
Hong Kong Baptist University

DOCTORAL THESIS

Exploring Online Health Information Behaviors Among Older Adults:
Personal Cognitive and Social Relationship Perspectives
LI, Wenshu

Date of Award:
2023

Link to publication

General rights
Copyright and intellectual property rights for the publications made accessible in HKBU Scholars are retained by the authors and/or other
copyright owners. In addition to the restrictions prescribed by the Copyright Ordinance of Hong Kong, all users and readers must also
observe the following terms of use:

            • Users may download and print one copy of any publication from HKBU Scholars for the purpose of private study or research
            • Users cannot further distribute the material or use it for any profit-making activity or commercial gain
            • To share publications in HKBU Scholars with others, users are welcome to freely distribute the permanent URL assigned to the
publication

Download date: 24 May, 2023

https://scholars.hkbu.edu.hk/en/studentTheses/e661ee01-acba-4a5f-9406-da44e58c4037


HONG KONG BAPTIST UNIVERSITY

Doctor of Philosophy

THESIS ACCEPTANCE

DATE: December 9, 2022

STUDENT'S NAME: LI Wenshu

THESIS TITLE: Exploring Online Health Information Behaviors Among Older Adults: Personal
Cognitive and Social Relationship Perspectives

This is to certify that the above student's thesis has been examined by the following panel
members and has received full approval for acceptance in partial fulfilment of the requirements for the
degree of Doctor of Philosophy.

Chairman: Prof Guo Steve Z S
Professor, Department of Journalism, HKBU
(Interim Dean of School of Communication)

Internal Members: Prof Lee Alice Y L
Professor, Department of Interactive Media, HKBU
(Designated by the Head of Department of Communication Studies)

Dr Shi Jingyuan
Assistant Professor, Department of Interactive Media, HKBU

External Examiners: Dr Zheng Han
Associate Professor
School of Information Management
Wuhan University

Dr Chen Liang
Associate Professor
School of Journalism and Communication
Tsinghua University

In-attendance: Dr Chang Leanne
Associate Professor, Department of Communication Studies, HKBU

Issued by Graduate School, HKBU



 

 

 

Exploring Online Health Information Behaviors Among Older Adults: 

Personal Cognitive and Social Relationship Perspectives   

 

 

 

 

 

 

LI Wenshu  

 

 

 

A thesis submitted in partial fulfilment of the requirements  

for the degree of  

Doctor of Philosophy 

 

 

 

 

Principal Supervisor: 

Dr. CHANG Leanne (Hong Kong Baptist University) 

 
 
 
 
 

December 2022 
 



 i 

DECLARATION 

 

I hereby declare that this thesis represents my own work which has been done after 

registration for the degree of PhD at Hong Kong Baptist University, and has not been 

previously included in a thesis or dissertation submitted to this or any other institution for a 

degree, diploma or other qualifications.  

I have read the University’s current research ethics guidelines, and accept responsibility for 

the conduct of the procedures in accordance with the University’s Research Ethics 

Committee (REC). I have attempted to identify all the risks related to this research that may 

arise in conducting this research, obtained the relevant ethical and/or safety approval (where 

applicable), and acknowledged my obligations and the rights of the participants.  

 

 

 

                                                                                               Signature: 

                                                                                               Date: December 2022 



 ii 

Abstract 

Digital technologies greatly enhance access to health information, and more older adults are 

now using information and communication technologies to locate health information. The 

increased accessibility and availability of online health information empowers older adults to 

obtain more information on managing their health. However, due to cognitive deficits and 

social changes, as well as the digital divide, older adults are likely to be susceptible to health 

disinformation and online fraud, as anyone can upload deceptive or misleading healthcare 

articles at will; this makes them vulnerable in the cyber-world. This dissertation aims to 

explore older adults’ online health information behaviors on social media and to examine the 

role of both personal cognitive factors and social relationship factors in online health 

information-seeking behavior, online health information-scanning behavior, health 

information-sharing behavior, and related health outcomes. It also attempts to develop an 

understanding of older adults’ use of digital technologies for health information and to 

uncover the predictors of and barriers to older adults’ access to health information through 

digital technologies. To meet these aims, first a systematic review was conducted to review 

extant research on older adults’ use of digital technology for health information, which 

formed the basis of the dissertation study. Then, based on the findings of the systematic 

review, a survey was administered with older adults who had experience with using social 

media to access health information, in order to further explore the role of personal cognitive 

factors and social relationship factors in health information behaviors and health outcomes 

among older adults. A survey involving 499 older adults in mainland China revealed that age, 

education, efficacy, and online health information-scanning behavior were significant 

predictors of older adults’ online health information-seeking behavior. Older adults’ income, 

social support, and health opinion leadership were positively associated with their online 

health information-scanning behavior. Age, education, efficacy, health opinion leadership, 
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and online health information-seeking and -scanning behaviors were found to have positive 

effects on older adults’ online health information-sharing behavior. Moreover, this 

dissertation indicated that three types of online health information behaviors made a unique 

contribution to predicting health decision change among older adults. Furthermore, the study 

found that efficacy had full mediating effects on the relationships between outcome 

expectancy and online health information-seeking and -sharing behaviors. The findings of 

this dissertation indicated that public health professional may consider offering older adults 

free community-based training courses on countering online misinformation and 

disinformation to improve their efficacy and identifying socially isolated older adults and 

boosting their social support by encouraging them to join community activities. Despite its 

limitations, the current dissertation offers a new insight into the antecedents and related 

health outcomes of older adults’ online health information behaviors on social media and sets 

a basis for further research.  

 

Keywords: online health information seeking, online health information scanning, 

online health information sharing, social media, older adults 
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Chapter 1: Introduction 

 

1.1 Background 

Population aging is an inescapable outcome of demographic transition (Chen et al., 

2019), which is driven by rising life expectancy and falling birth rates (United Nations, 

2020b). The world is graying at a much faster pace than in the past (United Nations, 2020a); 

worldwide, there were 727 million people aged 65 years or older in 2020. Globally, it is 

forecast that between 2020 and 2050, every country will witness a surge in their population of 

older adults, and by 2050, the elderly population is expected to more than double, at more 

than 1.5 billion people (United Nations, 2020b). Consequently, healthy aging has become a 

global concern, sparking much research (Zhao, 2019). 

Population aging in China is occurring much faster than in other countries (World 

Health Organization, 2015)—even faster than Japan, which has had the highest level of 

population aging worldwide for 25 years and the largest older adult population (Chen et al., 

2019). By 2022, the proportion of Chinese aged 65 years and older will account for 14% of 

the country’s total population. In 2025, it is estimated there will be more than 210 million 

people aged 65 years and older, comprising about 15% of the total population; in 2050, this 

number is expected to reach its peak at 500 million, amounting to 27.9% of China’s 

population by 2050 (Guo, 2020).  

Advanced digital technologies are driving unprecedented changes worldwide, 

especially in aging societies (Shang & Zuo, 2020). Digital technologies enhance access to a 

wealth of health information, and an increasing number of older adults are using information 

and communication technologies to locate, share, and discuss health information. In China, 

the number of mobile Internet users has reached 846.81 million, accounting for 99.2% of all 
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the Internet users since June 2020 (CNNIC, 2021). The proportion of elderly Internet users 

(aged 50 and older) rose from 13.16% at the end of 2018 to 22.8% in 2020 (CNNIC, 2021), 

equalling 193.07 million users.  

With such features as easy access, low cost, interactive engagement, and an expansive 

active-user base, social media plays an unparalleled role in public self-healthcare 

management, opening up possibilities to distribute health information unlike those offered by 

other digital innovations (Zhang & Jung, 2019). Facebook, Twitter, and WeChat are 

ubiquitous and have become important conduits for older adults to access health information 

and investigate their health conditions (Li et al., 2018; Zhang et al., 2017a). For example, 

WeChat boasted 1.27 billion monthly active users from a wide range of age groups (Tencent, 

2021), and 98.35% of them accessed healthcare information from private groups, friends, and 

“official accounts” on WeChat (Zhang et al., 2017a). The number of active elderly users 

(aged 55 years and older) of WeChat has increased rapidly, from 7.68 million in 2016 to 63 

million in 2018 (Tencent, 2018). 

Accessing health care information via social media holds both significant advantages 

and challenges. First, the increased accessibility and availability of health information on 

social media empowers older adults to obtain a wealth of healthcare knowledge for 

monitoring and managing their own health (Li et al., 2018; Zhang & Jung, 2018), which can 

help them be active and empowered decision-makers (Oh et al., 2018), get proper health 

guidance, improve their health outcomes, promote doctor-patient communication, track 

personal progress (Househ et al., 2014), get informational support, and improve patient 

engagement. Moreover, in comparison with Web 1.0 digital technologies (such as websites 

and emails), social media facilitates the sharing of health care information (Li et al., 2016) to 

targeted relatives, friends, or groups in a timely manner, due to its large base of active users 

(Osatuyi, 2013). Additionally, given its interactivity affordances, social media allows users to 



 3 

generate content pertaining to their own health experiences or to write comments on specific 

health information or issues expressing their personal opinions (Zhang & Jung, 2018). 

Although utilizing social media to locate health information has significant positive 

outcomes for older adults, critical concerns are also present (Li et al., 2018). The first concern 

is the prevalence of misleading and poor-quality health information on social media, where 

generated information can quickly be shared and easily go viral (Wang et al., 2019). 

Unfortunately, information is rarely fact-checked by users before sharing (Del Vicario et al., 

2016). Since social media has eliminated communication barriers and geographic boundaries, 

this can often facilitate the wide spread of misinformation and disinformation (Khan & Idris, 

2019; Sharma et al., 2017; Vosoughi et al., 2018), posing a threat to public health 

(Broniatowski et al., 2018). One study found that more than half of online healthcare 

information in China has not been evaluated or verified by medical professionals (Zeng, 

2008).  

