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A B S T R A C T

Nowadays, it is a common practice for healthcare professionals to spread medical knowledge by
posting health articles on social media. However, promoting users’ intention to share such ar-
ticles is challenging because the extent of sharing intention varies in their eHealth literacy (high
or low) and the content valence of the article that they are exposed to (positive or negative). This
study investigates boundary conditions under which eHealth literacy and content valence help to
increase users’ intention to share by introducing a moderating role of confirmation bias—a
tendency to prefer information that conforms to their initial beliefs. A 2 (eHealth literacy: high
vs. low) × 2 (content valence: positive vs. negative) between-subjects experiment was conducted
in a sample of 80 participants. Levels of confirmation bias ranging from extreme negative bias to
extreme positive bias among the participants were assessed during the experiment. Results
suggested that: (1) users with a high level of eHealth literacy were more likely to share positive
health articles when they had extreme confirmation bias; (2) users with a high level of eHealth
literacy were more likely to share negative health articles when they had moderate confirmation
bias or no confirmation bias; (3) users with a low level of eHealth literacy were more likely to
share health articles regardless of positive or negative content valence when they had moderate
positive confirmation bias. This study sheds new light on the role of confirmation bias in users’
health information sharing. Also, it offers implications for health information providers who
want to increase the visibility of their online health articles: they need to consider readers’
eHealth literacy and confirmation bias when deciding the content valence of the articles.

1. Introduction

As acknowledged by healthcare professionals, social media play a notable role in reaching broad audiences and facilitating online
interactions such as healthcare campaign promotions and health information dissemination (Guo, Guo, Fang, & Vogel, 2017;
Mano, 2014; Shi, Poorisat, & Salmon, 2018). Given such advantages, over half of public health organizations in the United States have
provided health information services on social media (Thackeray, Neiger, Smith, & Van Wagenen, 2012). Particularly in China,
offering online health articles via social media has become a prevalent way for healthcare professionals to make users learn about
medical knowledge (Zhang, Guo, Xu, & Li, 2020).
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Recognized as reputable and trustworthy health information providers, healthcare professionals are able to post self-authored
health articles via social media such as Weibo and WeChat. Capitalizing on their registered accounts of these platforms, users can
forward such health information (Gao, Tian, & Tu, 2015). Moreover, these writers are also encouraged to publish health articles on
some professional websites, including Ding Xiang Yuan (www.dxy.cn), Guoke (www.guokr.com), and Zhihu (www.zhihu.com).
Likewise, users disseminate these articles through a sharing function of these websites such as reposting them on their preferred social
media platforms.

Users’ sharing of online health articles has become increasingly important. For health information providers, the sharing behavior
enhances the visibility of their health articles, which probably informs more readers (Shi, Poorisat, & Salmon, 2018). For users, they
benefit from the sharing behavior as it might enable them to create online personal healthcare knowledge repositories (Mano, 2014).
If needed, users could conveniently retrieve and access these articles that have been shared on social media platforms. When we
finalized this manuscript, the 2020 coronavirus pandemic (COVID-19) has forced many people to do activities online. An emerging
trend we observed is that people share relevant articles, which healthcare professionals published on social media platforms, with
their friends or family so as to increase their awareness to defend against the virus. Therefore, we focus on such health information
sharing: users actively choosing to share an article provided by trustworthy healthcare professionals through sharing functions, or
post a link to an article on social media platforms.

Despite the importance, it is very challenging to employ an effective strategy to promote users’ intention to share for two reasons.
First, current literature suggests that users’ intention to share health information on social media may differ in terms of their levels of
eHealth literacy (e.g., Chi, He, Han, & Jiang, 2018; Zhang et al., 2018). eHealth literacy refers to the extent to which a user possesses
the capacity to seek, understand, evaluate and use online health information needed to make appropriate health-related decisions
(Norman & Skinner, 2006; Van der Vaart et al., 2011). Generally, compared to their counterparts, users who hold a high level of
eHealth literacy tend to actively engage in online health-related activities, such as health information seeking and use (Chang et al.,
2015; Quinn, Bond, & Nugent, 2017; Zhang, Sun, & Kim, 2017).

Second, when editing an online health article, the providers have to consider how to design the specific content valence. Content
valence refers to the overall emotions embedded in an online article, which are commonly classified as positive and negative
(Meng et al., 2018). For a given health topic, positive and negative writing styles may yield distinct stories (Kim, 2015). Additionally,
extant research reveals mixed findings regarding the effect of content valence on online information diffusion. For example, negative
online articles seem to draw readers’ attention quickly and cause more transmissions (e.g., Chua & Banerjee, 2018; Yin, Zhang, & Liu,
2020). By contrast, some research argues that positive online articles could drive information seekers to share it with others (e.g.,
Berger & Milkman, 2012; Myrick, 2017). Hence, current literature has not achieved a consensus on whether positive or negative
online health articles evoke users’ intention to share.

