significant impact on self-efficacy or
health communication intention, and it has a positive impact on perceived risk, thus indirectly affecting health communication
intention in a negative direction. The results also show that perceived involvement (PI) is a moderating variable. The findings
help us to understand how perceived interactivity affects highly sensitive health communication.

© 2021 The Authors. Published by Atlantis Press B.V.
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1. INTRODUCTION

Reproductive health (RH) is a state of complete physical, mental,
and social well-being, not merely the absence of disease or infirmity,
in all matters relating to the reproductive system and to its func-
tions and processes [1]. Problems of RH, which include diseases of
the reproductive system, early pregnancy, abortion, sexually trans-
mitted disease, and assisted reproduction [1], are highly sensitive
and even taboo topics in some Eastern countries [2]. In previous
times, people could only turn to their parents and closest friends
for information and advice on these problems. However, thanks to
the widespread availability of social media, such as Facebook and
WeChat, people have a new place they can turn when seeking health
information [3]. Such sites are often the first choice for adolescents
seeking RH information [2]. At the same time, social media has
become an important tool for healthcare providers to implement
targeted digital communication and interventions for RH [4,5].

Social media is characterized by high levels of interactivity and
sociality, which greatly benefit RH communication [6–9]. The
foremost topic feature of this assistance is “the widening and
accessibility access of health information to a variety of individ-
ual groups” [10]. Two-way communication channels support real-
time and convenient interaction and dialogue between users [11].
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Patients can join online health communities (OHCs) to discuss
and exchange information about their conditions, medications, and
health experiences [12]. At the same time as obtaining information
support, they can also receive emotional and social support, and
their self-efficacy can be improved [9,13].

However, the potential for hidden problems and risks brought
about by social media in health communication cannot be ignored
[14,15]. User-generated content (UGC) [16] has produced extensive
marketing content and incorrect information on social media [17],
which may have an irreversible effect on information adopter [18].
In the case of Wei Zexi in China, for example, treatment was delayed
due to the adoption of incorrect medical information, which ulti-
mately cost lives [19]. Privacy concerns are a key factor in RH com-
munication among social media users, especially when for highly
sensitive information [20–22]. In addition, the feedback interaction
mechanism of social media can raise concerns among users that
their own communications will be misunderstood by others and
even lead to discrimination, hostility, or aggression from others;
these concerns can create anxiety and tension [4,5,22,23]. There-
fore, the impacts of the social media interaction environment on
users’ intention to RH communication are very complex. The ways
in which the interactive environment of social media influences
users’ intentions to RH communication is the focus of this study.

Most previous studies have explored the positive impact of social
media on users’ intentions to health communication. Researchers
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found that the technical empowerment [24,25], perceived interac-
tivity [8,26–28], and social support [9] functions of social media
have a positive impact on users’ motivations (e.g., self-efficacy,
outcome expectation of health self-management, and outcome
expectations of social relationships) and health communication
intention. Recently, Li et al. [15] and Deng and Li [9] indicated that
risk factors should not be ignored. Users are willing to be involved
in health communication only when perceived benefits exceed per-
ceived risk [15]. Perceived risk may be an especially key factor for
highly sensitive RH topics, influencing people’s participation in RH
communication [4,5,29]. However, few studies have focused on the
influential factors of RH communication, especially on the impact
of the social media interaction environment on users’ perceived risk
and RH communication intentions.

To fill this gap, this study investigates the antecedent factors of
the intention to highly sensitive health communication by integrat-
ing the perspectives of the risk perception attitude (RPA) frame-
work and perceived interactivity. Social cognition theory (SCT)
[30] argues that individual behaviors are jointly influenced by envi-
ronmental factors and individual factors. Individuals participate in
health communication for the purpose of protecting their individ-
ual health, as part of self-protection behavior [9]. The RPA frame-
work is a well-established theory that assesses the motivation of
self-protection behavior, which holds that perceived risk and self-
efficacy are two dimensions that affect individual protection behav-
ior [9,31]. In this study, the terms perceived risk and self-efficacy
were taken from the RPA framework as variables of individual
motivation.

Among environmental factors, media synchronization theory
(MST) [32] holds that media tools can affect the quality and per-
formance of communication. Interactivity is the most prominent
feature of social media. Environmental psychology holds that
an individual’s perceived interactivity in a social media envi-
ronment is an important variable for his or her intention to
perform health communication [11,33]. Therefore, perceived inter-
activity is adopted as an environmental variable in this study. Hsu
et al. argued that perceived interactivity can be divided into two
dimensions: human–information interaction and human–human
interaction [34].

In addition, illness and individual involvement in illness can also
affect health communication behavior. Communication on RH
topics has always been a sensitive privacy topic [2,29], especially
in Eastern countries. The participants in communication topics
regarding RH may be more sensitive to perceived risk than other
illness [29]. This paper takes RH as a situational factor to better
investigate the antecedents of users’ intentions for health communi-
cation in this context. At the same time, we used perceived involve-
ment (PI) as a moderating variable to examine the role of perceived
interactivity at different levels of involvement in RH issues

In summary, the purpose of this study is to identify the antecedents
of RH communication by integrating the perspectives of the RPA
framework and perceived interactivity. Accordingly, this study
addresses the following four questions:

(1) Do user’s self-efficacy and perceived risk affect RH
communication?

(2) Does perceived interactivity affect RH communication? Do
the two dimensions of perceived interactivity affect RH com-
munication differently?

(3) Does perceived interactivity affect RH communication
through the mediation of self-efficacy and perceived risk?

(4) Does PI moderate the relationship between perceived inter-
activity and user’s perceived risk and self-efficacy?

2. LITERATURE REVIEW AND HYPOTHESIS
DEVELOPMENT

2.1. RPA Framework

Health communication in social media describes the events of “the
general public, patients, and health professionals communicating
about health issues using social media platforms” [35], includ-
ing health information sharing and seeking, which is a health
protection behavior [9]. The RPA framework was proposed by
Rimal [36], which indicated that individual protection behavior
could be explained in two dimensions, namely, perceived risk and
self-efficacy [31,37,38]. Perceived risk refers to users’ subjective
expectation of potential uncertainties or possible losses in health
communication with social media [39], which can be divided into
perceived health risk and perceived information risk. The former
promotes health communication behaviors [31,37,38], while the
latter negatively affects health communication behaviors [9]. This
paper explores whether the interactive environment of social media
brings risks to RH communication, so that perceived risk refers
to the latter, including information uncertainty risk, privacy risk,
and psychological risk. Users may experience concerns about the
irreversible physical effects of adopting incorrect health informa-
tion [9], hesitation about the disclosure of their private informa-
tion [21,40,41], and psychological pressure, such as nervousness
and anxiety, due to the highly sensitive nature of RH communica-
tions [40], all of which negatively affect their intentions to RH com-
munication. Therefore, the following hypothesis is proposed:

H1: Perceived information risk has a negative association with
health communication intention.

Self-efficacy is defined as individuals’ expectation of their ability to
achieve a certain behavior and the expectation of positive results
from participating in a particular behavior [31,42]. Many studies
have shown that self-efficacy significantly affects users’ informa-
tion behaviors [43–45], including health communication behaviors
[9,46]. Therefore, the following hypothesis is proposed:

H2: Information self-efficacy has a positive association with
health communication intentions.

2.2. Perceived Interactivity

Perceived interactivity refers to the user’s experience and self-
reporting of the interactive environment, and it is a psychologi-
cal perception variable [47], which can be defined as the extent to
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which users perceive their experiences of interpersonal interactions
and the sense that they are in the presence of a social other [8,48].

The perceived interactivity can be divided into two dimen-
sions: human–information interaction and human–human interac-
tion [8,28]. Human–information interaction refers to interactions
between people and content, as well as to the degree of control over
content people have through social media’s functions of inquiry,
selection, replying, forwarding, and commenting [28]. It reflects
users’ perception of the interaction convenience of the social media
technology environment and the satisfaction of users’ information
needs.