Due to the influx of inaccurate healthcare information on social media, individuals 

can easily become misinformed (Swire-Thompson & Lazer, 2020). Specifically, the 

multitude of both health misinformation and disinformation could cause media fatigue 

(Tasnim et al., 2020) and public confusion (Tan et al., 2015), which may put senior social 

media users in a vulnerable position with regard to negative health outcomes (Moorhead et 

al., 2013; Tan, Lee, & Chae, 2015). For example, a research study surveying 317 older adults 

aged 60 years and older in China found that information overload and system feature 

overload of mobile health services could cause fatigue and technostress, which in turn 

triggered resistance behavior (Cao et al., 2020). Similarly, a survey report from the Pew 

Research Center showed that 88% of Americans felt that fake news leads to confusion; 

among these, 64% said fabricated news has caused a fair amount of confusion (Barthel et al., 

2016).   



 4 

The second concern of social media’s use for health information is that a fair amount 

of evidence has showed that although individuals of all ages are target audiences for fake 

news, older adults are especially susceptible to misleading content (Brashier & Schacter, 

2020). After collecting data from 16,422 Twitter accounts during the 2016 U.S. presidential 

election, Grinberg et al. (2019) found that 1% of people were exposed to 80% of fake news 

and that 0.1% of people, called “supersharers,” shared approximately 80% of false 

information. Those aged 50 years or older were in the majority among the “supersharers” 

(Grinberg et al., 2019). In addition, in their research on Facebook, Guess et al. (2019) 

observed users older than 65 years shared the most fake news articles on Facebook—nearly 

seven times as many as those in the age group of 18–29 years. In a review article, Brashier 

and Schacter argued that cognitive deficits, social changes, and the digital divide could all 

explain older adults’ engagement with fake news on social media (Brashier & Schacter, 

2020).  

Therefore, it is of theoretical and empirical importance to address the characteristics 

and the antecedents of health information behaviors on social media among older adults. As 

noted by existing literature, relatively few studies have addressed older adults’ health 

information behaviors on social media. Moreover, previous studies have primarily focused on 

how social psychological constructs—such as health literacy (e.g., Oh et al., 2018; Shang & 

Zuo, 2020; Sheng & Simpson, 2013), perceived benefits (e.g., Lin et al., 2020; Hoque & 

Sorwar, 2017; Shang & Zuo, 2020), behavioral intention (e.g., Chang et al., 2014), and need 

for digital technology (e.g., Huisman et al., 2019; Oh, 2016; Theis et al., 2019)—influence 

older adults’ access to health information through digital technologies.  

In addition, prior studies provide only a limited view of how social relationship 

factors affect health information behaviors on digital technologies among older adults. 

Specifically, a systematic review conducted by the author of this dissertation found that two 
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existing studies placed significance on the role of social relationship factors in older adults’ 

online health information behaviors. One study that surveyed 263 older Chinese adults found 

that family support was the driving force behind their improvement in mobile Internet 

literacy (Xiong & Zuo, 2019); compared to family cognitive support, emotional support was 

found to have a stronger effect on mobile Internet literacy (Xiong & Zuo, 2019). In addition, 

Hoque and Sorwar (2017) conducted a face-to-face survey of 300 older adults in Bangladesh 

and found that the influence of important others had an impact on the intention to adopt 

mHealth.  

Comparatively, some studies from the fields of organizational communication and 

marketing have documented how social relationship factors, especially social capital, play a 

pivotal role in knowledge-sharing behaviors in a company. For example, a survey of 212,223 

U.S. employees indicated that relational social capital and cognitive social capital had 

significant effects on knowledge-sharing behaviors in the workplace (Choi, 2016). Likewise, 

conducting an online survey of 82 suppliers in the Netherlands, Gelderman et al. (2020) 

found that cognitive social capital and structural social capital had significant positive 

impacts on relational social capital, which had a direct link to buyer and supplier information-

sharing in the meat-processing industry. Besides social capital, extant research have also 

examined the influence of social support in health information behaviors (e.g., Kim, 2013; 

Yang et al., 2017) , but exploration of how social relationship factors affect health 

information behaviors among older adults is lacking.  

Furthermore, although existing studies have examined the association between social 

relationship factors and health outcomes, scant literature has dealt with whether 

communication disparities—especially online health information behaviors based on different 

social determinants—exert an influence on health outcomes. For example, Hayashi et al. 
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(2019) found that older adults who preferred to share health information via interpersonal 

communication tended to keep healthier behaviors. 

To bridge these gaps, this dissertation adopts the Structural Influence Model (SIM) 

and the Theory of Motivated Information Management (TMIM) as the theoretical 

frameworks through which to examine the roles of personal cognitive factors (i.e., efficacy 

and outcome expectancy) and social relationship factors (i.e., social capital, social support, 

and health opinion leadership) in online health information behaviors among older adults on 

social media. 

 

1.2 Dissertation Overview 

Chapter 1 introduces the background of the current dissertation . It first describes the 

population aging trend, the role of social media in health care for older adults, and the 

advantages and challenges of accessing health care information via social media. The chapter 

then introduces the existing research on older adults’ health information behaviors and 

emphasizes the need for research with a focus on the association between social relationship 

factors and online health information behaviors. 

Chapter 2 presents the literature review, which includes two styles: a traditional-style 

literature review, and a systematic review of online health information behaviors. The chapter 

starts with a conceptualization of health information behaviors and then introduces the types 

of health information behaviors: information acquisition, information processing, information 

sharing, information usage, and information avoidance. Next, it reviews ten related theories 

on health information behaviors, and it discusses the contributions and limitations of each 

theory. In terms of the systematic review, the chapter explains the study selection process 

ranging from database selection to titles, abstracts, and full text screening; it then reports the 

results of the systematic review, analyzing extant research on older adults’ various types of 
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online health information behaviors, such as health information-seeking and health 

information-sharing behaviors. The results of the systematic review include the study 

characteristics of the reviewed articles, the characteristics of participants, the predictors and 

barriers of online health information behaviors, the theoretical lenses of the reviewed studies, 

and the implications of the systematic review. 

Chapter 3 starts with the theoretical framework of this dissertation’s study. It first 

reviews the structural influence model of communication (SIM). Guided by SIM and TMIM, 

an extended model of SIM is proposed to explore online health information behaviors among 

older adults on social media. The chapter then further reviews the literature on each proposed 

theoretical variable: social determinants, personal cognitive factors, social relationship 

factors, online health information behaviors, and health outcomes. It ends by putting forth the 

hypotheses and research questions of this dissertation’s study. 

Chapter 4 begins with the data collection process and sampling strategies. It explains 

why both a paper-and-pencil survey and an online survey were employed and how the 

respondents were reached. Additionally, it presents the operationalization of major variables 

and control variables. Furthermore, it lays out how two rounds of a pilot study were carried 

out before the field work was started. 

Chapter 5 provides the statistical results testing the proposed hypotheses and 

answering the research questions. It introduces each step of the statistical analysis, which 

included principal factor analysis of key theoretical variables, descriptions and comparisons 

of key theoretical variables, correlation analysis, regression analysis, structural equation 

modeling analysis, and mediation analysis. 

Chapter 6 consists of discussions and limitations of this dissertation’s study. It opens 

with a summary of the major findings and then discusses how social determinants, personal 

cognitive factors, and social relationship factors each influence older adults’ online health 
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information behaviors on social media. The association between online health information 

behaviors and health outcomes is also discussed, and the theoretical and practical 

implications of the current research are elucidated. Finally, the limitations of this dissertation 

and suggestions for further studies are addressed. 
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Chapter 2: Literature Review 

 

This chapter consists of two styles of literature review: a traditional literature review, 

and a systematic review of older adults’ online health information behaviors. 

The traditional literature review starts with a conceptualization of health information 

behaviors and a brief review of each of the types of health information behaviors: information 

acquisition, information processing, information sharing, information usage, and information 

avoidance. This review then further examines ten related theories and models predicting 

information behaviors, in order to advance the understanding of the process of health 

information behaviors, discussing both the contributions and limitations of each theory.  

The systematic review begins with the study selection process then reports the results 

of the systematic review, which analyzed extant research on older adults’ various types of 

online health information behaviors, such as health information-seeking and health 

information-sharing behaviors. The findings of the systematic review primarily include the 

study characteristics of the reviewed articles, the characteristics of participants, the predictors 

and barriers of online health information behaviors, the theoretical lenses of the reviewed 

literature, and the implications of this systematic review. 

 

2.1 Types of Health Information Behaviors 

Health information behavior is a multidimensional umbrella concept (Savolainen, 

2007). According to Wilson’s definition, information behavior can be conceptualized as “the 

totality of human behavior in relation to sources and channels of information, including both 

active and passive information seeking, and information use” (Wilson, 2000, p. 49). In line 

with this, Pettigrew et al. (2001) defined information seeking and information usage as major 
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subcategories of information behaviors: specifically, information behavior refers to “how 

people need, seek, give and use information in different contexts, including the workplace 

and everyday living” (Pettigrew, Fidel, & Bruce, 2001, p. 44). Bates (2010, p. 2381) offered a 

succinct conceptualization: information behavior is used to describe “the many ways in which 

human beings interact with information, in particular, the ways in which people seek and 

utilize information.” 