To promote users’ intention to share health articles on social media by solving two issues above, we posit that users have formed
their own initial beliefs before exposed to a health article, and subsequently, these initial beliefs play a critical role in their following
assessment of content embedded in the article. This assumption is inspired by a stream of research that argues that humans are
shaped by their prior attitudes and viewpoints when processing information (e.g., Alba, Broniarczyk, Shimp, & Urbany, 1994; Jonas,
Schulz-Hardt, Frey, & Thelen, 2001). Specifically, we argue that users, as they make sense of and cognitively process an online health
article, exhibit confirmation bias. For this study, confirmation bias refers to the extent to which a user prefers an online health article
that conforms to their initial beliefs and attitudes (Yin, Mitra, & Zhang, 2016).

Related literature has pointed out that confirmation bias affects a user's information-processing styles. If someone has an extreme
confirmation bias, he or she is likely to agree with online articles that hold standpoints similar to their initial beliefs while rejecting
those contrary to their preexisting attitudes (Vydiswaran, Zhai, Roth, & Pirolli, 2015). On the other hand, if someone holds a moderate
confirmation bias, he or she might be cautious on their initial beliefs and thus evaluates the online articles mainly depending on their
information-use experiences (Knobloch-Westerwick, Johnson, & Westerwick, 2014), as well as the specific content characteristics
(Knobloch-Westerwick & Kleinman, 2012). Following this view, we argue that the confirmation bias could play a moderating role in the
relationships among users’ eHealth literacy, content valences of online health articles, and their intention to share.

This study holds both theoretical and practical significance. On the theoretical front, this study is among the first attempts to
incorporate the confirmation bias into users’ intention to share online health articles on social media. In particular, it proposes an
explanation mechanism about how eHealth literacy and content valence promote users’ intention to share health articles by in-
troducing the moderating effect of confirmation bias. On the practical front, the findings of this study may inform those healthcare
professionals who want to increase the visibility of their online health articles. For example, before posting health articles, they are
supposed to consider target readers’ eHealth literacy and confirmation bias when deciding the content valence of the articles.

The rest of the paper proceeds as follows. The next section presents the literature review on eHealth literacy and information
sharing, content valence and information sharing, as well as the role of confirmation bias in information sharing, also followed by a
research model highlighted in a figure. After that, we detail the methodology and results of this study. Finally, the paper ends with a
discussion and conclusion, including key findings, theoretical implications, practical implications, and future research directions.

2. Literature review

2.1. eHealth literacy and information sharing

eHealth literacy was perhaps firstly proposed by Norman and Skinner (2006). It is a multifaceted construct including several key
dimensions such as essential mastery of medical knowledge and information-search skills, which are adapted from health literacy and
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online information literacy (Crook, Stephens, Pastorek, Mackert, & Donovan, 2016; Van de Vord, 2010; Van der Vaart et al., 2011). We
compared the three related constructs—health literacy, online information literacy, and eHealth literacy—based on the review of
relevant literature (e.g., Institute of Medicine, 2004; Van de Vord, 2010; Van der Vaart et al., 2011). We find that despite overlaps
between each concept, they highlight several distinct abilities of online users. The comparison between the three constructs is
presented in Table 1.

First, regarding health literacy, it emphasizes that users should receive health education and master essential health and medical
knowledge (Institute of Medicine, 2004). Such knowledge can help them make informed health-related decisions, including
healthcare services selection, disease prevention, and health promotion (Fu, Chen, & Zheng, 2020; Nutbeam, 2000). Prior research
also indicates that users who have high health literacy are more likely to share health information with others (e.g., Crook, Stephens,
Pastorek, Mackert, & Donovan, 2016; Pian, Song, & Zhang, 2020). This is perhaps because those who hold high health literacy can
recognize and articulate their health information needs and thus know how to share the health information with others effectively.

Second, regarding online information literacy, it highlights that users should know how to use digital technologies like computers
and social media services to conduct effective information search on the internet. In brief, high online information literacy requires
that users should possess a high self-efficacy for using digital technologies and essential online information-search skills. Otherwise,
even though someone knows how to recognize and articulate their health information needs, he or she might not obtain prompt
online healthcare services due to a lack of the ability to access online health information resources (Pian, Song, & Zhang, 2020).

Third, regarding eHealth literacy, it underlines how users effectively learn, understand, and process online health information by
using digital technologies and online information-search skills for their health decision-making. Because eHealth literacy underscores
online health information-search skills, it is reasonable to associate one's eHealth literacy with online health information-seeking.
Related studies find that users with a high level of eHealth literacy tend to engage in online health information-seeking activities
frequently (e.g., Chang et al., 2015; Quinn et al., 2017; Wong & Cheung, 2019). Also, eHealth literacy stresses users’ self-efficacy for
using digital technologies. Accordingly, a user with a high level of eHealth literacy is able to handle health-related apps on their
smartphones and wearable devices (Cho, Park & Lee, 2014; Kim, Shin, & Yoon, 2017; Zhang et al., 2018).