By contrast, human–human interaction refers to the interpersonal
interaction carried out through the function of information send-
ing and receiving and real-time communication in social media
[28], a kind of parasocial interaction in the form of a network [48].
Social media is the tool and locus of interaction, and the subject
of interaction is the individual who is understood to be behind the
interaction on the other side of social media. In human–human
interaction, users perceive the convenience of the interaction envi-
ronment of social media as well as the response speed, attitude, and
emotional and social support of the interaction objects [9], which
satisfies users’ informational, emotional, and social needs [49].

Perceived interactivity is widely recognized for its influence on
user acceptance and continuance intention [11,26,49]. Lin and
Chang found that perceived interactivity affects health man-
agement efficiency, social relationship efficiency, and health
information exchange in social media users [8]. That is, they
demonstrated the impact of perceived interactivity on the self-
efficacy dimension of the RPA framework [8], although the impact
on the perceived risk dimension has not been clearly investigated.
However, for highly sensitive RH communications, users are con-
cerned about the content professionalism, privacy leakage, and
psychological risk in interactions on social media. Therefore, the
perceived risk entailed by the interaction environment of social
media cannot be ignored. To fill this knowledge gap, this paper
investigates whether perceived interactivity affects health commu-
nications through both dimensions of the RPA framework.

2.2.1. Perceived interactivity and perceived
information risk

Human–information interaction describes the convenience of pro-
cessing information content through social media [28]. The impact
of human–information interaction on perceived risk may be com-
plex. On the one hand, an efficient human–machine interactive sys-
tem can allow users to obtain additional information and reduce the
risk of information uncertainty [50]. On the other hand, using tech-
nology can have various risks [15]. Efficient human–information
interaction often comes at the expense of security. For exam-
ple, relative to the professional-generated health information dis-
seminated by traditional media, the UGC of social media greatly
improves the human–information interaction, but it also increases
the health information risk of patient adopters because its pro-
fessionalism and value cannot be guaranteed [51]. Some social
media platforms allow the release of medical records, pictures, and
videos instead of merely text to improve human–information inter-
action, but this also increases privacy risks, such as the disclosure
of personal biometric information [21,52], especially in the highly

sensitive area of RH. Considering the current state of affairs, where
users are very dissatisfied with the quality of health information on
social media [53], and even up to 50% of users believe that it cannot
be trusted [54], this study suggests that high human–information
interaction leads to high perceived risk.

H3: human–information interaction is positively correlated with
perceived risk.

By contrast, human–human interaction reflects the convenience of
interpersonal interactions between social media users [8,28], which
can be evaluated along the dimensions of connectivity, respon-
siveness, and relationship [11]. Panteli and Sockalingam [55] and
Chang [49] found that sustained and lasting online interactions
with others enable users to build mutual trust, which, in turn, facil-
itates trusting behaviors, such as the sharing and adoption of health
information. Lee et al. [50] considered that online interactivity can
reduce the perceived risk of customers. Real-time human–human
interaction with doctors, friends, and other patients through social
media can help users calm their doubts, identify the authenticity of
health information, and receive encouragement and support from
others, thus reducing perceived risk [56]. Zhang et al. [53] found
that the public is most interested in personalized and interactive
communication with clinicians through social media. Therefore, we
believe that human–human interaction can reduce perceived risk.
Accordingly, we propose the following hypothesis:

H4: human–human interaction has a negative association with
perceived information risk.

2.2.2. Perceived interactivity and information
self-efficacy

The main purpose of social media users’ participation in health
communication is to obtain health knowledge or information to
improve their competence in dealing with disease and self-efficacy
[25,35]. MST [32] holds that the information transmission and pro-
cessing capabilities of a type of media affect the quality and perfor-
mance of communications [8,57]. Therefore, human–information
interaction, which reflects the ability of social media to spread and
process information, will affect people’s performance in acquiring
health information and knowledge and health self-efficacy [11,49].
Accordingly, we propose the following hypothesis:

H5: human–information interaction has a positive association
with information self-efficacy.

When people encounter health problems, they seek relevant health
information as well as communicating face-to-face with their rel-
atives, friends, and peers through social media to obtain informa-
tion and emotional support [13]. They also participate in OHCs
through social media, seek out people with similar health prob-
lems, and gain social support by exchanging health information,
recommending doctors through word-of-mouth, sharing treat-
ment advice, and encouraging and supporting each other [12,58].
Research has shown that social support in relation to health has
a positive effect on users’ self-efficacy [9,13,57], especially emo-
tional support [9,13]. Many studies have shown that human–human
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interaction in social media can affect the communication quality
and performance, as well as the degree of information support and
social support obtained, thus affecting self-efficacy [8,28,49]. The
following hypothesis is therefore proposed:

H6: human–human interaction has a positive association with
information self-efficacy.

2.2.3. Perceived interactivity and health
communication intention

Social media is a social computing tool [59], and its human–
information interaction features determine the efficiency and
convenience of its information content processing [28]. Chang
et al.’s study revealed that human–information interaction affects
information communication, emotion and social gratification, and
continuance intention [49]. Wei et al. [28] found that human–
information interaction can affect people’s attitudes toward and
perceived stickiness of social media. People tend to use social media
for information exchange only when they believe that it can provide
useful interaction functions [59]. Lin and Chang [8] revealed that
human–information interaction can affect the outcome expecta-
tions of health management, thus affecting the intentions to health
communication. Therefore, the following hypotheses are proposed:

H7: human–information interaction has a positive association
with health communication intentions.

Human–human interaction is a computer-mediated interpersonal
interaction [59,60], which emphasizes the bidirectional, responsive,
and real-time nature of communication [8,61]. Health communi-
cation between doctors and patients or between patients can be
conducted through social media for the passing of relevant health
knowledge or information, as well as for social and emotional sup-
port [49]. Many studies have shown that human–human interac-
tion affects the quality of communication [60], which in turn affects
people’s communication satisfaction and the intention of the next
health communication [8,26,49]. Therefore, we propose the follow-
ing hypothesis:

H8: human–human interaction has a positive association with
health communication intentions.

2.3. Role of PI

PI refers to the degree to which an individual feels any stim-
ulus or situation to be relevant [62,63]. Laurent argued that
perceived importance, perceived risk, and perceived value are
important dimensions of PI [64]. When people realize that their sit-
uation has importance, value, or risk for them, they tend to enter
into a state of high involvement.

The degree of users’ PI in something is considered to be an impor-
tant variable influencing attitudes to that thing and information
behavior [65]. Depending on the level of involvement, users may
be passive or active when they receive RH communication through
social media, and they may limit or extend their processing of this
communication [64]. Low-involvement users without RH problems

may passively receive RH information through social media and
consider it useless or even difficult or risky, while high-involvement
users may hold the opposite view. In other words, PI may moder-
ate the relationship between social media interactivity and user per-
ception (self-efficacy and perceived information risk). The higher
the user’s PI in RH, the more likely they are to perceive the bene-
fits of social media interaction and ignore its disadvantages. That is,
perceived involvement can enhance the positive impact of the per-
ceived interactivity of social media on self-efficacy, while reducing
the negative impact on perceived information risk. Therefore, the
following hypotheses are proposed:

H9a: Involvement reduces the positive impact of human–
information interaction on information perceived risk.

H9b: Involvement enhances the positive influence of human–
information interaction on information self-efficacy.

H9c: Involvement enhances the negative influence of
human–human interaction on information perceived risk.

H9d: Involvement enhances the positive influence of human–
human interaction on information self-efficacy.

Taking PI as an individual health context variable, this paper dis-
cusses how perceived interactivity as a technical environment vari-
able of social media in different health contexts affects perceived
information risk and self-efficacy at the level of individual per-
ception, as well as health communication intention at the level of
behavior. The research model is given in Figure 1.