In terms of health information behavior, its definition is aligned with Wilson’s (2000), 

Pettigrew et al.’s (2001), and Bates’s (2010) conceptualizations of information behavior; it is 

described as what people do to “seek, obtain, evaluate, categorize and use relevant health-

related information to perform desired health behaviors” (Ek, 2015, p. 737). Additionally, 

Brashers et al. (2002) proposed the term “information management” (Brashers et al., 2002, p. 

259), which includes both communicative information behaviors and cognitive information 

behaviors (e.g., information seeking, information avoidance, information appraising, and 

interpreting). 

Given the advent of new information and communication technologies and the 

advances in web technologies, the scope of health information behaviors has widened. In 

contrast to the one-way health conversations offered by Web 1.0, Web 2.0 facilitates multi-

way health communication (Tennant et al., 2015), revolutionizing the ways individuals seek, 

share, and even generate health information (Ahmed et al., 2019) and encouraging a high 

level of social interaction between individuals and websites (Smaldone et al., 2020). In 

consideration of the attributes of Web 2.0 digital technologies, in this dissertation, health 

information behavior is conceptualized in line with Brashers et al. (2002), Wilson (2000), and 

Ek (2015): a general term for communicative and cognitive behaviors associated with health 

information, including health information acquisition, health information processing, health 

information sharing/forwarding, health information use, and health information avoidance.  
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2.1.1 Information Acquisition 

A line of research has simplified and categorized information acquisition into two 

major types: information seeking, and information scanning (Bigsby & Hovick, 2018; Waters 

et al., 2016). Specifically, “information seeking” refers to actively searching for information, 

which is consistent with McKenzie’s (2003) concept of ‘active seeking’, while “information 

scanning” involves being passively or accidentally exposed to information (Niederdeppe et 

al., 2007), the conceptualization of which is theoretically consistent with ‘active scanning’ 

(McKenzie, 2003). 

McKenzie’s (2003) model of information practices in information seeking in 

everyday life differentiated four types of information-receiving behaviors. In her model, she 

emphasized the social concept of information practices instead of information behaviors. The 

model identified four information practice modes: “active seeking”, “active scanning”, “non-

directed monitoring”, and seeking information “by proxy” (McKenzie, 2003, pp. 26–27). 

‘Active seeking’ involves actions using active strategies, such as seeking out a known source, 

doing a systematic search, or finding the solution or answer to a specific question; this is 

consistent with the concept of “information seeking” (Bigsby & Hovick, 2018; Waters et al., 

2016). ‘Active scanning’ involves considering a particular source as likely to be useful 

without the specific expectation of locating anything in particular; this conceptualization is 

theoretically consistent with the concept of “information scanning” (Bigsby & Hovick, 2018; 

Waters et al., 2016). ‘Non-directed monitoring’ refers to the action of encountering 

information accidentally. ‘Obtaining information by proxy’ means the individual receives the 

information through a gatekeeper instead of the original source, such as from relatives or 

strangers.  
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In this study, the conceptualization of health information acquisition is in line with 

McKenzie’s (2003) model of information practices in information seeking in everyday life. 

This dissertation study adopts the term “information scanning” to refer to less-active 

information acquisition via incidental exposure (Shim et al., 2006; Niederdeppe et al., 2007; 

Ruppel, 2016). 

 

2.1.2 Information Processing 

Information processing refers to “the gathering, interpreting, and synthesis of 

information” to facilitate one’s decision-making (Thomas & Trevino, 1993, p. 780). Previous 

research indicates that older people rely heavily on source credibility (Macias & McMillan, 

2008; McMillan et al., 2008), past experiences (Chang, Basnyat, & Teo, 2014; Waters et al., 

2016), and personal networks (Hayashi et al., 2019) in their information processing.  

 

2.1.3 Information Sharing 

Information sharing consists of an exchange of information that has already been 

acquired. It includes both explicit and implicit information exchanges (Talia & Hansen, 

2006), which may happen online or offline. It is important to note that social network sites 

have played an indispensable role in the usage of online information, exerting an influence 

not only on individuals’ information-seeking and -consuming behaviors but also on their 

information-sharing behaviors (Karnowski et al., 2018; Khan & Idris, 2019). In addition to 

communication, information sharing is a major driving force for using social network sites 

(Ellison & Boyd, 2013). Social network sites have lowered the barriers to information 

seeking and sharing (Ellison & Boyd, 2013), which makes online information sharing more 

prevalent (Khan & Idris, 2019). Individuals share different information in different forms 

(such as texts, photos, videos, and news links) by means of liking, forwarding, and/or 
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(re)tweeting (Karnowski et al., 2018; John, 2017). One mixed-method study found that older 

adults shared health information on social network sites (WeChat) by four primary means: 

forwarding, discussing, replying, and posting (Wang et al., 2020b). 

Studies on information sharing have been wide-ranging. In one perspective, 

information sharing was defined as informational support (Liu et al., 2019). Liu et al. (2019) 

conceptualized health information sharing as an act of supportive communication, by 

distributing health information within social networks. In another perspective, information 

sharing has been viewed through the lens of sociology, emphasized as a means of 

maintaining social connection instead of a means of informational utility (Duffy & Ling, 

2020). Duffy and Ling examined news sharing from the sociological perspective of gift-

giving (Duffy & Ling, 2020). In their study, “sharing news online” involved posting or 

forwarding news via social media (e.g., Twitter, Facebook), other mobile messaging 

applications (e.g., WhatsApp), or a webpage (Duffy & Ling, 2020, pp. 74-75).  

By drawing on and incorporating Liu et al.’s (2019) and Duffy & Ling’s (2020) 

conceptualizations, this study conceptualizes online health information sharing as an act of 

forwarding, posting, or linking health information (in the form of text, pictures, videos, or 

web links) through social media or other mobile messaging applications within social 

networks. 

 

2.1.4 Information Use 

Information use behavior consists of the physical and mental acts involved in 

incorporating the information found in the person’s existing knowledge base (Wilson, 2000). 

The Information Adoption Model identified argument quality and source credibility as two 

predictors of information adoption (Sussman & Siegal, 2003). 
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2.1.5 Information Avoidance  

In addition to information acquisition, processing, sharing, and usage, information 

avoidance is also a crucial health information behavior (Brashers et al., 2002). Sometimes, 

individuals avoid information in order to reduce psychological discomfort or cognitive 

dissonance (Case et al., 2015). For example, individuals may avoid specific health 

information if they get sick or are at increased risk for severe illness. Healthy individuals may 

also avoid information on potential diseases or health risks, to prevent unnecessary anxiety 

(Brashers, 2001). Brashers et al. (2002) argue that people generally perform a balancing act 

between health information acquisition and avoidance to meet different needs, such as 

staying optimistic and reducing uncertainty. 

Borrowing the concept of advertising avoidance, the conceptualization of information 

avoidance views it as a sort of passive information behavior (Guo et al., 2020). The term 

refers to individuals ignoring or avoiding some information due to time constraints, lack of 

knowledge, or self-interest (Guo et al., 2020). Golman and his colleagues proposed “active 

information avoidance” (Golman et al., 2017, p. 97), which has two specific criteria: (1) the 

individual notices the information exists; and (2) the information is accessible to the 

individual. In other words, “active information avoidance” involves the individual avoiding 

information on purpose when they are aware that the information is available and accessible. 

Golman et al. (2017) found that individuals adopted diverse strategies to avoid information, 

including behavioral and cognitive processes that lead to information avoidance; examples 

include “physical avoidance,” “inattention,” “biased interpretation,” “forgetting,” and “self-

handicapping” (Golman et al., 2017, pp. 99-103). Several studies found that both 

environment stimuli—including perceived information overload and information irrelevance 

(Guo et al., 2020)—and psychological factors—such as social network fatigue (Guo et al., 

2020)—lead to information avoidance behavior (Swar et al., 2017).  
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In summary, ‘health information behavior’ is a broad term to describe how human 

beings interact with health information (Bates, 2010). This section introduced five major 

health information behaviors. However, this dissertation only highlights three most common 

online health information behaviors: online health information-seeking, -scanning, and -

sharing behaviors. These have become daily routines among many older Chinese social 

media users (Wang et al., 2020b). Although information avoidance is also a common 

information behavior, the current dissertation does not include it because information 

avoidance is rarely influenced by social relationship factors. 

 

2.2 Theorizing Health Information Behaviors  

After a review of the five major health information behaviors—information receiving, 

information processing, information sharing, information usage, and information 

avoidance—this section reviews information behavior theories and models in order to better 

comprehend the whole process of information behaviors. 

A wide array of theories have been applied to examine information behaviors from 

different lenses, including cognitive, affective, and risk context-based perspectives. Examples 

include: the health belief model (e.g., Shang et al., 2020; Shang & Zuo, 2020), the theory of 

planned behavior (e.g., Chang et al., 2016), the technology acceptance model (e.g., Parida, 

2016; Wong et al., 2014), the comprehensive model of information seeking (e.g., Oh, 2016; 

Oh et al., 2018; Sheng & Simpson, 2015), the unified theory of acceptance and use of 

technology (e.g., Hoque & Sorwar, 2017), Wilson’s information seeking behavior model 

(e.g., Theis et al., 2019), the self-efficacy theory (e.g., Hall et al., 2015), social support (e.g., 

Xiong & Zuo, 2019), the situational theory of problem solving (e.g., Shen et al., 2019), the 

risk information seeking and processing model (e.g., Ahn et al., 2021; Kim et al., 2020), the 
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planned risk information seeking model (e.g., Hubner & Hovick, 2020), and the theory of 

motivated information management (e.g., Chang, 2014).  