Several researchers have conjectured that eHealth literacy could be highly associated with users’ online health information
sharing because eHealth literacy serves their online health interactions (e.g., Zhang et al., 2017, 2018). In our research context,
whether users are willing to share health articles on social media might involve relevant online health interactions. When a user with
a high level of eHealth literacy reads an online health article, he or she may flexibly connect medical knowledge embedded in the
article to the reality such as one's current health condition and lifestyle. Consequently, the user might share the article with others for
further discussions or clarifications (Chi et al., 2018). Users sharing a health article could also be a critical step to make a health-
related decision such as deciding to inform doctors and discuss with them (Chen, Guo, Wu, & Ju, 2020). Unfortunately, relevant
empirical investigations into the impact of eHealth literacy on the intention to share are still lacking. Thus, we propose the first
hypothesis as follows.

H1: Users with higher eHealth literacy have a stronger intention to share health articles than those with lower eHealth literacy.

2.2. Content valence and information sharing

Past research has put much effort into exploring the mechanisms underlying the relationship between the content valence of the
online information (positive or negative) and its diffusion among information consumers (e.g., Berger & Milkman, 2012; Kim, 2015;
Meng et al., 2018; Wang, Zhou, Jin, Fang, & Lee, 2017; Yin, Zhang, & Liu, 2020). Nonetheless, understanding about whether positive
or negative online information evokes users’ sharing intention more readily has not achieved a consensus in the literature. Indeed,
there are two competing mechanisms underlying the relationships between content valences of online information and its diffusion.

The first viewpoint suggests that positive online information is more likely to motivate users to share. This is probably because
sharing positive online information may help the sharers establish a positive image. Most people prefer to share positive content with
others to make them feel good, thereby making a good impression on others (Berger & Milkman, 2012). In contrast to sharing the
positive content for the self-presentation purpose, the second viewpoint argues that negative online information is more likely to
drive consumers’ sharing intention. For example, the literature on online word-of-mouth indicates that negative online reviews on
products and services draw information seekers’ attention more easily and arouse their intention to share such negative content with
peers to avoid potential purchase risks (Yin et al., 2016).

Table 1
Comparisons among health literacy, online information literacy and eHealth literacy.

Construct Definition Highlighted ability Key reference

Health literacy Capability to acquire, handle, comprehend health and
medical knowledge needed for health decision-making

Essential health and medical knowledge;
Proper health decision-making

Institute of Medicine, 2004

Online information
literacy

Capability to seek, understand, evaluate and use
online information through digital technologies

Self-efficacy for using digital technologies;
Information-search skills

Van de Vord, 2010

eHealth literacy Capability to seek, understand, evaluate and use
online health information through digital technologies
for acquiring and comprehend health and medical
knowledge needed for health decision-making

Self-efficacy for using (health) digital
technologies; Health information-search
skills; Proper (online) health decision-
making

Van der Vaart et al., 2011
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In our research context, both two mechanisms could help to explain why users intend to share positive (or negative) health
articles on social media rather than the opposite ones. On the one hand, users are likely to share positive health information with
others as they would like to create a self-image that pays attention to healthcare in public. On the other hand, users might be more
willing to share negative health information with others because such potential risks mentioned in the negative health information
are more critical to our lives and survival. For this study, it is essential to explore which content valence (positive or negative) of
health articles exposure to users can drive their stronger intention to share. Thus, we propose hypotheses as follows.

H2a: Users have a stronger intention to share positive health articles than negative ones.
H2b: Users have a stronger intention to share negative health articles than positive ones.

2.3. The role of confirmation bias in sharing information

Confirmation bias often occurs when users encounter online information that favors or challenges their prior beliefs and preexisting
attitudes. In this case, they tend to accept information that conforms to their preexisting beliefs and attitudes, but ignore information
that deviates them (van Strien, Kammerer, Brand-Gruwel, & Boshuizen, 2016). This bias also affects their online information processing.
For example, some research finds that people actively search for online information consistent with their preexisting beliefs, opinions,
attitudes or expectations (e.g., Itzchakov & Van Harreveld, 2018), whereas some other research suggests that users prefer to consume
and share like-minded online articles but avoid competing ones (e.g., Knobloch-Westerwick & Kleinman, 2012).

Confirmation bias varies in terms of one's confidence in their prior beliefs and preexisting attitudes (Yin et al., 2016). Con-
firmation bias will be strengthened for those who are more likely to trust in their prior beliefs (Jonas et al., 2001). Such self-
confidence also affects their assessment of the specific content characteristics of given online information that they are exposed to, as
well as their related information-search experience (Knobloch-Westerwick & Kleinman, 2012). For instance, if people are more
confident in their initial beliefs, they are more likely to form an extreme confirmation bias (e.g., very agree or very disagree) when
encountering online information. In this case, people are inclined to process the information by leveraging their preexisting beliefs
rather than the content characteristics of the information or their particular information-seeking and information-use experience
(Yin et al., 2016).

On the other hand, if people are less uncertain about their initial beliefs, they will form a moderate confirmation bias when
encountering online information. In this case, people are inclined to rely primarily on the specific content characteristics of the
information and the experience with seeking and understanding the information to process the information (Knobloch-
Westerwick et al., 2014; Yin et al., 2016). In our research context, confirmation bias would happen when users read online health
articles. We posit that confirmation bias will affect individuals’ health information processing, particularly nudging or restraining the
effects of eHealth literacy and the content valence of an article to which they are exposed on their intention to share. Thus, we
propose research questions as follows.