3. METHODOLOGIES

3.1. Measurements

A questionnaire survey was conducted to collect individual per-
ceptions of the RH behavior of social media users. To ensure the
validity of the results, all of the instruments used to measure the
constructs in this study were derived from previous studies and
modified according to the actual survey requirements. Moreover,
before any formal survey, two small-scale preliminary surveys were
conducted, and modifications were made to the measurement items
based on the feedback data.

The questionnaire is divided into two parts. The first part collects
the basic information on the participants, and the second measures

Figure 1 Research model.
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the constructs through the measurement items. A 5-point Likert
scale was used to collect quantitative data, in degrees from less to
more and from negative to positive, rated from 1 to 5.

The measurement items for measuring human–information inter-
action derive from Lin and Chang [8]. The item measuring human–
human interaction is adapted from Rimal and Juon [31]. The
measurement items for perceived risk were drawn from Liang et al.
[66]. Some of the measurement items for information self-efficacy
were adopted from Varshney [67], Chen and Hung [68], and oth-
ers, and some were constructed for this research. Health commu-
nication intention uses Lin’s measurements [8]. See Appendix for
specific construct measurements.

3.2. Data Collecting Process

The data were taken from two sources. First, friends of the research
team, including some former patients who have become friends
through WeChat, were invited to participate in an online question-
naire through WeChat moments or a WeChat group (138 sources
of valid data). Most of these participants had no or minor RH prob-
lems at present. Second, the patients of the Nanchang Reproduc-
tive Hospital in China, who all had conditions or concerns closely
related to RH, were invited to participate in the paper questionnaire
survey (133 sources of valid data), distributed to patients with the
assistance of doctors.

All surveys were conducted anonymously, and a total of 279 ques-
tionnaires were collected. After removing invalid questionnaires
with the same exclusion options and missing responses, 271 valid
questionnaires were obtained, with an effective rate of 97.1%, which
exceeded the minimum sample size of 100–150 required by the
structural equation modeling (SEM) technique recommended by
Gefen et al. [69].

The online and offline questionnaire items were identical, and the
data were homogeneous, so we combined them for analysis. The
demographic characteristics of the sample are shown in Table 1.
Two-thirds of the participants in the questionnaire were women,
twice as many as men, which is in line with the male-to-female ratio
of the patients at the Nanchang Reproductive Hospital. According
to data on RH experiences and severity, about two-thirds of the
samples were from those who had experienced RH problems, so the
samples reflected the realities of RH.

4. RESULTS

IBM AMOS 24 and the IBM SPSS Statistics 24 were used for the
statistical analyses. The two-step approach suggested by Anderson
and Gerbing [70] was used for the data analysis: the measurement
model was estimated, and the structural relationships among latent
constructs were examined.

4.1. Evaluation of Measurement Model

4.1.1. Reliability and validity analysis

The measurement model was evaluated with reliability and validity
analysis. Standardized loading, Cronbach’s alpha, combined relia-
bility (CR), and average variance extracted (AVE) of the measure-
ment model are shown in Table 2. Cronbach’s alpha was used to
verify the reliability, and the value of all indicators for it exceeded
0.7. The convergence validity was tested according to the loadings,
AVE and CR. All load factors exceeded 0.5, and only two loadings
(0.687, 0.659) did not exceed 0.7. All AVE values exceeded 0.5, and
all CR values exceeded 0.7. Therefore, this scale had high conver-
gent validity and combination validity.

Table 1 Sample characteristics (N = 271).
Variable N Percentage Variable N Percentage
Gender Age
Male 88 32.5 <20 3 1.1
Female 183 67.5 20–30 121 44.6
Education level 30–40 92 33.9
Middle school or less 99 36.5 40–50 48 17.7
Junior college 40 14.8 >50 7 2.6
University 114 42.1 Reproductive problems
Postgraduate 16 5.9 Never 89 32.8
Doctorate 2 0.7 Many years ago 54 19.9
Profession Nearly 3 years 54 19.9
Doctors and nurses 54 19.9 Almost 1 year 44 16.2
Enterprises, institutions 49 18.1 Past 6 months 30 11.1
Services, business 33 12.2 Problem severity
Student 34 12.5 No problem 87 32.1
Others 101 37.3 Slight problem 61 22.5

Some trouble 61 22.5
More trouble 38 14.0
Serious trouble 24 8.9
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The discriminant validity was tested by comparing the square root
value of AVE with the correlation coefficient between the indi-
cators, as shown in Table 3. It can be seen that all indicators’
correlation coefficients were less than the square root of AVE, which
indicates that the questionnaire had good discriminant validity. In
general, the questionnaire in this paper had high reliability and
validity.

4.1.2. Testing the model’s goodness of fit

In this study, AMOS 24.0 software was used to test the model’s
goodness of fit. The indices of the model’s goodness of fit are shown
in Table 4. Χ2/df is 1.93 and lower than 3. RMSEA is 0.059 lower
than 0.08. AGFI is 0.863 and higher than 0.8. CFI, NFI, IFI, and
TLI are all greater than 0.9. Thus, all of the fit indices are acceptable
based on the suggestions of Hair et al. [71], which indicate that the
model fits the data well.

4.2. Structural Model Testing Results

The structural model was evaluated with AMOS 24 to test the
hypothetical relationships among constructs. Figure 2 shows the

normalized path coefficient and path significance. All hypothe-
sis relationships were significant, with p-values of less than 0.05,
except for the correlations between human–information interac-
tion and self-efficacy (H4), and between human–information inter-
action and health communication intention (H7). That is, H1,
H2, H3, H5, H6, and H8 were supported, while H4 and H7
were not.

4.3. Mediating Effect Testing Results

We further tested the mediating effects of self-efficacy and per-
ceived risk on human–information interaction, human–human
interaction and HCI using the bootstrap method in AMOS. The
results are demonstrated in Table 5. The results show that human–
information interaction affects health communication intentions
through the complete mediating of perceived risk (β = −0.044, p <
0.05), while human–human interaction affects health communi-
cation intentions through the partial mediating of perceived risk
(β = 0.116, p < 0.001) and self-efficacy (β = 0.199, p < 0.01), and
the indirect effect is greater than the direct effect.

Table 2 Measurement model statistics.
Construct Item Standard Loadings Cronbach’s Alpha CR AVE

Human–information interaction (HII) HII1 0.761 0.885 0.890 0.730
HII2 0.910
HII3 0.885

Human–human interaction (HHI) HHI1 0.777 0.879 0.881 0.650
HHI2 0.854
HHI3 0.827
HHI4 0.764

Perceived risk (PR) PR1 0.700 0.827 0.830 0.553
PR2 0.863
PR3 0.687
PR4 0.710

Self-efficacy (SE) SE1 0.816 0.897 0.898 0.687
SE2 0.838
SE3 0.842
SE4 0.819

Health communication intention (HCI) HCI1 0.771 0.835 0.839 0.567
HCI2 0.659
HCI3 0.764
HCI4 0.809

Table 3 Construct correlations and square roots of AVE.
Construct HII HHI PR SE HCI
HII 0.854
HHI 0.615 0.806
PR −0.082 −0.325 0.744
SE 0.479 0.674 −0.206 0.829
HCI 0.370 0.634 −0.475 0.628 0.753

Table 4 Test results for model’s goodness of fit.

Index 𝜒2/df RMSEA AGFI CFI NFI IFI TLI
Reference <3 <0.08 >0.08 >0.9 >0.9 >0.9 >0.9
Result 1.930 0.059 0.863 0.956 0.913 0.956 0.945
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Figure 2 SEM analysis of research model.

Table 5 Results of the mediating effects.
Effects Β Lower Upper p
Direct Effect: HII->HCI −0.010 −0.139 0.128 0.911
Indirect Effect: HII->HCI −0.014 −0.115 0.072 0.662
HII->PR->HCI −0.044 −0.104 −0.005 0.027*

HII->SE->HCI 0.030 −0.022 0.104 0.212
Direct Effect: HI->HCI 0.251 0.053 0.451 0.011*

Indirect Effect: HHI->HCI 0.315 0.1877 0.491 0.001**

HHI->PR->HCI 0.116 0.057 0.210 0.000***

HHI->SE-HCI 0.199 0.088 0.361 0.001**

*p < 0.05, **p < 0.01, ***p < 0.001.