From two meta-analysis studies by Ou and Ho (2021) and Wang et al. (2021), ten 

important and widely-used conceptual frameworks predicting information behaviors (in 

particular information-seeking behaviors)—derived from social psychology, information 

science, and communication—were identified. This section reviews those ten conceptual 

frameworks predicting health information behaviors: the situational theory of problem 

solving, the comprehensive model of information seeking, the theory of motivated 

information management, the risk information seeking and processing model, the planned 

risk information seeking model, Wilson’s (second) information seeking behavior model, the 

technology acceptance model and extension models, the theory of planned behavior, and the 

health belief model. Table 1 presents a summary of these theories.  

 

2.2.1 The Situational Theory of Problem Solving (STOPS) 

The situational theory of problem solving (STOPS) is an extended model of the 

situational theory of publics (Kim & Grunig, 2011). Based on the assumption that “most 

human behavior is motivated by problem solving” (Kim & Grunig, 2011, p. 123), the STOPS 

examines and explains the mechanism underlying the performance of communicative actions 

during the problem-solving process (Kim & Krishna, 2014). The STOPS proposes a new 

concept as the dependent variable, namely communicative action in problem-solving, which 

encompasses six factors under the three actions of information selection, information 

transmission, and information acquisition. These six factors include information forefending, 

permitting, information forwarding, information sharing, information seeking, and 

information attending (Kim & Grunig, 2011). The STOPS postulates problem recognition, 

involvement recognition, constraint recognition, and referent criterion as four independent 
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variables that jointly influence communicative action in problem-solving. Three perceptual 

variables—problem recognition, involvement recognition, and constraint recognition—are 

antecedents of a mediating variable, namely situational motivation. According to the STOPS, 

problem recognition is defined as a perception of problematic situations to which there is no 

solution; involvement recognition reflects the connection between the severity of the problem 

and the self; and constraint recognition is conceptualized as a perceived obstacle that prevents 

individuals from taking actions (Kim & Grunig, 2011). 

Extant research has tested the STOPS in a variety of contexts to explore why and how 

individuals adopt communicative actions; examples include sex crime issues (Shin & Han, 

2015), healthy diet information (Yan et al., 2018), cancer-risk information seeking (Shen et 

al., 2019) and infectious disease information (Chon & Park, 2019; Kim & Hong, 2021). 

However, not all research provides supportive findings. For example, Kim and Hong (2021) 

conducted an online survey in 2020 and found that problem recognition, involvement 

recognition, and constraint recognition were associated with situational motivation, which in 

turn positively predicted information behaviors regarding the COVID-19 pandemic. Another 

online survey of 363 participants in the United States indicated that the referent criterion was 

not positively associated with communicative action in problem-solving (information 

acquisition and transmission) during a public health risk (Chon & Park, 2019). 

The STOPS Is unique in three ways. First, it is a general communication theory that 

examines cognitive, perceptual, and motivational antecedents of information behaviors 

during the problem-solving process (Kim & Krishna, 2014). Second, it adopts a popular 

public relations theory (the situational theory of publics) as the theoretical framework and 

introduces a new variable: communicative action in problem-solving (Kim & Grunig, 2011). 

Third, the theory categorizes communication actions in problem-solving into active and 

passive communicative actions; active communications include information seeking, 
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forefending, and forwarding, while passive communication actions include information 

attending, permitting, and sharing (Kim & Grunig, 2011). 

 

2.2.2 Comprehensive Model of Information Seeking (CMIS)  

The Comprehensive Model of Information Seeking (CMIS) was derived from Uses 

and Gratifications, the Health Belief Model, and Media Exposure and Appraisal to elucidate 

why and where people search for information (Johnson & Meischke, 1993). It encompasses 

“health related factors,” “information carrier factors,” and “information seeking actions” 

(Johnson & Meischke, 1993, p. 345). The CMIS posits that health-related factors influence 

information carrier factors, which in turn predict perceived utility and information seeking 

(Johnson & Meischke, 1993). 

Health-related factors are the initial driving forces of information seeking (Johnson & 

Meischke, 1993). They consist of four parts— “demographics”, “direct experience”, 

“beliefs”, and “salience” (Johnson & Meischke, 1993, p. 346)—which are drawn from the 

Health Belief Model and Uses and Gratifications. In terms of demographic factors, gender, 

age, education, income, and race are significant predictors of perceived utility and 

information seeking. Direct experience of illness or experience of significant others with 

symptoms or disease is another health-related factor that affects information seeking. Beliefs 

is theorized as the efficacy of preventive treatment and perceived control over the future. 

Salience is conceptualized as the perceived importance of health information behavior, which 

is related to the perceived health threat of the disease. 

The CMIS postulates that health-related factors offer the initial underlying 

motivational force for information seeking, which was primarily determined by information 

carrier factors (Johnson et al., 1995). Information carrier factors include “information carrier 

characteristics” and “utility” (Johnson & Meischke, 1993, p. 349). Information carrier 
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characteristics refers to message-content attributes (source credibility, trustworthiness) and 

communication potential (information style and comprehension). Utility means the relevancy 

and perceived usefulness of the information. 

According to the CMIS, information-seeking actions is conceptualized as the 

purposive acquisition of information, and it comprises three dimensions: “method” (channel 

selection), “scope” (readership), and “depth” (number of messages involved) (Johnson & 

Meischke, 1993; Johnson et al., 1995). 

In Johnson and Meischke’s (1993) study, a survey of 366 women indicated a good 

model fit, and they found that information carrier factors contributed more than health-related 

factors in explaining the variance in information-seeking behavior. Evidence from existing 

studies also show similar findings. For example, Reifegerste, Blech and Dechant (2020) 

found that demographic variables, salience, and beliefs were not predictors of utility. 

The CMIS was originally developed to understand information-seeking behavior in 

traditional media contexts (Johnson & Meischke, 1993); however, an abundance of existing 

research uses the CMIS to examine predictors of using digital technologies, such as the 

Internet (Basnyat et al., 2018; Sheng & Simpson, 2015; Van Stee & Yang, 2017) and 

smartphones (Oh et al., 2018), to locate health care information. Studies in this area have 

found that online health information-seeking behavior could be more complicated than the 

original CMIS model proposed by Johnson and Meischke (1993). For example, a survey 

study of 235 older Korean smartphone users in 2016 revealed that those who were younger 

and well-educated, with regular physical activity, higher healthcare spending, and higher 

health literacy, were more likely to use smartphones to seek health information (Oh et al., 

2018). Sheng and Simpson (2015) conducted a survey of 1,138 older adults in the U.S. and 

found that demographics (age, education), trust in healthcare websites, perceived usefulness 
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of the web, and internal locus of control were significant determinants of older adults using 

the Internet to seek health information.  

Using a survey of 990 Indian citizens, Basnyat et al. (2018) extended the CMIS by 

incorporating media consumption as one of the antecedents and dividing salience into two 

parts, susceptibility and severity, based on the Health Belief Model. Conducting a 2 (severity: 

mild, severe) × 2 (relationship closeness: high, low) online survey experiment in German 

with 607 participants, Reifegerste et al. (2020) applied the CMIS to proxy online health 

information seeking by adding social network ties. They found that direct experience with the 

disease (within the social network) and salience (perceived threat and perceived relationship 

closeness) were significantly related to utility of the Internet, intention to engage in proxy 

online health information seeking, and intention to support with information (Reifegerste et 

al., 2020). 

In subsequent research studies guided by the CMIS, scholars have modified the 

original model by incorporating context-related variables to explore the predictors of online 

information seeking. For example, Van Stee and Yang’s (2017) study included interest in 

sharing online health information as one antecedent of information carrier factors in the 

context of cancer information. Another study (Basnyat et al., 2018) added two more media-

related predictors as information carrier factors—namely, length of Internet usage and 

frequency of Internet usage—to extend the model to daily healthcare information seeking. 

One study extended the CMIS to cigarette smoking information seeking by incorporating 

sexual orientation and marriage status as two additional demographic antecedents of 

perceived utility of information (Xiao et al., 2020).  

The CMIS was originally situated in information-seeking behavior, a stream of 

existing research; however, the CMIS has been extended to health information-scanning 

behavior, with several studies finding that the CMIS can be successfully applied to 
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information scanning as well (Fung et al., 2022; Ruppel, 2016). Ruppel’s (2016) study 

indicated that the findings for information scanning were consistent with the CMIS in 

general. 

The CMIS has found empirical support in different study contexts. In health 

communication, the CMIS has been employed in various health contexts, including cancer 

information (Hartoonian et al., 2014; Johnson & Meischke, 1993; Van Stee et al., 2017), 

chronic illness information (Fung et al., 2022), cigarette smoking information (Xiao et al., 

2020), childhood vaccine information (Lee & Kim, 2015), and prescription drug information 

seeking (DeLorme et al., 2011). 

The contributions of the CMIS are threefold. First, the CMIS is a prominent and 

coherent theoretical framework to systematically and simultaneously explore 

multidimensional predictive factors of information-seeking behavior (Xiao et al., 2020). 

Johnson and Meischke (1993, p. 351) claimed that the CMIS presents the “bare bones of a 

causal structure” that deepens the understanding of information-seeking behavior. Second, 

among the theoretical models of information seeking, the CMIS is a media-focused research 

framework for studying information-seeking behavior (Wang et al., 2021) by synthesizing 

health-related factors and information carrier factors into one model. However, it has been 

criticized for neglecting media usage-related factors. In Basnyat et al.’s (2018) study, the 

CMIS was expanded by adding media usage, to advance the understanding of online 

information-seeking behavior. Third, researchers have contended that the CMIS has crucial 

practical implications for health campaigns and for information dissemination (Ruppel, 2015; 

Fung et al., 2022). 