RQ 1a: How does confirmation bias moderate the relation between eHealth literacy and intention to share?
RQ 1b: How does confirmation bias moderate the relation between content valence and intention to share?
We choose young people in China as our study participants for three reasons. First, young people are active users on social media

platforms all over the world (Proulx, 2017). They are increasingly adopting these platforms for information sharing, including sharing
health-related issues (Korda & Itani, 2013). Second, against the backdrop of China's fast development and transformation, young
Chinese nowadays face more severe mental and physical health problems than their predecessors (e.g., Gong et al., 2012; Patel,
Flisher, Hetrick, & McGorry, 2007). Accordingly, health information sharing on social media may become one vital means to enhance
their healthcare self-awareness (Byron, Albury, & Evers, 2013). Third, research on health information sharing via social media among
Chinese young people still lags. To respond to such a drawback, we thus investigate this particular group of social media users.

Prior research indicates that users’ characteristics such as age, education, and social media usage experience are associated with
their online health-related behaviors, such as seeking information and sharing information (Zhang et al., 2017). To control such
potentially confounding factors, we also consider users’ demographic information as control variables (or covariates) in this study.
The demographic information includes gender, age, education level, discipline background, and information-sharing experience on
social media (cf. Zhang et al., 2017). The research model and questions are structured and depicted in Fig. 1.

3. Methodology

3.1. Research setting

This study attempts to draw causal inferences through the use of statistical techniques by empirically investigating users’ intention
to share online health articles on social media. Specifically, we employed a lab experiment to examine the effects of related variables
on users’ intention to share. A lab experiment gives us precise control over other confounding factors such as users’ demographic
information (Ambuehl & Li, 2018; Banerjee & Chua, 2019). Additionally, experimental research is able to establish the existence of
cause-and-effect relationships among variables of interest (Wahyuni, 2012).

Because our target population is young people in China, we recruited participants and conducted our experiment at a public
university in Central China. This university enrolls young people from almost all provinces of China, including Hong Kong, Macau,
and Taiwan. We put up posters in several schools of this university to recruit participants. On the posters, we elaborated on our
research purpose, that is, to understand users’ confirmation bias and related information behavior. In addition, we declared the
confidentiality of our study on the posters. Specifically, we informed that taking part in this experiment was entirely voluntary and
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participants were able to refuse to participate or withdraw from the experiment at any time. We made sure that all participants would
not be identified by names in any reports of the completed study, and analyses of the collected information would be performed at the
group level only.

3.2. Research design and procedure

An initial pool of 94 volunteers from different disciplines was created after obtaining their informed consent. We compared the
distribution of demographic information for the early 30 respondents and the late 30 respondents (roughly the first and last one-third
of the sample). We found no significant differences between the two groups, indicating that response bias was not a concern for this
study (Sivo, Saunders, Chang, & Jiang, 2006). To ensure the data quality collected from the participants, we gave everyone an
incentive of 30 CNY (about 4.4 USD) as a token of appreciation after they finished the experiment. In the experiment, we followed
several steps to assign them to different treatment groups randomly, and the detailed process proceeded as follows.

Firstly, the participants were asked to participate in a pre-experiment survey. The purpose of the survey is to learn about their
demographic information and eHealth literacy. Demographic information includes gender, age, education level, discipline back-
ground, and social media usage experience in sharing information. Measures of eHealth literacy are adapted from the “eHealth
Literacy Scale” (see Van der Vaart et al., 2011, p. 6). It consists of eight items with a 5-point Likert scale, the options of which range
from “strongly disagree” to “strongly agree.” Specific items that make up these scales are shown in Table 3.

After measuring the participants’ eHealth literacy, they were then divided into two types (high eHealth literacy and low eHealth
literacy) according to their obtained scores of eHealth literacy. Specifically, those who scored higher than the mean value of eHealth
literacy (M = 3.525, SD=0.738) were assigned to Group 1 (high eHealth literacy), while those who scored lower than the mean
value were assigned to Group 2 (low eHealth literacy). To make each group comparable, we randomly removed some participants
from each group. The final sample of each group includes 40 participants (40 × 2 = 80 participants in total).

Next, the participants in Group 1 and Group 2 were invited to read an online health article. In the experiment, we used four online
health articles for the experimental stimuli, including two positive articles and two negative articles (namely PosiArti One, PosiArti Two,
NegaArti One, and NegaArti Two; also see Appendix in detail). All the articles are written and reviewed by reputable healthcare
professionals and thus are of high credibility and quality. We also have invited two experts in public health to evaluate the content
valences of these articles before experimenting. The experts had related master's degrees from a Chinese university. Both of them
confirmed the information accuracy and content valence embedded in the articles based on their reading experience.