Table 6 Moderating effects test results.
PR SEIndependent

Variable Model 1 Model 2 Model 1 Model 2

HII −0.024 −0.034 0.411*** 0.418***

PI −0.278*** −2.267*** 0.167** 0.159**

HII×PI −0.135* 0.096
R2 0.080 0.098 0.221 0.230
∆R2 – 0.018 – 0.009
∆F – 5.355* – 3.178
HHI −0.201** −0.212*** 0.583*** 0.582***

PI −0.227*** −0.222*** 0.078 0.075
HHI×PI −0.116* 0.049*

R2 0.117 0.130 0.371 0.382
∆R2 – 0.013 – 0.010
∆F – 4.071* – 4.411*

*p < 0.05, **p < 0.01, ***p < 0.001.

4.4. Moderating Effect Testing Results

In this paper, SPSS 24.0 was used for hierarchical regression analy-
sis to verify the moderating effect of PI on the relationship between
perceived interaction and users’ psychological perception layer
(perceived risk, self-efficacy). The test results are shown in Table 6.
They indicate that involvement has a significant negative moder-
ating effect on the relationship between human–information inter-
action and perceived risk (β = −0.135,ΔF = 5.355, p < 0.05),
as shown in Figure 3, but it has no moderating effect on the rela-

tionship between human–information interaction and self-efficacy;
therefore, H9a was supported but H9b was not.

According to the results in Table 5, involvement has an enhanced
moderating effect on the relationship between human–human
interaction and perceived information risk (β = −0.116,ΔF =
4.071, p < 0.05), as well as on the relationship between human–
human interaction and information self-efficacy (β = 0.049,ΔF =
4.411, p < 0.05), as shown in Figures 4 and 5. Therefore, H9c and
H9d were valid.
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Figure 3 Moderation of involvement on the relationship between HII and
PR.

Figure 4 Moderation of involvement on the relationship between HHI
and PR.

Figure 5 Moderation of involvement on the relationship between HHI
and SE.

5. DISCUSSION

5.1. Major Findings

This study promotes the understanding of processes whereby inter-
active features and RPA frameworks influence communication
intentions about highly sensitive RH in social media. Several find-
ings are reported as follows.

First, the two dimensions of the RPA framework, self-efficacy and
perceived information risk, both have a significant influence on
RH communication, and the effect of self-efficacy is positive while
the perceived information risk is negative. These findings are in
line with Deng’s findings that self-efficacy and perceived risk are
predictors for health communication behavior [9], and are simi-
lar to Li’s view that Chinese social media users engage in health
communication only when perceived benefits outweigh perceived
risk [8].

Second, human–information interaction has no significant direct
effect on intention to RH communication, but it has significant neg-
ative mediating effect through perceived risk. These findings are

contrary to our expectations and to the results produced by Lin and
Chang [8] that more human–information interaction will enhance
the outcome expectations of health self-management and promote
health communication. The explanation for this may be that in the
highly sensitive context of RH, users are very concerned about pri-
vacy leakage during human–information interaction through social
media, thus weakening the benefits of human–information inter-
action. However, Lin’s research [8] fails to consider the effect of
human–information interaction on perceived risk. The results also
reveal that more human–information interaction will increase per-
ceived risk and thus weakens RH communication intentions. This
finding provides an explanation for the fact that 50% of users in
Beijing believed that health information generated by social media
users was not reliable [54], as well as the fact that US adults’ use of
social media for sharing health information declined between 2013
and 2017 [72].

Third, more human–human interaction of social media can sig-
nificantly reduce users’ perceived risk, improve self-efficacy, and
directly and indirectly promote communication intentions in RH,
which is different from human–information interaction. These
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findings support Lin’s finding that more human–human interac-
tion can improve outcome expectations of health self-management
and social relationships, thus promoting health communication [8],
but it also revealed that it could also reduce people’s perceived risk.
Human–human interaction can enhance the relationship between
interacting objects to obtain social support. Deng and Liu’s [9]
study reveals that social support can reduce people’s perceived risk
and enhance self-efficacy, thus promoting health communication,
which provides an explanation for our findings.

Fourth, our mediating testing results indicate that perceived inter-
activity affects health communication through RPA framework
mediation. Specifically, perceived risk completely mediates the
impact of human–information interaction on health communi-
cation intentions. Perceived risk and self-efficacy jointly partly
mediate the influence of human–human interaction on health
communication intention, and the indirect effect size is larger than
the direct effect. These findings extend Lin’s research that perceived
interactivity affects health communication only through outcome
expectations.

Finally, it is found that the user situational factor (PI) is a moder-
ating variable for the relationship between perceived interactivity
and user’s psychological perception (perceived risk, self-efficacy).
High-involvement users are more likely to perceive the benefits
of human–human interaction, including the improvement of self-
efficacy and the reduction of perceived risk. Additionally, the influ-
ence of human–information interaction on perceived risk also
changes from increasing to decreasing. This finding reveals the
boundaries of perceived interactivity on health communication.

5.2. Theoretical Implications

The results of this study have implications for theory. First,
although past studies have revealed the antecedents for health
communication in social media [8,9], few have investigated the
antecedents of health communication in social media on highly
sensitive topics like RH, which is different from general topics.
Therefore, understanding the antecedents of RH communication
in social media is important because it can extend our knowledge
about how to facilitate digital communication and intervention for
HR [4,5] via social media.

Second, although previous studies have found that the two dimen-
sions of RPA (perceived risk and self-efficacy) are important inter-
nal motivation factors that affect health communication in social
media [9,15], and perceived interactivity is an important external
environmental factor [8]. The impact between the two and their
combined impact on health communication has not been closely
investigated. By integrating perceived interactivity and RPA into the
SCT, this study contributes to the current SCT and RPA framework
literature by revealing the association between the interactive fea-
tures of social media, RPA framework, and individual’s behavior.

Third, this study addresses the direct, indirect, and boundary effects
of different dimensions of perceived interactivity on RH commu-
nication in social media, which contributes to a more comprehen-
sive understanding of the impact mechanisms of the social media
interaction environment on health communication. The difference
of the effects of different dimensions of perceived interactivity on

health communication, the mediating effect of perceived risk, and
the moderating effect of PI have been found. Those findings, to the
best of our knowledge, have not been reported in previous studies.
Our study provides a new insight into the influence mechanism of
social media interactive environment on individual behavior.

5.3. Practical Implications

From a practical perspective, this study has several implications
for reproductive healthcare providers (healthcare personnel and
health information service personnel), health APP developers, and
administrators of medical institutions and governments. First, the
results show that self-efficacy is a key factor for health commu-
nication. Therefore, healthcare providers should provide commu-
nication services to meet users’ information needs and emotional
and to improve their outcome expectations. At the same time,
they should also communicate in easy-to-understand language to
enhance users’ self-efficacy.

Second, the results showed that perceived risk is another key factor
in health communication. Therefore, reproductive healthcare insti-
tutions and government administrators should formulate relevant
rules and regulations to restrict reproductive healthcare providers
to protect users’ privacy and ensure information professionalism,
so as to reduce users’ perceived information risks. Moreover, the
communication tone should be motivational, friendly, encourag-
ing, polite, and respectful, rather than didactic, shameful [4], so as
to reduce users’ perceived psychological risk.

Third, the results also show that better human–human inter-
action characteristics of social media may improve users’ self-
efficacy, reduce perceived risk, and promote RH communication,
while human–information interaction has different effects on per-
ceived risk at different levels of involvement. Therefore, reproduc-
tive healthcare providers should choose social media platforms
with high human–human interaction potential for communica-
tion, and health APP designers should improve the human–human
interaction of apps to promote RH communication. At the same
time, healthcare providers should adopt novel information ser-
vice strategies to respond to different levels of user involvement.
For low-involvement users who are particularly sensitive to risks,
a low-interaction approach should be adopted, while for high-
involvement users, a high-interaction approach should be adopted,
so as to better reduce users’ perceived risks and thus promote health
communication.