 

2.2.3 Theory of Motivated Information Management (TMIM) 
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The Theory of Motivated Information Management (TMIM) models the process of 

how and whether individuals search for information (Afifi, 2008) by synthesizing streams of 

research on efficacy theory, the Theory of Uncertainty Management, the Problematic 

Integration Theory, and the CMIS (Afifi & Weiner, 2006, p.36). The TMIM postulates that 

information management comprises three sequential stages: “interpretation”, “evaluation”, 

and “decision” (Afifi & Weiner, 2004, p. 171). The interpretation stage begins with the 

individual’s awareness of uncertainty discrepancy and anxiety. The evaluation stage involves 

the individual’s expectations about the outcomes of a specific information behavior and its 

efficacy. The decision stage reflects an individual’s information management strategy 

choices. Taken together, this three-stage predictive framework examines how outcome 

expectancy and efficacy lead to information management decisions. 

With regard to the interpretation phase, the TMIM holds that information 

management begins with dealing with uncertainty, which is an essential process of the 

mechanism triggering information seeking (Afifi & Weiner, 2004). Uncertainty is theorized 

as existing “when details of the situation are ambiguous, complex, unpredictable, or 

probabilistic; when information is unavailable or inconsistent; and when people feel insecure 

in their own state of knowledge or the state of knowledge in general” (Brasher, 2001, p. 478). 

Information behavior, including information seeking and information avoiding, can increase, 

reduce, or maintain this uncertainty (Brashers et al., 2000); however, according to the TMIM, 

it involves uncertainty discrepancy, as opposed to the level of uncertainty (Afifi & Weiner, 

2006). Uncertainty discrepancy is theorized as the inconsistency between the desired level of 

uncertainty and the actual uncertainty (Afifi et al., 2006). In the interpretation phase, 

uncertainty discrepancy triggers anxiety (Afifi & Weiner, 2004), which according to the 

TMIM mediates the association between uncertainty discrepancy and information-

management behavior. Anxiety is conceptualized as a feeling of unease about the uncertainty 
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discrepancy (Chang, 2014). Afifi and Weiner (2004) claimed that uncertainty discrepancy 

and anxiety are two imperatives in information decision-making. 

The evaluation phase incorporates outcome assessments and efficacy assessments 

(Afifi & Weiner, 2004). Outcome assessments are categorized into three components: 

outcome expectancy, outcome importance, and outcome probability. Outcome expectancy 

refers to an individual’s cost-benefit analysis of a specific information management strategy; 

outcome importance refers to the perceived significance of a particular outcome (Maddux, 

1999); and outcome probability refers to the perceived likelihood that an information strategy 

will lead to the expected outcome (Afifi & Weiner, 2004). Taken together, an information 

seeker’s assessment of the benefits and costs involves outcome expectancy, outcome 

importance, and outcome probability. In this context, efficacy assessments are the individual 

assessments of the capacity or perceived ability of a specific target object/person to perform a 

behavior. Efficacy involves three aspects: communication, coping, and targeting (Afifi & 

Afifi, 2009). Communication efficacy refers to the perceived ability to acquire information 

from others or from a specific media platform; coping efficacy refers to the perceived ability 

to process the information; and targeting efficacy reflects the belief in the information 

source’s ability and willingness to offer information.  

In terms of the decision phase, Afifi and Weiner (2004) established the aspects of 

information seeking and information avoidance. The TMIM proposes three major types of 

information seeking strategies—passive, active, and interactive—and two general categories 

of information avoidance—active and passive. In the decision phase, an information strategy 

decision is predicted by two evaluation factors: outcome expectancy and efficacy. 

In view of the TMIM as a whole, scholars have contended that the TMIM is a 

relatively successful and useful framework for explicating the process of information-

management decisions (Afifi & Tikkanen, 2021; Kuang & Wilson, 2021). It offers three 
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major contributions. First, the TMIM is characterized by a sequential three-stage information 

management framework that explicitly addresses the dynamic nature of the process of 

adopting information-seeking tactics (Afifi et al., 2006). Second, the TMIM highlights 

personal and social psychological factors on information-seeking behavior, with an emphasis 

on three components of efficacy and outcome expectancy (Afifi & Tikkanen, 2021). Third, in 

the TMIM, anxiety reduction is a crucial motivator in the process of information 

management, which also makes the TMIM an important interpersonal uncertainty framework 

(Afifi et al., 2006). However, Afifi and Weiner (2004) contended that the TMIM fails to 

integrate individual difference or cultural factors into the model, although they realized its 

influence on the information-seeking process. 

Scholars have found substantial evidence to support the TMIM (Kuang & Wilson, 

2021). In the context of health communication, existing efforts have examined health 

information management behaviors by drawing on the TMIM in a wide-ranging contexts: 

sexual health information seeking (Chang, 2014), vaccine knowledge (Wong, 2014), and 

family health information seeking (Hovick, 2014; Kuang & Gettings, 2020). Chang (2014) 

conducted a survey of 202 college students in Singapore and found that uncertainty 

discrepancy played a role in predicting anxiety, which in turn was negatively related with 

efficacy and outcome expectancy; in addition, efficacy and perceived vulnerability were 

found to be positively associated with sexual health information seeking (Chang, 2014). In 

Hovick’s (2014) study, a survey tested the TMIM in the context of family health information 

seeking, and it found that those who experienced uncertainty discrepancies about their family 

health history prefered to seek more information from family members. Kuang and Gettings 

(2020) tested the TMIM’s dyadic claims by linking information seekers and information 

providers in their theoretical model, examining married couples’ information-seeking 

behavior regarding family health history. 
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Although the TMIM primarily emphasizes interpersonal communication, it can also 

be applied to online information management strategies (Afifi & Lucas, 2008; Tokunaga & 

Gustafson, 2014), placing the examination of online health information behaviors within the 

scope of the TMIM. Furthermore, its emphasis on both active and passive information-

seeking strategies makes the TMIM a suitable theoretical foundation for the exploration of 

online health information behaviors, including online health information-scanning and -

seeking behaviors, among older adults.  

 

2.2.4 Risk Information Seeking and Processing Model (RISP) 

The risk information seeking and processing model (RISP) incorporates components 

from the heuristic systematic model (HSM) and the theory of planned behavior (TPB) to 

elucidate how individual seek and process health risk information. It postulates that 

individual characteristics, informational subjective norms, perceived hazard characteristics, 

affective risk responses, information sufficiency, perceived information gathering capacity, 

and communication channel beliefs influence an individual’s risk information seeking and 

processing (Griffin et al., 1999). Individual characteristics consist of demographics (gender, 

ethnicity, age, socioeconomic status), political philosophy, and risk experience. Informational 

subjective norms is theorized as perceived social pressure around risk information seeking 

and processing. Perceived hazard characteristics refer to the cognitive evaluation of a risk. 

Affective responses involve negative emotions, in particular worry and anger. Information 

sufficiency refers to the gap between the sufficiency threshold and current knowledge. 

Perceived information gathering capacity is perceived self-efficacy in information seeking. 

Communication channel beliefs involve perceived trustworthiness and usefulness of channels 

of risk information. Information seeking and processing is categorized into four modes: 

routine/heuristic, routine/systematic, nonroutine/heurist, and nonroutine/systematic. 
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Routine/heuristic mode refers to receiving risk information through typical media usage. 

Routine/systematic mode refers to processing information deeply and critically based on the 

routine/heuristic mode. Nonroutine/heurist mode refers to gathering information uncritically 

through other channels instead of one’s routine media channels. Nonroutine/systematic mode 

refers to gathering information beyond one’s habitual media channels and processing the 

information critically. 

The model has been applied to exploring information-seeking and/or -processing 

behaviors across different risk contexts. The majority of cases are found in health information 

seeking in various contexts, such as radon risk (Hwang & Jeong, 2016), childhood vaccine 

scandals (Yang & Liu, 2020), obesity (Choi & Noh, 2021), and the Covid-19 pandemic (Ahn 

et al., 2021; Kim et al., 2020; Li & Zheng, 2020; Moon et al., 2021). Apart from the 

behaviors of information seeking and processing, some research has expanded the RISP 

model to explore other information behaviors, such as information avoidance (Ahn et al., 

2021; Hwang & Jeong, 2021), information sharing (Yang et al., 2021), and misinformation 

exposure and acceptance (Hwang & Jeong, 2021). In addition, existing studies have 

examined the associations between diverse affective responses—such as fear, anxiety, anger, 

and sadness—and information seeking. For example, Ahn et al. (2021) found that fear and 

anxiety were positively related with information seeking, while anger and sadness were not 

associated with information seeking (Ahn et al., 2021). 

The RISP model provides novel theoretical insights. Scholars have claimed that the 

RISP model is “a turning point” in the domain of risk communication, since it integrates risk 

perception and information seeking and processing into one model, which paves the way for 

further research (Kahlor et al., 2018, p. 700). For example, the planned risk information 

seeking model (PRISM) was guided by the RISP model. Moreover, the model links affective 
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responses with information seeking and processing, suggesting that negative affect toward a 

risk stimulates a need for information seeking and processing (Choi & Noh, 2021). 

 

2.2.5 The Planned Risk Information Seeking Model (PRISM) 

Guided by the theory of planned behavior (TPB) and the RISP model, the planned 

risk information seeking model (PRISM) examines risk information seeking from the 

individual perspective (Kahlor, 2010). The PRISM postulates that seven individual-level 

antecedents are related to information-seeking intentions. Three of the seven factors—attitude 

toward seeking, seeking-related subjective norms, and perceived seeking control—are taken 

from the TPB, and the conceptualization of these three factors is consistent with the TPB 

(Ajzen, 1991). Attitude toward seeking refers to the evaluation of information-seeking 

behavior. Seeking-related subjective norms refers to perceived social pressure around 

information seeking and contains of two components: injunctive norms and descriptive 

norms. Perceived seeking control refers to an individual’s confidence in their information-

seeking behavior (Kahlor, 2010). The other four factors—perceived knowledge, perceived 

knowledge insufficiency, risk perception, and affective risk response—are derived from the 

RISP model. Perceived knowledge is perceived current knowledge, and perceived knowledge 

insufficiency is the gap between one’s knowledge need and one’s current knowledge (Kahlor, 

2010). Risk perception refers to the assessment of perceived risk (Griffin et al., 1999) and 

health status (Kahlor, 2010). In Kahlor’s (2010) study, affective risk response involves worry 

and fear.  