For Group 1 (high eHealth literacy), we randomly assigned either one positive or negative online health article to each participant.
Specifically, 10 participants of Group 1 were randomly chosen for exposure to one positive article (either PosiArti One or PosiArti Two),
whereas the other 10 participants were exposed to one negative article (either NegaArti One or NegaArti Two). This thus led to two
treatment groups—Group 1.A (high × positive) and Group 1.B (high × negative), each of which consisted of 20 participants. In the same
way, participants from Group 2 (low eHealth literacy) were also randomly assigned either a positive or negative online health article. This
led to two treatment groups—Group 2.A (low × positive) and Group 2.B (low × negative), each of which consisted of 20 participants.

For this study, we designed a 2 (eHealth literacy: high and low) × 2 (content valence: positive and negative) between-participants
experiment, which contained four treatment groups (high × positive, low × positive, high × negative, and low × negative). Fig. 2

Fig. 1. Research model.
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presents the process of how the four treatments were created. In summary, a total of 80 participants were randomly assigned to four
treatment groups, with 20 participants in each treatment group.

In the experiment, the participants were asked to assess their confirmation bias after reading the article as well as their intention
to share the article on social media. Measures of confirmation bias were adapted from Knobloch-Westerwick and Kleinman (2012)
and comprised three items with a 5-point Likert scale. Measures of intention to share were adapted from Chua and Banerjee (2018)
and consisted of two items with a 5-point Likert scale.

Because our research was conducted in China, all the items of measuring the constructs were translated into Chinese through
employing a translation committee approach (e.g., Chen, Chua, & Deng, 2018; Fu, Chen, & Zheng, 2020). To ensure the face validity
of the items, the authors participated in the translation, all of whom were effectively bilingual in Mandarin and English.

Table 2 presents the demographic information regarding the participants (n = 80), including gender, age, education level,
discipline background, and their information-sharing experience on social media. Variables in the survey involve “eHealth literacy,”
“confirmation bias,” and “intention to share.” Table 3 shows the descriptive statistics of the variables, including mean values,
standard deviations, Cronbach's α values, and factor loadings values. Table 3 also presents the items for measuring the variables.
According to the Cronbach's α values (threshold value >0.70) and factor loadings (threshold value >0.50) of the table, we can
conclude that the variables have good reliabilities (Qiu, Pang, & Lim, 2012).

Fig. 2. Research procedure.
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3.3. Manipulation checks

To ensure that our manipulation of eHealth literacy and content valence was effective, we employed two approaches to check the
manipulation, respectively. For eHealth literacy, as suggested by Choi, Kim and Jiang (2016), we calculated the mean values and
standard deviations of obtained scores between participants with high eHealth literacy (M = 3.862, SD = 0.865) and with low
eHealth literacy (M = 3.144, SD = 1.112). The independent t-test results show that participants with high eHealth literacy scored
significantly better than those with low eHealth literacy (t (39) = 2.460, p<.01). This result indicated that our manipulation of
eHealth literacy was effective.

We avoided asking the participants to directly judge the content valence of the article that they read. This is because if we did so,
the participants could realize that there were two types of articles in terms of the content valence (positive and negative) in this
experiment. Such suspicion could affect their response to questions of the following-up survey. Thus, we took another way to make
sure the effectiveness of the manipulation of content valence. According to the approach proposed by Li, Huang, Tan and Wei (2013),
we invited two postgraduates in Information Science to evaluate the content valences of articles, both of whom were preparing for the
final year projects concerning online health information behaviors. They had read the health articles which would work as the
experimental stimuli carefully and independently evaluated the content valence of the articles based on their reading experience

Table 2
Demographic information of the participants.

Demography Category Count

Gender Male 39
Female 41

Age ≤18 5
19–25 63
≥26 12

Education level Undergraduate 33
Postgraduate 47

Discipline background Humanity & social sciences 37
Science and engineering 26
Others 17

Information-sharing experience on social media ≤1year 1
2—4 year 36
5—7 year 28
≥8 year 15

Table 3
Measures of variables and their descriptive statistics.

Construct Mean ± SD Cronbach's α Items Factor loadings

eHealth literacy 3.525 ± 0.738 .834 1. I know what health resources are available online .794
2. I know where to find helpful online health resources .801
3. I know how to find helpful online health resources .856
4. I know how to use the internet to answer my health questions .777
5. I know how to use the health information I find to help me .803
6. I have the skills to evaluate the health information I find .786
7. I can tell high-quality from low-quality online health
information

.763

8. I feel confident in using online information to make health
decisions

.792

Confirmation bias 1 3.512 ± 0.981 .865 1. The arguments in this article are (very inconsistent, inconsistent,
neutral, consistent, very consistent) with my initial beliefs

.851

2. I (very disagree, disagree, am neutral, agree, very agree) with the
arguments in this article

.833

3. I (very dislike, dislike, am neutral with, like, very like) the
arguments in this article

.827

Intention to share 2 3.175 ± 1.145 .847 1. I shall share this article with others on social media (from very
impossible to very possible)

.858

2. I intend to share the article with others on social media (from
very impossible to very possible)

.869

Note:1. For interpreting the 5-point Likert Scale of confirmation bias, if the value locates the interval from 1 to 2 (excluding 2), it means extreme
negative confirmation bias; if the value locates the interval from 2 to 3 (excluding 3), it means moderate negative confirmation bias; 3 means no
confirmation bias; if the value locates the interval from 3 to 4 (excluding 4), it means moderate positive confirmation bias; if the value locates the
interval from 4 to 5, it means extreme positive confirmation bias.
2. For interpreting the 5-point Likert Scale of intention to share, 1 refers to “very impossible,” 2 refers to “impossible,” 3 refers to “neutral,” 4 refers
to “possible,” and 5 refers to “very possible.”.
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without any discussion. Both agreed that our manipulation in terms of the content valence of the articles was appropriate.