5.4. Limitations

This study had some limitations. First, high-involvement individu-
als come from patients and their families in only one reproductive
hospital. Since there is no maternity department in this reproduc-
tive hospital, the vast majority of patients suffer from highly pri-
vate and painful RH problems such as reproductive system diseases,
sexually transmitted diseases or infertility, rather than low-privacy
or pleasant RH problems such as pregnancy or childbirth. Second,
the illness experience and the degree of health problem risk were
selected as the measures for involvement factors in this paper, which
did not take into account the perception of people (such as rela-
tives and friends of patients) without relevant experience but with a
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high degree of concern about the health problem, which may cause
the measurement of PI to be inaccurate. Therefore, future research
needs to expand the scope of investigation and optimize the scale
for PI.

CONFLICTS OF INTEREST

There are no known conflicts of interest.

AUTHORS’ CONTRIBUTIONS

Guo constructed the research model, wrote and revised the paper.
Liao analyzed the data and wrote the first draft of the paper.
Li conducted surveys and collected data. Liu designed and directed
the study and provided revision advice.

Funding Statement

This study was jointly funded by the National Natural Science
Foundation of China and the Education Department of Jiangxi
Province, but it was not involved in this study except for financial
support.

ACKNOWLEDGMENTS

This work was supported by the national natural science foundation of
China [grant number: 72064029 and 72064027]; and the university human-
ities and social sciences project of Jiangxi province, China [grant number:
JC18116]. This study has been approved by the medical ethics review com-
mittee of Nanchang reproductive hospital in China. We would also like to
thank those who participated in the survey for their generous time and
thoughtful advice.

REFERENCES

[1] WHO, Reproductive health, 2020. https://www.who.int/westernp
acific/health-topics/reproductive-health

[2] S. Yanti, D. Susanne, P. Lilis, N. Aat Ruchiat, Social media and
reproductive health - communication model of adolescent repro-
ductive health in social media, KnE Soc. Sci. 2 (2017), 28–34.

[3] S.C. Kim, K.H. Hawkins, The psychology of social media com-
munication in influencing prevention intentions during the 2019
U.S. measles outbreak, Comput. Hum. Behav. 111 (2020), 106428.

[4] J. Chipps, Clients’ perceptions and experiences of targeted dig-
ital communication accessible via mobile devices for reproduc-
tive, newborn, child, and adolescent health, Res. Nurs. Health. 43
(2020), 431–434.

[5] H.M.R. Ames, C. Glenton, S. Lewin, T. Tamrat, E. Akama,
N. Leon, Clients’ perceptions and experiences of targeted dig-
ital communication accessible via mobile devices for repro-
ductive, maternal, newborn, child, and adolescent health: a
qualitative evidence synthesis, Cochrane Database Syst. Rev. 10
(2019), CD013447.

[6] N. Scott, D. Goode, The use of social media (some) as a learning
tool in healthcare education: an integrative review of the literature,
Nurse Educ. Today. 87 (2020), 104357.

[7] A. Perrin, M. Anderson, Share of U.S. adults using social media,
including Facebook, is mostly unchanged since 2018, 2019, Pew
Research Center. (2019), https://pewrsr.ch/2VxJuJ3

[8] H.-C. Lin, C.-M. Chang, What motivates health information
exchange in social media? The roles of the social cognitive theory
and perceived interactivity, Inf. Manage. 55 (2018), 771–780.

[9] Z. Deng, S. Liu, Understanding consumer health information-
seeking behavior from the perspective of the risk perception
attitude framework and social support in mobile social media
websites, Int. J. Med. Inform. 105 (2017), 98–109.

[10] P. Sharma, P.D. Kaur, Effectiveness of web-based social sensing in
health information dissemination—a review, Telemat. Inform. 34
(2017), 194–219.

[11] X. Xu, Z. Yao, Q. Sun, Social media environments effect on
perceived interactivity an empirical investigation from WeChat
moments, Online Inform. Rev. 43 (2019), 239–255.

[12] X. Wang, K. Zhao, N. Street, Analyzing and predicting user partic-
ipations in online health communities: a social support perspec-
tive, J. Med. Internet Res. 19 (2017), e130.

[13] H.J. Oh, C. Lauckner, J. Boehmer, R. Fewins-Bliss, K. Li, Face-
booking for health: an examination into the solicitation and
effects of health-related social support on social networking sites,
Comput. Hum. Behav. 29 (2013), 2072–2080.

[14] M. Antheunis, K. Tates, T. Nieboer, Patients’ and health profes-
sionals’ use of social media in health care: motives, barriers and
expectations, Patient. Educ. Couns. 92 (2013), 426–431.

[15] Y. Li, X. Wang, X. Lin, M. Hajli, Seeking and sharing health infor-
mation on social media: a net valence model and cross-cultural
comparison, Technol. Forecast. Soc. Chang. 126 (2016), 28–40.

[16] P. Montemurro, A. Porcnik, P. Heden, M. Otte, The influence of
social media and easilyaccessible online information on the aes-
thetic plastic surgery practice: literature review and our own expe-
rience, Aesthet. Plast. Surg. 39 (2015), 270–277.

[17] V. Nadasan, The quality of online health-related Information –
an emergent consumer health issue, Acta Med. Marisiensis. 62
(2016), 408–421.

[18] A. Lau, E. Gabarron, L. Fernandez-Luque, M. Armayones, Social
media in health – what are the safety concerns for health con-
sumers?, HIM J. 41 (2012), 30–35.

[19] Q. Zhao, How media chould promote medicine: reflection of Wei
Zexi affair, Med. Philo. 37 (2016), 87–90.

[20] Y. Li, Theories in online information privacy research: a criti-
cal review and an integrated framework, Decis. Support. Syst. 54
(2012), 471–481.

[21] E. Asiri, H. Asiri, M. Househ, Exploring the concepts of privacy
and the sharing of sensitive health information, in: J. Mantas,
M.S. Househ, A. Hasman (Eds.), Integrating Information Tech-
nology and Management for Quality of Care, IOS Press, Amster-
dam, Netherlands, 2014, pp. 161–164.

[22] M. Househ, R. Grainger, C. Petersen, P. Bamidis, M. Merolli, Bal-
ancing between privacy and patient needs for health informa-
tion in the age of participatory health and social media: a scoping
review, Yearb. Med. Inform. 27 (2018), 29–36.

[23] M. Jozani, E. Ayaburi, M. Ko, K.-K.R. Choo, Privacy concerns and
benefits of engagement with social media-enabled apps: a privacy
calculus perspective, Comput. Hum. Behav. 107 (2020), 106260.

[24] W.B. Lober, J.L. Flowers, Consumer empowerment in health care
amid the internet and social media, Semin. Oncol. Nurs. 27
(2011), 169–182.