The results of the first test of the PRISM indicated that the three TPB variables, 

affective risk response, and perceived knowledge insufficiency were important antecedents of 

risk information intentions and showed good model fit (Kahlor, 2010). In tests of the model, 

it accounted for almost 60% of variance in risk information-seeking intentions (Kahlor, 
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2010). Extant research has provided empirical evidence that the PRISM is generalizable 

across contexts, and it has been applied in both personal and impersonal risk contexts (Ho et 

al., 2014). In the context of personal risks, the studies fall in the category of health 

information, including cancer information (Hovic et al., 2014; Willoughby & Myrick, 2016), 

information on the Zika virus (Hubner & Hovick, 2020), and sexual health information 

(Willoughby & Myrick, 2016). In terms of impersonal risks, examples of research include 

climate change (Ho et al., 2014) and the 2016 U.S. presidential election (Kahlor et al., 2018). 

Nonetheless, empirical research adopting the PRISM to explore information-seeking behavior 

have generated inconsistent results. Some studies have confirmed the strong predicting effect 

of attitude toward seeking and risk perception on information seeking (e.g., Kahlor, 2010; 

Hovick et al., 2014a), while others offered opposite results: for example, Kessler and Zillich 

(2018) did not find that cognitive factors (including attitude toward seeking and risk 

perception) were significant predictors of searching the Internet for vaccination information. 

In subsequent studies, scholars have expanded PRISM by incorporating new 

antecedents. For example, Hovick et al. (2014a) added three additional variables to the 

original model: outcome expectancies, source beliefs, and past information-seeking behavior. 

However, the addition fails to improve the variance in risk information-seeking intention. In 

another example, Ho et al. (2014) included media usage as an antecedent of climate change 

information-seeking intention, and they found an indirect path between media use and risk 

information-seeking intention through affective response.  

Taken together, PRISM is considered as a comprehensive risk information-seeking 

model (Hovick et al., 2014a). It provides several contributions. First, the PRISM highlights 

the predicting role of individual factors for risk information-seeking intention (Kahlor, 2010). 

Second, it adopts the TPB to understand the “deliberate nature” of risk information-seeking 

behavior, suggesting that attitude, subjective norms, and perceived behavior control are direct 
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predictors of risk information-seeking intention (Kahlor et al., 2018, p. 700). Third, the 

PRISM connects affect with risk information-seeking intention, focusing especially on worry 

and fear (Kahlor, 2010). 

 

2.2.6 Wilson’s (Second) Information Seeking Behavior Model 

Wilson’s first information seeking behavior model argues that information need is a 

secondary need that triggers information-seeking behavior (Wilson, 1981). The model posits 

that information seeking may involve information usage and information exchange if the 

information is perceived as helpful (Wilson, 1999). The drawback of this model is that the 

hypotheses are implicit (Wilson, 1999).  

Wilson’s second information seeking behavior model was based on Wilson’s first 

model (Wilson, 1997). Drawing on social learning theory, risk/reward theory, and stress/ 

coping theory, the model comprises three constructs—context of information need, 

information-seeking behavior, and information processing and use—and two moderating 

factors—activating mechanism and intervening variables (Wilson, 1999). Context of 

information need is defined as “a subjective experience that occurs only in the mind of a 

person in need” (Wilson, 1997, p. 552). Information seeking is categorized into active and 

passive modes (Potnis, 2015); active mode includes active searching and ongoing searching, 

while passive mode includes passive attention and passive searching (Potnis, 2015; Wilson, 

1997). Activating mechanism consists of external and internal factors, such as anxiety, stress, 

and self-efficacy (Potnis, 2015). Intervening variables refers to “supportive” and 

“interruptive” factors of the process of information seeking (Potnis, 2015, p. 99). The 

strength of Wilson’s second information seeking behavior model is that it offers a conceptual 

framework through which to examine “goal-oriented” information behaviors (Potnis, 2015, p. 

103). In addition, Potnis (2015) contends that Wilson’s second information seeking behavior 
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model contains “milestones in the person-centric research on information behavior” (Potnis, 

2015, p. 95). 

Wilson’s second information seeking behavior model was partly tested in different 

contexts, including online health information-seeking behavior (Cao et al., 2016) and e-health 

technology usage (Theis et al., 2019). Cao et al. (2016) conducted a face-to-face survey of 

393 Chinese participants and tested the associations among online health information- 

seeking, activating mechanism, and intervening variables; they found that online health 

information-seeking was predicted by activating mechanism and intervening variables (Cao 

et al., 2016). Another study, surveying 551 older adults, highlighted the impact of health 

information need on health information-seeking behavior and technology use (Theis et al., 

2019). 

 

2.2.7 Technology Acceptance Model (TAM) and Extension Models 

Borrowed from the theory of reasoned action (TRA), the technology acceptance 

model (TAM) attempts to explore how a technology innovation is adopted (Davis, 1989). The 

TAM postulates that perceived usefulness and perceived ease of use determine whether a new 

technology is accepted by potential users. According to Davis (1989), perceived usefulness 

refers to the degree to which potential users hold that utilizing a new technology would 

improve task performance, while perceived ease of use refers to the degree to which potential 

users assume that adopting a certain technology would be effortless. 

Previous studies have examined information behaviors, particularly information-

seeking behavior, in an extension of the TAM in different contexts, but the results are 

inconsistent. A survey study of 175 Singaporean women indicated that perceived usefulness 

and self-efficacy were positively associated with the behavioral intention to use a cell 

telephone for health information, while perceived ease of use was not found to be a 
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significant predictor of behavioral intention (Lim et al., 2011). Likewise, a research study 

surveying 293 Malaysian women indicated that perceived ease of use did not predict using 

the Internet for health information (Ahadzadeh et al., 2018). Conversely, a study by Wong et 

al. (2014) found that perceived ease of use and attitude were positively associated with older 

Chinese adults’ behavioral intention to access health information by using the Internet. 

Guided by the TAM, a series of revised models was proposed to further enrich the 

understanding of the antecedents of technology acceptation and usage; these include the 

Unified Theory of Acceptance and Use of Technology (UTAUT) and the modified 

Technology Acceptance Model 3 (TAM3) (Wong et al., 2014). These models extend the 

TAM by including sets of acceptance determinants that draw on other theories. For example, 

performance expectancy, effort expectancy, social influence, and facilitating conditions were 

incorporated into the UTAUT (Venkatesh et al., 2003). The TAM3 expanded the TAM by 

identifying and theorizing the determinants of perceived ease of use and perceived 

usefulness, including computer anxiety, perceived enjoyment, and computer playfulness 

(Venkatesh & Bala, 2008). Extant research has adopted the UTAUT and TAM3 to examine 

Internet usage (Chang & Im, 2014) and mobile phone usage (Hoque & Sorwar, 2017) for 

health information. Chang and Im (2014) considered using the Internet or a mobile phone for 

health information as a novel form of information technology adoption. They conducted a 

survey of 300 older adults in South Korea and found that prior experience with the Internet 

and behavioral intention positively predicted online health information-seeking behavior 

(Chang & Im, 2014). 

In summary, the primary feature of the TAM is its emphasis of the potential users’ 

perceptions (Dijk, 2020). Its major theoretical contribution lies in its two predictors: 

perceived usefulness and perceived ease of use (López-Nicolás et al., 2008). However, the 
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TAM is criticized for its inadequate emphasis of external factors, such as prior experience 

and perceived enjoyment (Zaineldeen et al., 2020). 

 

2.2.8 Theory of Planned Behavior (TPB) 

Drawing on insights from the theory of reasoned action (TRA), the theory of planned 

behavior (TPB) proposes that three cognitive factors—attitude toward the behavior, 

subjective norms, and perceived behavior control—can jointly influence an individual’s 

intentions and behavior (Ajzen, 1991). Of all the factors, intention is the central factor 

predicting and explaining one’s behavior: it captures the motivation that influences a 

behavior (Ajzen, 1991). Intention is predicted by attitude, subjective norm, and perceived 

behavior control. Attitude reflects the evaluation of adopting a behavior; subjective norm is 

conceptualized as the social expectation of performing the behavior; and perceived behavior 

control involves the perceived difficulty and ease of the behavior. 

The TPB has been employed to predict health-related behaviors (Godin & Kok, 

1996), including health information behaviors (Austvoll-Dahlgren et al., 2012; Chang et al., 

2016; Shamlou et al., 2022). The effect size of some factors of the TPB on information 

seeking are not consistent. For example, Shamlou et al. (2022) found that attitude, subjective 

norms, and perceived behavior control were positively associated with online health 

information-seeking intention, which in turn influences online health information-seeking 

behavior (Shamlou et al., 2022). Austvoll-Dahlgren et al. (2012) also found that attitude and 

perceived behavior control were important predictors of health information-seeking intention. 

However, Chang et al. (2016) found that attitude and perceived behavior control were not 

predictors of mobile health information-seeking intention among women aged 60 years and 

older.  
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The TPB is a well-researched social cognition model that highlights the role of 

behavioral intention (Austvoll-Dahlgren et al., 2012). Although it has not been widely 

adopted in the domain of health information behaviors, it have served as an important 

theoretical foundation for other theories, including the RISP model and the PRISM. 