3.4. Data analysis

First, to test H1, H2a, and H2b, we investigate the main effects of eHealth literacy and content valence on users’ intention to share
online health information, respectively. This study conducts a two-way analysis of variance (ANOVA). As a type of hypothesis-based
test, a two-way ANOVA approach can compare the mean differences between groups that have been split on two independent
variables (i.e., factors) so as to test if there exists a statistically significant effect of each factor on a dependent variable (Maxwell &
Delaney, 2004). For this study, this approach examined the independent effect of each factor (i.e., eHealth literacy and content
valence) on the dependent variable (i.e., intention to share).

Second, to address RQ1a and RQ1b, we investigate the moderating effect of confirmation bias on the relations between eHealth
literacy, content valence, and intention to share. This study thus conducts a two-way analysis of covariance (ANCOVA). This is
because the ANCOVA approach can simultaneously test the moderating effect of confirmation bias on the relationship between
eHealth literacy and intention to share as well as the relationship between content valence and intention to share. Furthermore, the
approach controls the effect of other covariates (participants’ demographic information). The covariates have been transformed into
dummy variables before conducting the ANCOVA test using a regression model (Maxwell & Delaney, 2004). All data analyses were
conducted using SPSS Version 21.

4. Results

4.1. Effects of eHealth literacy and content valence on the intention to share

The results of the two-way ANOVA are shown in Table 4. The results suggest that only the effect of eHealth literacy on users’
intention to share was significant (F (1, 78) = 3.957, p <0.05, η2 = 0.362), indicating that participants with a high level of eHealth
literacy (M = 3.425, SD = 0.083) were more willing to share health articles on social media than those with a low level of eHealth
literacy (M = 2.925, SD = 1.163). Thus, H1 was supported. By contrast, both H2a and H2b were not supported (F (1, 78) = 1.328,
p= .847), suggesting that participants exposed to positive health articles (M = 3.15, SD = 1.167) held an identical extent of sharing
intention compared to those exposed to negative articles (M = 3.20, SD = 1.137).

4.2. Moderating role of confirmation bias

We performed the ANCOVA to test the moderating effect of confirmation bias, wherein participants’ demographic information
were included as covariates (including gender, age, education levels, discipline background, and social media usage experience). The
ANCOVA results, as shown in Table 5, revealed that the moderating role of confirmation bias was significant in the relationship
between eHealth literacy and intention to share (F (3, 76) =21.655, p<.01, p

2=0.905, β coefficient= 0.567), as well as the re-
lationship between content valence and intention to share (F (4, 75) =3.357, p<.05, p

2=0.281, β coefficient= −0.293).
We plotted the distribution of the extent of confirmation bias among 80 participants, as shown in Fig. 3. Specifically, thirty-one of

the participants in our sample (accounting for 38.75% of the sample) had no confirmation bias (i.e., the score was 3). Only two
respondents had extreme negative confirmation bias (i.e., the score was 1); eight respondents had moderate negative confirmation
bias (i.e., the score was 2); twenty-five respondents had moderate positive confirmation bias (i.e., the score was 4); and fourteen
respondents had extreme positive confirmation bias (i.e., the score was 5).

To delve deeper, we further plotted the distributions between the extent of confirmation bias and their intention to share in
different levels of eHealth literacy (high and low) and content valence (positive and negative), as shown in Fig. 4. The purpose is to
visualize the moderating role of confirmation bias comprehensively. Because we had divided the participants into four treatment
groups, we calculated the mean values of their confirmation bias and intention to share across the four treatment groups.

The left-side figure showed that participants with a high level of eHealth literacy were probably to have a stronger intention to
share positive health articles than negative ones when they had polarized confirmation bias. Specifically, the mean value of the
intention to share went to the maximum when users were exposed to positive health articles and had extreme positive confirmation

Table 4
Two-way ANOVA results.

Sum of Square df Mean Square F Sig

Effect of eHealth literacy on intention to share (H1)
Between Groups 5.000 1 5.000 3.957 0.049
Within Groups 98.550 78 1.263
Total 103.550 79
Effect of content valence on intention to share (H2a & H2b)
Between Groups 0.050 1 0.050 0.038 0.847
Within Groups 103.500 78 1.327
Total 103.550 79
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bias, whereas the users who had extreme negative confirmation bias held the second-largest intention to share health articles re-
gardless of the articles’ content valence. In contrast, participants with a high level of eHealth literacy were more likely to share
negative health articles than positive ones when they had moderate confirmation bias or no confirmation bias.

Table 5
ANCOVA results.