https://www.who.int/westernpacific/health-topics/reproductive-health
https://www.who.int/westernpacific/health-topics/reproductive-health
https://doi.org/10.18502/kss.v2i4.864
https://doi.org/10.18502/kss.v2i4.864
https://doi.org/10.18502/kss.v2i4.864
https://doi.org/10.1016/j.chb.2020.106428
https://doi.org/10.1016/j.chb.2020.106428
https://doi.org/10.1016/j.chb.2020.106428
https://doi.org/10.1002/nur.22028
https://doi.org/10.1002/nur.22028
https://doi.org/10.1002/nur.22028
https://doi.org/10.1002/nur.22028
https://doi.org/10.1002/14651858.CD013447
https://doi.org/10.1002/14651858.CD013447
https://doi.org/10.1002/14651858.CD013447
https://doi.org/10.1002/14651858.CD013447
https://doi.org/10.1002/14651858.CD013447
https://doi.org/10.1002/14651858.CD013447
https://doi.org/10.1016/j.nedt.2020.104357
https://doi.org/10.1016/j.nedt.2020.104357
https://doi.org/10.1016/j.nedt.2020.104357
https://pewrsr.ch/2VxJuJ3
https://doi.org/10.1016/j.im.2018.03.006
https://doi.org/10.1016/j.im.2018.03.006
https://doi.org/10.1016/j.im.2018.03.006
https://doi.org/10.1016/j.ijmedinf.2017.05.014
https://doi.org/10.1016/j.ijmedinf.2017.05.014
https://doi.org/10.1016/j.ijmedinf.2017.05.014
https://doi.org/10.1016/j.ijmedinf.2017.05.014
https://doi.org/10.1016/j.tele.2016.04.012
https://doi.org/10.1016/j.tele.2016.04.012
https://doi.org/10.1016/j.tele.2016.04.012
https://doi.org/10.1108/OIR-12-2016-0344
https://doi.org/10.1108/OIR-12-2016-0344
https://doi.org/10.1108/OIR-12-2016-0344
https://doi.org/10.2196/jmir.6834
https://doi.org/10.2196/jmir.6834
https://doi.org/10.2196/jmir.6834
https://doi.org/10.1016/j.chb.2013.04.017
https://doi.org/10.1016/j.chb.2013.04.017
https://doi.org/10.1016/j.chb.2013.04.017
https://doi.org/10.1016/j.chb.2013.04.017
https://doi.org/10.1016/j.pec.2013.06.020
https://doi.org/10.1016/j.pec.2013.06.020
https://doi.org/10.1016/j.pec.2013.06.020
https://doi.org/10.1016/j.techfore.2016.07.021
https://doi.org/10.1016/j.techfore.2016.07.021
https://doi.org/10.1016/j.techfore.2016.07.021
https://doi.org/10.1007/s00266-015-0454-3
https://doi.org/10.1007/s00266-015-0454-3
https://doi.org/10.1007/s00266-015-0454-3
https://doi.org/10.1007/s00266-015-0454-3
https://doi.org/10.1515/amma-2016-0048
https://doi.org/10.1515/amma-2016-0048
https://doi.org/10.1515/amma-2016-0048
https://doi.org/10.1177/183335831204100204
https://doi.org/10.1177/183335831204100204
https://doi.org/10.1177/183335831204100204
https://doi.org/10.12014/j.issn.1002-0772.2016.12a.24
https://doi.org/10.12014/j.issn.1002-0772.2016.12a.24
https://doi.org/10.1016/j.dss.2012.06.010
https://doi.org/10.1016/j.dss.2012.06.010
https://doi.org/10.1016/j.dss.2012.06.010
https://doi.org/10.3233/978-1-61499-423-7-161
https://doi.org/10.3233/978-1-61499-423-7-161
https://doi.org/10.3233/978-1-61499-423-7-161
https://doi.org/10.3233/978-1-61499-423-7-161
https://doi.org/10.3233/978-1-61499-423-7-161
https://doi.org/10.1055/s-0038-1641197
https://doi.org/10.1055/s-0038-1641197
https://doi.org/10.1055/s-0038-1641197
https://doi.org/10.1055/s-0038-1641197
https://doi.org/10.1016/j.chb.2020.106260
https://doi.org/10.1016/j.chb.2020.106260
https://doi.org/10.1016/j.chb.2020.106260
https://doi.org/10.1016/j.soncn.2011.04.002
https://doi.org/10.1016/j.soncn.2011.04.002
https://doi.org/10.1016/j.soncn.2011.04.002


932 L. Guo et al. / International Journal of Computational Intelligence Systems 14(1) 922–934

[25] R.S. Mano, Social media and online health services: a health
empowerment perspective to online health information, Comput.
Hum. Behav. 39 (2014), 404–412.

[26] T. Park, J. Nam, The effects of perceived interactivity on informa-
tion acceptance in mobile health information service, J. Korean
Soc. Inf. Manag. 34 (2017), 151–177.

[27] S. Bellur, S.S. Sundar, Talking health with a machine: how does
message interactivity affect attitudes and cognitions?, Hum. Com-
mun. Res. 43 (2017), 25–53.

[28] H.-L. Wei, K.-Y. Lin, H.-P. Lu, I.H. Chuang, Understanding the
intentions of users to ‘stick’ to social networking sites: a case study
in Taiwan, Behav. Inform. Technol. 34 (2015), 151–162.

[29] C. Dehlendorf, W. Rinehart, Communication in reproductive
health: intimate topics and challenging conversations, Patient.
Educ. Couns. 81 (2010), 321–323.

[30] A. Bandura, D.H. Schunk, Cultivating competence, self-efficacy,
and intrinsic interest through proximal self-motivation, J. Pers.
Soc. Psychol. 41 (1981), 586–598.

[31] R. Rimal, H.-S. Juon, Use of the risk perception attitude frame-
work for promoting breast cancer prevention, J. Appl. Soc. Psy-
chol. 40 (2010), 287–310.

[32] A.R. Dennis, R.M. Fuller, J.S. Valacich, Media, tasks, and commu-
nication processes: a theory of media synchronicity, Mis. Quart.
32 (2008), 575–600.

[33] S. Uhrich, J. Koenigstorfer, Effects of atmosphere at major sports
events: a perspective from environmental psychology, Int. J. Sport.
Manag. Market. 10 (2009), 56–75.

[34] M.-H. Hsu, C.-M. Chang, H.-C. Lin, Y.-W. Lin, Determinants of
continued use of social media: the perspectives of uses and gratifi-
cations theory and perceived interactivity, Inform. Res. 20 (2015).
671. http://InformationR.net/ir/20-2/paper671.html

[35] A. Moorhead, D. Hazlett, L. Harrison, J. Carroll, A. Irwin, C. Hov-
ing, A new dimension of health care: systematic review of the uses,
benefits, and limitations of social media for health communica-
tion, J. Med. Internet Res. 15 (2013), e85.

[36] R. Rimal, Perceived risk and rfficacy beliefs as motivators of
change: use of the Risk Perception Attitude (RPA) gramework
to understand health behaviors, Hum. Commun. Res. 29 (2003),
370–399.

[37] R. Rimal, Perceived risk and self-efficacy as motivators: under-
standing individuals’ long-term use of health information, J.
Commun. 51 (2006), 633–654.

[38] V. Simonds, A. Omidpanah, D. Buchwald, Diabetes prevention
among American Indians: the role of self-efficacy, risk perception,
numeracy and cultural identity, BMC Public Health. 17 (2017),
763.

[39] M.S. Featherman, P.A. Pavlou, Predicting e-services adoption: a
perceived risk facets perspective, Int. J. Hum.-Comput. Stud. 59
(2003), 451–474.

[40] M. Cocosila, N. Archer, Y. Yuan, Early investigation of new
information technology acceptance: a perceived risk - motivation
model, J. Assoc. Inf. Syst. 25 (2009), 339–358.

[41] Y.W. Sullivan, C.E. Koh, Social media enablers and inhibitors:
understanding their relationships in a social networking site con-
text, Int. J. Inf. Manage. 49 (2019), 170–189.

[42] A. Bandura, Self-efficacy: toward a unifying theory of behavioral
change, Adv. Behav. Res. Ther. 1 (1978), 139–161.

[43] G.-W. Bock, Y.-G. Kim, Breaking the myths of rewards: an
rxploratory study of attitudes about knowledge sharing, Inf.
Resour. Manag. J. 15 (2002), 14–21.

[44] J. Bronstein, The role of perceived self-efficacy in the information
seeking behavior of library and information science students, J.
Acad. Librariansh. 40 (2014), 101–106.

[45] J. Yang, Exploring Correlations of Information Seeking Behavior
and Self-efficacy in Mobile Internet Context, HKU Theses Online
(HKUTO), The University of Hong Kong, Pokfulam, Hong Kong,
2015.

[46] A.C. Johnston, J.L. Worrell, P.M. Di Gangi, M. Wasko, Online
health communities an assessment of the influence of participa-
tion on patient empowerment outcomes, Inf. Technol. People. 26
(2013), 213–235.