 

2.2.9 Health Belief Model (HBM) 

The health belief model (HBM) is a widely used model that was developed in the 

context of health care (Glanz, 2001). It was designed to explain variance in preventive health 

behaviors, underpinning the value expectancy theory (Johnson & Case, 2012; Rosenstock, 

1974). It argues that perceived susceptibility, perceived severity, perceived benefits, 

perceived barriers, cues to action, and self-efficacy predict why an individual takes 

preventive behaviors (Janz & Becker, 1984; Glanz et al., 2008). Perceived susceptibility is 

defined as the perception of the risk of getting ill; perceived severity is theorized the 

seriousness of a disease when contracted; perceived benefits is conceptualized as beliefs 

about the effectiveness of the available actions; perceived barriers is conceptualized as beliefs 

about the obstacles to taking the recommended behaviors; cues to action, including internal 

and external cues, refers to stimuli that can trigger actions; and self-efficacy is the perceived 

confidence in one’s ability to perform a behavior (Glanz et al., 2008). 

Studies have adopted the HBM as a conceptual framework to predict health 

information behaviors, including information-seeking (Shang et al., 2020) and -sharing 

(Meischke, 1992) behaviors; however, the findings are mixed. For example, drawing on the 

HBM, Meischke (1992) interviewed 317 women via telephone about breast cancer and found 

that perceived susceptibility, perceived severity, perceived benefits, and perceived barriers 

influenced breast cancer-related information-seeking intentions. Shang et al.’s (2020) study 

showed a positive association between perceived susceptibility and health information-
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sharing intention among older Chinese social media users, while perceived severity was 

negatively associated with health information-sharing intention. 

In conclusion, this section, the traditional literature review, summaries 10 related 

theories and models regarding information behaviors and discusses both contributions and 

limitations of each theory. Nevertheless, a better understanding of older adults’ online health 

information behaviors is needed. The following section is a systematic review of older adults’ 

online health information behaviors examining major predictors of and barriers to online 

health information behaviors among older population. 
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Theory Antecedents Dependent Variables Theoretical Guidance Contributions/Characteristics 

STOPS (Kim & 

Grunig, 2011) 

Problem recognition, involvement 

recognition, constraint recognition; 

referent criterion, situational 

motivation 

Communicative action in 

problem-solving 

(information forefending, 

permitting, information 

forwarding, information 

sharing, information 

seeking, and information 

attending) 

Situational theory of 

publics 

Examines cognitive, 

perceptual, and motivational 

antecedents of information 

behaviors during the 

problem-solving process 

CMIS (Johnson 

& Meischke, 

1993) 

Demographics, direct experience, 

salience, beliefs, characteristics, 

utility 

Information-seeking 

behavior 

Uses and gratifications, 

HBM, and media 

exposure and appraisal 

A media-focused research 

framework used to study 

information-seeking 

behavior (Wang et al., 2021) 

Table 1 
Summary of the Reviewed Theories Predicting Information Behaviors 
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TMIM (Afifi, 

2008) 

Uncertainty discrepancy, anxiety, 

outcomes, efficacy 

Information management 

strategy 

Efficacy theory, theory 

of uncertainty 

management, 

problematic integration 

theory, and CMIS 

Highlights personal and 

social psychological factors 

on information-seeking 

behavior 

RISP (Griffin et 

al., 1999) 

Individual characteristics, 

informational subjective norms, 

perceived hazard characteristics, 

affective risk responses, 

information sufficiency, perceived 

information gathering capacity, and 

communication channel beliefs 

Risk information seeking 

and processing 

Heuristic systematic 

model and TPB 

Links risk perception and 

information seeking and 

processing in one model 

PRISM 

(Kahlor, 2010) 

Attitude toward seeking, seeking-

related subjective norms, perceived 

seeking control, perceived 

knowledge, perceived knowledge 

Seeking intent TPB, RISP a) Highlights individual 

level of factors, b) highlights 

“the deliberate nature of 

information seeking” 
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insufficiency, risk perception, and 

affective risk response 

(Kahlor et al., 2018, p. 700), 

c) connects affect with 

information-seeking 

intention 

Wilson’s 

information 

seeking behavior 

model (Wilson, 

1981) 

 

Information need Information-seeking 

behaviors  

 An information need triggers 

information-seeking 

behavior (Wilson, 1981) 

Wilson’s second 

information 

seeking behavior 

model (Wilson, 

1999) 

 

Information need, activating 

mechanism, intervening variables 

Information behavior 

(information seeking, 

information processing 

and use) 

Social learning theory, 

risk/reward theory, and 

stress/coping theory 

“Milestone in the person-

centric research on 

information behavior” 

(Potnis, 2015, p. 95) 
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TAM (Davis, 

1989) 

Perceived usefulness, perceived 

ease of use, and behavioral 

intention 

Actual system use Theory of reasoned 

action model (TRA) 

Emphasizes the perceptions 

of potential users (Dijk, 

2020) 

TPB (Ajzen, 

1991) 

Attitude toward the behavior, 

subjective norms, and perceived 

behavior control; intention 

Behavior Theory of reasoned 

action (TRA) 

Serves as an important 

theoretical foundation for 

other theories, e.g., RISP and 

PRISM 

HBM 

(Rosenstock, 

1974) 

Perceived susceptibility, perceived 

severity, perceived benefits, 

perceived barriers, cues to action, 

and self-efficacy 

Actions Value expectancy 

theory 

Situated in the context of 

health care 
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2.3 Systematic Review 

The meta-analyses and systematic reviews about online health information seeking-

behavior have been conducted (e.g., Wang et al., 2021), but they did not focus on the older-

adult population. Although a recent systematic scoping review (Zhao et al., 2022) examined 

older adults’ online health information-seeking behavior, it ignores how older adults scan and 

share online health information. Thus, a systematic analysis with a particular focus on online 

health information behaviors among older adults is needed to fill this research gap.  

This section synthesizes older adults’ online health information behaviors, including 

information-seeking, -scanning, and -sharing behaviors. This systematic review aims to offer 

a synthetic understanding of older adults’ use of digital technologies for health information, 

and it addresses the predictors of and barriers to older adults’ access to health information 

through digital technologies. This section begins with the sampling procedure: through 

keyword searches in eight relevant electronic database, 50 articles were identified from 

among 5,999 studies published after 2009 (i.e., 2010–2020). Then, the section moves to the 

findings of the systematic review and the implications. The findings reveal that a wide variety 

of topics pertaining to health information behaviors have been addressed. Of the 50 studies, 

an overwhelming majority focused on health information-seeking behaviors; other studies 

addressed behaviors around health information sharing, scanning, evaluation, and mHealth 

application resistance. Predictors of health information-seeking and related behaviors include 

seven themes with 28 factors. In terms of barriers to using digital technologies for health 

information, four themes with 10 barriers are identified. Furthermore, this section synthesizes 

health information sharing types, motivation, predictors, barriers, and sharing target groups.  

 

2.3.1 Sampling 
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To identify relevant publications, eight major electronic databases (PsycINFO, 

PubMed, MEDLINE, Communication & Mass Media Complete, EBSCOhost, IEEE Xplore, 

Scopus, and Web of Science) were searched. An additional search was performed using 

Google Scholar. These databases were used because they provide access to literature on 

healthcare, aging, psychology, sociology, information, computer-mediated communication, 

and related subjects. Combinations of seven sets of search keywords were used to identify 

studies for the systematic review: (“health” OR “e-Health” OR “online health” OR “mobile 

health” OR “m-health” OR “health-related Internet use” OR “Internet use for health 

purpose”) AND (“information” OR “news” OR “knowledge”) AND (“older adult” OR 

“elder” OR “senior” OR “aged” OR “aging” OR “ageing” OR “baby boomer” OR “retiree”) 

AND (“Internet,” “online,” “web,” “web 2.0,” “web-based resource,” “mobile” OR “mobile 

phone” OR “smartphone” OR “social media” OR “sns” OR “social network service” OR 

“social networking sites” OR “app” OR “application”). To ensure that the search results were 

exhaustive, this study also included the names of the most-used and largest social platforms 

from two reports in 2013 and 2020 (Business Insider, 2013; We Are Social & Hootsuite, 

2020), and included the following 13 social media sites as keywords: Facebook, YouTube, 

WhatsApp, WeChat/Weixin, Instagram, Twitter, Pinterest, QQ, Sina Weibo, TikTok, 

Snapchat, Google +, and Line. The keyword search yielded 5,999 initial publications from 

the eight aforementioned databases. All search results were uploaded to EndNote. After 2,102 

duplicates were removed, 3,897 publications remained. 

In this systematic review, ‘older adults’ are defined as people aged 50 years and older. 

This age bracket was selected to expand the scope of the data, because definitions of the age 

boundary of older adults vary greatly (Hunsaker & Hargittai, 2018). The research results for 

older adults were reported separately. 
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The following inclusion criteria were adopted to the process of selecting relevant 

studies: (1) older adults (50 years of age and older) must have been a major focus in the 

study; (2) the study focused on health information behaviors, including health information 

seeking, processing, and sharing; (3) the research involved any form of digital technology 

(e.g., social media, applications, Internet) for the purpose of health information management; 

(4) the publications were published in peer-reviewed journals, presented at conferences, 

and/or (to reduce the publication bias) were unpublished doctoral dissertations (Charrois, 

2015; Rothstein et al., 2005); (5) the study was published after 2009; and (6) the study was 

written in English. After the titles and abstracts of the remaining 3,897 articles were screened 

for the inclusion and exclusion criteria, 586 papers were identified for the next round, full-

text screening. 