Source Type III Sum of Square df Mean square F Sig.
p
2 Observed power

Dependent variable: Intention to share
Gender 3.188 1 3.188 2.409 0.126 0.037 0.333
Age 0.920 1 0.920 0.710 0.091 0.048 0.394
Education level 4.450 1 4.450 4.128 0.047 0.065 0.516
Discipline background 4.356 1 4.356 4.041 0.049 0.064 0.507
Information-sharing experience on social media 3.127 1 3.127 2.810 0.141 0.033 0.325
eHealth literacy 5.738 1 5.738 2.831 0.176 0.441 0.243
Content valence 0.120 1 0.120 0.014 0.908 0.001 0.051
Confirmation bias 17.351 4 4.338 1.747 0.268 0.564 0.265
eHealth literacy × Confirmation bias 6.625 3 2.208 21.655 0.001 0.905 0.999
Content valence × Confirmation bias 3.223 4 0.806 3.357 0.020 0.281 0.791

Fig. 3. The distribution of the extent of confirmation bias in the sample.

Fig. 4. Moderating effect of confirmation bias on the relationships among eHealth literacy, content valence and intention to share.

H. Zhao, et al. Information Processing and Management 57 (2020) 102354

9



The right-side figure showed that participants with a low level of eHealth literacy reached a maximum mean value of the intention
to share health articles, regardless of the content valence was positive or negative, only when their confirmation bias went moderate
positive. However, if they had extreme positive confirmation bias, their intention to share would decrease significantly, especially
when they were exposed to negative articles. Nonetheless, participants with a low level of eHealth literacy were less likely to share
when they had negative confirmation bias or had no confirmation bias.

5. Discussion

5.1. Key findings

Overall, the findings of this paper are twofold. First, we find that: (1) all else equal, users with a high level of eHealth literacy were
more likely to share health articles than those with a low level of eHealth literacy; and (2) all else equal, the content valence
embedded in a particular article could not significantly affect users’ intention to share. The current literature has suggested that
eHealth literacy helps to improve an individual's health decision making (e.g., Quinn et al., 2017; Wong & Cheung, 2019). This study
confirms the salient role of eHealth literacy in users’ intention to share online health information. Nonetheless, the role of content
valence in the sharing intention is still not established, which, in turn, preserves the existing dispute that the relationship between the
content valence of online information and its diffusion is uncertain.

Second, after controlling potential covariates (i.e., users’ demographic information), we find that the confirmation bias played an
intricate role in the relationships between eHealth literacy, content valence, and users’ intention to share. The results showed that: (1)
users with a high level of eHealth literacy were more likely to share positive health articles when their confirmation bias was
polarized; (2) users with a high level of eHealth literacy were more likely to share negative health articles when their confirmation
bias was moderate, or they had no confirmation bias; (3) users with a low level of eHealth literacy were more likely to share
regardless of the content valence of articles when they had moderate positive confirmation bias; (4) users with a low level of eHealth
literacy were more likely to share positive health articles than negative ones when they had extreme positive confirmation bias.

Although related literature acknowledges the role of confirmation bias in users’ information processing such as seeking and using
information that conforms to their initial beliefs (e.g., Knobloch-Westerwick et al., 2014; Yin et al., 2016), investigations of the
impact of users’ confirmation bias on their health information sharing are very few. This study advances this stream of literature by
uncovering the role of confirmation bias in promoting users’ intention to share health articles on social media.

5.2. Implications for theory

Theoretically, the most significant contribution of this study is that it proposes an explanation mechanism about how eHealth
literacy and content valence might promote users’ intention to share health articles on social media. Our results suggest that despite
the potential variances of eHealth literacy among users and the content valence of health articles that they read, if leveraging their
confirmation bias appropriately, it is possible to increase their sharing intention on social media.

In terms of eHealth literacy, users with a higher level of eHealth literacy held a stronger intention to share. However, our results
showed that the extent of the sharing intention could shift in terms of their confirmation bias. This fine-grained finding deepens the
understanding of the effect of eHealth literacy on users’ intention to share online health articles. Increasing the extent of users’
eHealth literacy seems to promote their sharing intention of health articles. However, the increment of the extent of sharing intention
varies among them. This is because users’ initial attitudes toward and beliefs about certain health articles also affect their sharing
intention in the form of confirmation bias.

In terms of content valence, our results showed that there was no significant difference in users’ intention to share regardless of
the health articles were positive or negative. However, our following-up analyses indicated that the impact of content valence on
users’ sharing intention became significant when considering their eHealth literacy and confirmation bias jointly. Specifically, when
users with a high level of eHealth literacy were exposed to positive health articles and formed extreme confirmation bias (which
means the content either deviated their initial beliefs or conforms to their initial beliefs, to a great extent), they were more likely to
share the articles. This implies that users with a high level of eHealth literacy could exhibit sharing behavior, not only for supporting
information that similar to their initial beliefs but also for responding to or even combating information that differs from their
standpoints (Chua & Banerjee, 2017).