[47] J. Newhagen, Interactivity, dynamic symbol processing, and the
emergence of content in human communication, Inf. Soc. 20
(2004), 395–400.

[48] Q. Chen, S. Rodgers, Relationships between blogs as EWOM and
interactivity, perceived interactivity, and parasocial interaction, J.
Interact. Advert. 6 (2006), 5–44.

[49] C.-M. Chang, Understanding social networking sites continu-
ance: the perspectives of gratifications, interactivity and network
externalities, Online Inform. Rev. 42 (2018), 989–1006.

[50] E.M. Lee, J.O. Jeon, W. Choi, Analysis of the relationships among
interactivity of internet shopping mall, perceived risk, rerceived
value, and trust dimensions, J. Internet Electron. Commer. Res. 9
(2009), 415–439.

[51] Y. Li, X. Zhang, S. Wang, Fake vs. real health information in social
media in China, Proceed. Assoc. Infor. Sci. Technol. 54 (2017),
742–743.

[52] J.H. Kietzmann, K. Hermkens, I.P. McCarthy, B.S. Silvestre, Social
media? Get serious! Understanding the functional building blocks
of social media, Bus. Horiz. 54 (2011), 241–251.

[53] X. Zhang, D. Wen, J. Liang, J. Lei, How the public uses social
media wechat to obtain health information in China: a survey
study, BMC Med. Inform. Decis. Mak. 17 (2017), 71–79.

[54] S. Hou, Y. Gan, Q. Bai, Present situation of using health informa-
tion technologies in residents of Beijing, Chinese J. Med. Libr. Inf.
Sci. 25 (2016), 41–44.

[55] N. Panteli, S. Sockalingam, Trust and conflict within virtual inter-
organizational alliances: a framework for facilitating knowledge
sharing, Decis. Support. Syst. 39 (2005), 599–617.

[56] W.-Y. Lin, X. Zhang, H. Song, K. Omori, Health information
seeking in the Web 2.0 age: trust in social media, uncertainty
reduction, and self-disclosure, Comput. Hum. Behav. 56 (2016),
289–294.

[57] C.M. Vasilica, Impact of Using Social Media to Increase Patient
Information Provision, Networking and Communication, School
of Nursing, Midwifery, Social Work and Social Sciences, Uni-
versity of Salford, Salford, UK, Manchester, 2015, p. 323.
http://usir.salford.ac.uk/id/eprint/38038

[58] S. Parameswaran, R. Kishore, Social support in online health com-
munities: a social-network approach, in Proceedings of the 2018
ACM SIGMIS Conference on Computers and People Research,
Buffalo-Niagara Falls, NY, USA, 2018.

[59] L. Zhao, Y. Lu, Enhancing perceived interactivity through net-
work externalities: an empirical study on micro-blogging service
satisfaction and continuance intention, Decis. Support. Syst. 53
(2012), 825–834.

[60] P.B. Lowry, N.C. Romano, J.L. Jenkins, R.W. Guthrie, The CMC
interactivity model: how interactivity enhances communication
quality and process satisfaction in lean-media groups, J. Manage.
Inform. Syst. 26 (2009), 155–196.

https://doi.org/10.1016/j.chb.2014.07.032
https://doi.org/10.1016/j.chb.2014.07.032
https://doi.org/10.1016/j.chb.2014.07.032
https://doi.org/10.3743/KOSIM.2017.34.3.151
https://doi.org/10.3743/KOSIM.2017.34.3.151
https://doi.org/10.3743/KOSIM.2017.34.3.151
https://doi.org/10.1111/hcre.12094
https://doi.org/10.1111/hcre.12094
https://doi.org/10.1111/hcre.12094
https://doi.org/10.1080/0144929X.2014.928745
https://doi.org/10.1080/0144929X.2014.928745
https://doi.org/10.1080/0144929X.2014.928745
https://doi.org/10.1016/j.pec.2010.11.001
https://doi.org/10.1016/j.pec.2010.11.001
https://doi.org/10.1016/j.pec.2010.11.001
https://doi.org/10.1037/0022-3514.41.3.586
https://doi.org/10.1037/0022-3514.41.3.586
https://doi.org/10.1037/0022-3514.41.3.586
https://doi.org/10.1111/j.1559-1816.2009.00574.x
https://doi.org/10.1111/j.1559-1816.2009.00574.x
https://doi.org/10.1111/j.1559-1816.2009.00574.x
https://doi.org/10.2307/25148857
https://doi.org/10.2307/25148857
https://doi.org/10.2307/25148857
https://doi.org/10.1108/IJSMS-10-04-2009-B005
https://doi.org/10.1108/IJSMS-10-04-2009-B005
https://doi.org/10.1108/IJSMS-10-04-2009-B005
https://doi.org/10.2196/jmir.1933
https://doi.org/10.2196/jmir.1933
https://doi.org/10.2196/jmir.1933
https://doi.org/10.2196/jmir.1933
https://doi.org/10.1093/hcr/29.3.370
https://doi.org/10.1093/hcr/29.3.370
https://doi.org/10.1093/hcr/29.3.370
https://doi.org/10.1093/hcr/29.3.370
https://doi.org/10.1111/j.1460-2466.2001.tb02900.x
https://doi.org/10.1111/j.1460-2466.2001.tb02900.x
https://doi.org/10.1111/j.1460-2466.2001.tb02900.x
https://doi.org/10.1186/s12889-017-4766-x
https://doi.org/10.1186/s12889-017-4766-x
https://doi.org/10.1186/s12889-017-4766-x
https://doi.org/10.1186/s12889-017-4766-x
https://doi.org/10.1016/S1071-5819(03)00111-3
https://doi.org/10.1016/S1071-5819(03)00111-3
https://doi.org/10.1016/S1071-5819(03)00111-3
https://doi.org/10.17705/1CAIS.02530
https://doi.org/10.17705/1CAIS.02530
https://doi.org/10.17705/1CAIS.02530
https://doi.org/10.1016/j.ijinfomgt.2019.03.014
https://doi.org/10.1016/j.ijinfomgt.2019.03.014
https://doi.org/10.1016/j.ijinfomgt.2019.03.014
https://doi.org/10.1016/0146-6402(78)90002-4
https://doi.org/10.1016/0146-6402(78)90002-4
https://doi.org/10.4018/irmj.2002040102
https://doi.org/10.4018/irmj.2002040102
https://doi.org/10.4018/irmj.2002040102
https://doi.org/10.1016/j.acalib.2014.01.010
https://doi.org/10.1016/j.acalib.2014.01.010
https://doi.org/10.1016/j.acalib.2014.01.010
http://dx.dio.org/10.5353/th_b5611583
http://dx.dio.org/10.5353/th_b5611583
http://dx.dio.org/10.5353/th_b5611583
http://dx.dio.org/10.5353/th_b5611583
https://doi.org/10.1108/ITP-02-2013-0040
https://doi.org/10.1108/ITP-02-2013-0040
https://doi.org/10.1108/ITP-02-2013-0040
https://doi.org/10.1108/ITP-02-2013-0040
https://doi.org/10.1080/01972240490508108
https://doi.org/10.1080/01972240490508108
https://doi.org/10.1080/01972240490508108
https://doi.org/10.1080/15252019.2006.10722117
https://doi.org/10.1080/15252019.2006.10722117
https://doi.org/10.1080/15252019.2006.10722117
https://doi.org/10.1108/OIR-03-2017-0088
https://doi.org/10.1108/OIR-03-2017-0088
https://doi.org/10.1108/OIR-03-2017-0088
https://doi.org/10.1002/pra2.2017.14505401139
https://doi.org/10.1002/pra2.2017.14505401139
https://doi.org/10.1002/pra2.2017.14505401139
https://doi.org/10.1016/j.bushor.2011.01.005
https://doi.org/10.1016/j.bushor.2011.01.005
https://doi.org/10.1016/j.bushor.2011.01.005
https://doi.org/10.1186/s12911-017-0475-8
https://doi.org/10.1186/s12911-017-0475-8
https://doi.org/10.1186/s12911-017-0475-8
http://dx.dio.org/10.3969/j.issn.1671-3982.2016.04.009
http://dx.dio.org/10.3969/j.issn.1671-3982.2016.04.009
http://dx.dio.org/10.3969/j.issn.1671-3982.2016.04.009
https://doi.org/10.1016/j.dss.2004.03.003
https://doi.org/10.1016/j.dss.2004.03.003
https://doi.org/10.1016/j.dss.2004.03.003
https://doi.org/10.1016/j.chb.2015.11.055
https://doi.org/10.1016/j.chb.2015.11.055
https://doi.org/10.1016/j.chb.2015.11.055
https://doi.org/10.1016/j.chb.2015.11.055
https://doi.org/10.1145/3209626.3209725
https://doi.org/10.1145/3209626.3209725
https://doi.org/10.1145/3209626.3209725
https://doi.org/10.1145/3209626.3209725
https://doi.org/10.1016/j.dss.2012.05.019
https://doi.org/10.1016/j.dss.2012.05.019
https://doi.org/10.1016/j.dss.2012.05.019
https://doi.org/10.1016/j.dss.2012.05.019
https://doi.org/10.2753/MIS0742-1222260107
https://doi.org/10.2753/MIS0742-1222260107
https://doi.org/10.2753/MIS0742-1222260107
https://doi.org/10.2753/MIS0742-1222260107