However, when users with a low level of eHealth literacy were exposed to positive health articles and held extreme positive
confirmation bias, they were more likely to share the articles. From an evolutionary viewpoint, we conjecture that people could be
more comfortable with positive health information because such information makes them feel safe. Especially for users with a low
level of eHealth literacy, they might depend heavily on the positive health information that conforms to their initial beliefs due to
their incompetence of processing attitude-inconsistency messages (Vydiswaran et al., 2015). Yet, it still needs further empirical
investigations into this proposition.

5.3. Implications for practice

Our findings help to inform health information providers who want to promote consumers’ intention to share health information
on social media. They are suggested to adopt a consumer segmentation strategy when offering online health information. The providers
probably need to obtain necessary information about consumers, such as their eHealth literacy and their initial beliefs of certain
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health-related topics, when initially providing them with health articles. In the process, consumers’ eHealth literacy can be measured
through professional scales (e.g., Norman & Skinner, 2006), while confirmation bias can be assessed by the propensity of their initial
attitudes toward such topics (Vydiswaran et al., 2015). However, such suggestions are also contingent on related platforms’ affor-
dances and system settings.

If possible, health information providers are encouraged to serve the consumers based on their respective eHealth literacy and the
assessment of their initial beliefs about a certain topic. For consumers who hold a low level of eHealth literacy, the providers may
offer positive health articles about the topic similar to their initial beliefs to a great extent (forming an extreme positive confirmation
bias). On the other hand, for consumers who hold a high level of eHealth literacy, the providers may offer positive articles about the
topic that leads to their polarized confirmation bias or offer negative articles about the topic that may lead to their relatively
moderate confirmation bias. As suggested by previous research (e.g., Vydiswaran et al., 2015), confirmation bias can be controlled by
recommending articles that are inconsistent with consumers’ initial beliefs but full of persuasive and informative arguments.

5.4. Limitations and future research directions

This study is not without limitations. The first limitation can be attributed to our used method—the lab experiment. Although a
controlled lab experiment can ensure the internal validity of this study, the external validity (i.e., generalizability) might face
challenges. For this study, we used a between-participants design and each participant was exposed to only one type of online health
articles (positive or negative). However, in reality, users tend to browse multiple online health articles with congruent or opposite
valence at the same time. Hence, future research may investigate users’ intention to share when they are exposed to multiple online
health articles. Moreover, the sample size of our research was relatively small (n = 80). Although prior research using a lab ex-
periment with a between-participants design suggests that sample size of each treatment group should be larger than 18 (ours is 20
for each treatment group) (see Qiu et al., 2012), we hope future work to enlarge the sample size and strengthen the reliability of our
results.

Last, our research participants were university students in China as we aimed to target young social media users of China.
However, it is also interesting to do further investigations to improve generalizability in the following three ways. First, future studies
may recruit young Chinese people from diverse sources, such as those from local factories and rural China as future research par-
ticipants. These young people tend to be less educated and thus have relatively low eHealth literacy. The role of confirmation bias in
their sharing intention could differ from those university students. Second, future studies may target other groups of social media
users, such as older adults. Because older adults seem to have more health-related issues, and such health conditions might confound
the role of confirmation bias. Third, future studies ought to conduct cross-cultural studies to validate the findings of this study. One
significant direction could be a comparison of the role of confirmation bias in sharing online health articles between Chinese social
media and non-Chinese ones.

6. Conclusion

Social media users have enjoyed a wide variety of information services provided by healthcare professionals, such as dis-
seminating medical knowledge by writing online health articles. However, enhancing users’ intention to share health articles is tricky
as the sharing intention differs in their eHealth literacy and the content valence of the articles that they read. This study investigates
the boundary conditions under which eHealth literacy and content valence can promote users’ intention to share by introducing a
moderating factor: confirmation bias. This study concludes that for users with a high level of eHealth literacy, their intention to share
health articles could be promoted in two conditions: (1) if their confirmation bias holds extreme, the providers may edit positive
health articles for them; (2) if they have moderate confirmation bias or no confirmation bias, the providers may edit negative health
articles for them. In contrast, for users with a low level of eHealth literacy, only when they have moderate positive confirmation bias,
their intention to share is enhanced regardless of providing positive or negative health articles.
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Appendix. Experimental stimuli

As indicated earlier (see Section 3.2: Research design and procedure), we had four online health articles for the stimuli—two were
positive, and the other two were negative. Of them, one positive and one negative article were collected from a health professional
website—Guoke (www.guokr.com), and the other one positive and one negative article were collected from another professional websi-
te—Zhihu (www.zhihu.com). This strategy enabled us to control the potential effects of both topics and sources of health articles on readers.

To avoid potential bias, we kept the themes of the articles (positive and negative) from the same website consistent (Chua &
Banerjee, 2018). Specifically, articles that were harvested from Guoke concerned eating and health, whereas articles that were
harvested from Zhihu concerned sexual-related issues. Both themes are among the common health topics discussed by young people
(see Byron et al., 2013; Chi et al., 2018).

To ensure the specific content valences of four articles (positive or negative), we had invited two university students majoring in
Public Health to judge them before the experiment. Also, we invited another two postgraduates in Information Science to assess
whether the positive articles and the negative articles were different in terms of the content valence (i.e., manipulation check). The
basic information of the four online health articles is presented in Table A1.
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