L. Guo et al. / International Journal of Computational Intelligence Systems 14(1) 922–934 933

[61] S. McMillan, J.-S. Hwang, Measures of perceived interactivity: an
exploration of the role of direction of communication, user con-
trol, and time in shaping perceptions of interactivity, J. Advert. 31
(2013), 29–42.

[62] J.-N. Kim, J. Grunig, Problem solving and communicative action:
a situational theory of problem solving, J. Commun. 61 (2011),
120–149.

[63] M. Sherif, H. Cantril, The Psychology of Ego-involvements:
Social Attitudes and Identifications, The Psychology of Ego-
Involvements, John Wiley & Sons Inc., Somerset, UK, 1947, pp.
162–163.

[64] G. Laurent, J.-N. Kapferer, Measuring consumer involvement pro-
files, J. Mark. Res. 22 (1985), 41–53.

[65] M.L. Rothschild, Perspectives on involvement: current problems
and future directions, Adv. Consum. Res. 11 (1984), 216–217.

[66] H. Liang, Y. Xue, S.K. Chase, Online health information seeking
by people with physical disabilities due to neurological conditions,
Int. J. Med. Inform. 80 (2011), 745–753.

[67] U. Varshney, Mobile health: four emerging themes of research,
Decis. Support. Syst. 66 (2014),        20–35.

[68] C.-J. Chen, S.-W. Hung, To give or to receive? Factors influencing
members’ knowledge sharing and community promotion in pro-
fessional virtual communities, Inf. Manage. 47 (2010), 226–236.

[69] D. Gefen, D. Straub, M.-c. Boudreau, Structural equation model-
ing and regression: guidelines for research practice, J. Assoc. Inf.
Syst. 4(7) (2000). 77.

[70] J. Anderson, D. Gerbing, Structural equation modeling in prac-
tice: a review of recommended two-step approach, Psychol. Bull.
103 (1988), 411–423.

[71] I. Jolliffe, J. Hair, Journal of the Royal Statistical Society. Series A
(Statistics in Society), 151(3), 1988. 558–559.

[72] J.H. Huo, R. Desai, Y.R. Hong, K. Turner, A.G. Mainous, J. Bian,
Use of social media in health communication: findings from the
health information national trends survey 2013, 2014, and 2017,
       Cancer Control. 26 (2019), 10.

https://doi.org/10.1080/00913367.2002.10673674
https://doi.org/10.1080/00913367.2002.10673674
https://doi.org/10.1080/00913367.2002.10673674
https://doi.org/10.1080/00913367.2002.10673674
https://doi.org/10.1111/j.1460-2466.2010.01529.x
https://doi.org/10.1111/j.1460-2466.2010.01529.x
https://doi.org/10.1111/j.1460-2466.2010.01529.x
https://doi.org/10.1037/10840-000
https://doi.org/10.1037/10840-000
https://doi.org/10.1037/10840-000
https://doi.org/10.1037/10840-000
https://doi.org/10.1177/002224378502200104
https://doi.org/10.1177/002224378502200104
https://doi.org/10.2307/2392957
https://doi.org/10.2307/2392957
https://doi.org/10.1016/j.ijmedinf.2011.08.003
https://doi.org/10.1016/j.ijmedinf.2011.08.003
https://doi.org/10.1016/j.ijmedinf.2011.08.003
https://doi.org/10.1016/j.dss.2014.06.001
https://doi.org/10.1016/j.dss.2014.06.001
https://doi.org/10.1016/j.im.2010.03.001
https://doi.org/10.1016/j.im.2010.03.001
https://doi.org/10.1016/j.im.2010.03.001
https://doi.org/10.17705/1CAIS.00407
https://doi.org/10.17705/1CAIS.00407
https://doi.org/10.17705/1CAIS.00407
https://doi.org/10.1037/0033-2909.103.3.411
https://doi.org/10.1037/0033-2909.103.3.411
https://doi.org/10.1037/0033-2909.103.3.411
https://doi.org/10.2307/2983017
https://doi.org/10.2307/2983017
https://doi.org/10.1177/1073274819841442
https://doi.org/10.1177/1073274819841442
https://doi.org/10.1177/1073274819841442
https://doi.org/10.1177/1073274819841442


934 L. Guo et al. / International Journal of Computational Intelligence Systems 14(1) 922–934

APPENDIX: MEASUREMENT SCALES

Human–Information Interaction (HII)
HII1: I can easily get health information or other people’s expe-

rience by using social media
HII2: I can easily share or forward health information by using

social media
HII3: I can easily like or comment on health information by

using social media

Human–Human Interaction (HHI)
HH1: I can easily exchange ideas with others (friends, doctors,

patients) by using social media
HH2: I can easily establish a good relationship with others

(strangers, doctors, patients) and become friends by using
social media

HH3: I can easily get encouragement, comfort, and support from
other people (friends, doctors, patients) by using social media

HH4: I can easily verify the authenticity and usefulness of infor-
mation from others (relatives, friends, doctors) by using
social media

Perceived Risk (PR)
PR1a: Are you worried about the professionalism and authen-

ticity of social media information?
PR1b: Are you worried about the health consequences of adopt-

ing social media messages?
PR2: Do you worry about privacy when communicating with

friends, family, or doctors on WeChat?
PR3: Do you worry about privacy when you communicate

anonymously in virtual communities (e.g., haodoc.com,
online patients’ groups)?

PR4: Do you feel psychological pressure when you communicate
with friends or doctors on WeChat?

Information Self-Efficacy (SE)
SE1: I think social media health information can increase my

knowledge and ability of reproductive health
SE2: I believe that communication through social media can

solve some of my reproductive health problems or doubts
SE3: I believe that communication through social media can

build or maintain good relationships with others (doctors,
friends, and patients)

SE4a: I think I can tell the truth and validity of most information
by analyzing it or communicating with others

SE4b: I think I have high information literacy and can protect
my information security and privacy

Health Communication Intention (HCI)
HCI1: Are you willing to use social media for reproductive

health information?
HCI2: Are you willing to share your reproductive health infor-

mation or knowledge on social media?
HCI3: If you have a reproductive health problem, are you willing

to seek out people with the same problem on social media for
consultation and communication?

HCI4: If you have a reproductive health problem, are you willing
to seek help from friends or doctors on social media?

Perceived Involvement (PI)
PI1: How long ago did you or your family have a reproductive

health problem?
PI2: If you or a family member has had a reproductive health

problem, how serious is it?

haodoc.com
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