The full texts of 586 articles was screened for the inclusion and exclusion criteria by 

two independent coders, to eliminate errors and reduce bias (Charrois, 2015). Articles were 

excluded when: (1) a full text was not accessible; (2) the major sub-group participants were 

younger than 50 years old (Xiao et al., 2014); (3) the study only studied non-older adult 

groups (e.g., middle-aged adults, adolescents) or other non-relevant sub-groups (e.g., 

patients); (4) older adults were not specified in the research results (Lu et al., 2020; Xiao et 

al., 2014); (5) health information behaviors were not studied (e.g., Keränen et al., 2017; 

Russell et al., 2018; Waring et al., 2019); or (6) digital technologies for health information 

behaviors were not involved (e.g., Eriksson-Backa et al., 2018; Shahrokni et al., 2015). In 

total, 50 studies met the criteria and were included in the systematic review. It is worth noting 

that two literature review articles were also included (Waterworth & Honey, 2018; Ying et 

al., 2019). Electronic searches for articles were conducted from July to September 2020 to 

collect relevant studies. 
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2.3.2 Study Characteristics of the Systematic Review 

The systematic review included articles that were published after 2009 and that 

focused on older adults’ use of digital technologies for health information. The following key 

characteristics were extracted from the studies: study characteristics, characteristics of 

participants, types of health information behavior (e.g., information seeking, scanning, 

processing, sharing, using, discussing, and resistance), digital technology used (e.g., Internet, 

social media, and mobile application), predictors of and barriers to health information 

behavior, and conceptual frameworks. The selected studies were conducted in 13 countries: 

the United States, China, Australia, Canada, Germany, the Netherlands, Singapore, South 

Korea, Bangladesh, Belgium, Poland, Sweden, and Switzerland. A plurality were conducted 

in the United States (n = 21).  

The included studies addressed a wide variety of topics pertaining to health 

information behaviors. Specifically, of the 50 studies, an overwhelming majority (42 studies) 

examined health information-seeking behaviors (seeking, obtaining, accessing, searching, 

proxy Internet health information seeking), including the two reviews (Waterworth & Honey, 

2018; Ying et al., 2019). Of the remaining studies, seven studies addressed health 

information-sharing behaviors (Altizer et al., 2014; Liu et al., 2019; Lumpkins et al., 2017; 

Shang et al., 2020; Theis et al., 2019; Wang & Zhuang, 2020; Wang et al., 2020b), one 

addressed health information-scanning behaviors (Liu et al., 2009), one examined health 

information evaluation (Wong et al., 2019), two examined health information use and 

adoption (Hall et al., 2015; Hoque & Sorwar, 2017), one examined health information 

knowledge learning (Shang & Zuo, 2020), one examined mHealth application resistance 

behavior (Cao et al., 2020), and one addressed health information discussion (Silver, 2015).   
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Figure 1 

Study Selection Process 
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With regard to the digital technologies adopted by older adults, most research focused 

on computers or other mobile devices with which to access the Internet for health 

information. Of these studies, eight emphasized mobile Internet (Chang et al., 2016; Goodall 

& Ward, 2014; Hall et al., 2015; Lin et al., 2020; Oh et al., 2018; Sedrak et al., 2020; Wang 

et al., 2019; Xiong & Zuo, 2019) and three addressed mobile health applications (Cao et al., 

2020; Hoque & Sorwar, 2017; Wildenbos et al., 2019). In addition, six studies examined 

older adults’ usage of social media to acquire and/or share health information (Lumpkins, 

2017; Parida et al., 2016; Shang & Zuo, 2020; Shang et al., 2020; Tennant et al., 2015; Wang 

et al., 2020; Zhao, 2019).  

Of all the reviewed studies, 31 were quantitative studies, 12 were qualitative studies, 

four were mixed-method studies, and one was a case study (Wildenbos et al., 2019). Fourteen 

were cross-sectional studies, and four of them used second-hand data, such as from the 

Health Information National Trends Survey or Women’s Health Initiative (Oh, 2016; Sedrak 

et al., 2020). In terms of data collection, 29 studies used surveys, 10 used interviews, and five 

conducted experiments.  

 

2.3.3 Characteristics of Participants 

The sample sizes of the reviewed studies varied from 5 to 72,806, with a total of 

92,425 participants taking part in the included studies. In all reviewed articles, the definition 

of older adults varied. The minimum age of participants ranged from 49 to 65 years, although 

most of the studies used 60 years old (14) and 50 years old (13) as the cut-off points; the 

remainder considered individuals aged 55 years as older adults (6). Apart from two studies, 

which only examined female participants (Chang et al., 2017; Sedrak et al., 2020), all the 

studies consisted of both female and male respondents. In addition, the vast majority of 

participants were not clinical patients (41): only seven studies examined participants who 
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were clinical patients with hypertension (Sak & Schulz, 2018), chronic illness (Sedrak et al., 

2020), or colorectal cancer (Bolle et al., 2016), or who were geriatric and adult emergency 

department patients (Scott, 2017) or cancer survivors (Oh, 2016).  

 

2.3.4 The Prevalence of Accessing Digital Technologies for Health Information 

In terms of the prevalence of health-related usage of digital technologies, the 

reviewed studies generally indicated that an increasing number of older adults were using 

digital technologies to locate health information. Via a cross-sectional survey of 3,959 

participants aged 50 years and older in the United States, Lumpkins et al. (2017) found that 

Internet, physicians, and books were the top three sources for accessing health information. A 

national survey in the United States showed that more than half of older women with chronic 

illness used the Internet to access health information (Sedrak et al., 2020). In Germany, other 

than health professionals and pharmacists, the Internet was the preferred and trusted health 

information source for older adults (Medlock et al., 2015). Approximately 90% of older 

adults utilized Web 2.0 websites (e.g., Facebook, Twitter) to seek and to share health 

information (Tennant et al., 2015) in the United States; likewise, in China, 83% of the studied 

participants reported using WeChat (social networking sites), search engines, online websites, 

or other mobile applications, such as health resources. Notably, WeChat was the only online 

source of health information for older adults in China. 

Existing studies have documented various information and communication 

technologies as being utilized for health information by older adults globally, such as the 

Internet (Bujnowska-Fedak & Kurpas, 2015; Czaja et al., 2010; Miller & Bell, 2012; Oh 

2016; Song et al., 2019), search engines (Google) (Huisman et al., 2019), the mobile Internet 

(Chang et al., 2016; Goodall & Ward, 2014; Hall et al., 2015; Lin et al., 2020; Oh et al., 

2018; Sedrak et al., 2020; Wang et al., 2019; Xiong & Zuo, 2019), mobile health applications 
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(Cao et al., 2020; Hoque & Sorwar, 2017; Wildenbos et al., 2019), mobile technologies (Lin 

et al., 2020; Oh et al., 2018; Parida, 2016), social media (Lumpkins, 2017; Parida et al., 2016; 

Shang & Zuo, 2020; Tennant et al., 2015) and WeChat (Shang et al., 2020; Wang et al., 

2020b; Zhao, 2019).  

Although utilizing information and communication technologies has been a popular 

and common way to acquire health information (Turner et al., 2018), a qualitative study by 

Canadian scholars found that less than half of their participants used the Internet to seek 

health information, as opposed to seeing the doctor (Silver, 2015). Additionally, two 

Australia-based studies found that older migrants did not generally use the Internet or mobile 

devices to access health information, due to their lack of Internet literacy and skills (Goodall 

& Ward, 2014; Goodall et al., 2010). A national survey in the United States found that just 

10% of the participants searched for and shared health information through social media 

(Lumpkins et al., 2017). 

 

2.3.5 Health Information-Seeking and Related Behaviors 

       This section summarizes the predictors of and barriers to health information behavior, 

especially health information seeking and health information sharing.  

2.3.5.1 Predictors of Online Health Information Behaviors. Predictors of health 

information seeking and related behaviors include 28 factors under seven themes: 

demographic characteristics, need for digital technology, coping ability and skill, behavioral 

intention, digital concerns, perceived benefits, and social influence. 

In the 50 studies, 28 predictors of the usage of digital technologies for health 

information were identified and can be divided into seven types (See Table 2). A large 

proportion of the reviewed studies examined predictors of access to digital technologies as 

health information sources.  
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Demographic Characteristics of Older Adults. In terms of demographics, age, 

gender, race, education, and income were tested. Generally, younger age (Oh et al., 2018; 

Scott et al., 2017; Sedrak et al., 2020; Shang & Zuo, 2020; Sheng & Simpson, 2013; Sheng & 

Simpson, 2015; Tennant et al., 2015; Wong et al., 2014), female gender (Parida et al., 2016; 

Tennant et al., 2015; Wong et al., 2014), higher educational level (Oh et al., 2018; Sedrak et 

al., 2020; Sheng & Simpson, 2015; Tennant et al., 2015; Wong et al., 2014), and higher 

income (Sedrak et al., 2020) significantly influenced the use of digital technologies for health 

information among older adults (Oh, 2016; Oh et al., 2018; Parida et al., 2016; Scott et al., 

2017; Sedrak et al., 2020; Shang & Zuo, 2020; Sheng & Simpson, 2013; Sheng & Simpson, 

2015; Tennant et al., 2015; Wong et al., 2014). Of all the demographic variables, there was a 

consensus on the association between age and online health information behaviors: the age 

category was found to significantly predict online health information-seeking behaviors 

(Scott et al., 2017; Sedrak et al., 2020; Shang & Zuo, 2020; Sheng & Simpson, 2013; Sheng 

& Simpson, 2015; Tennant et al., 2015; Wong et al., 2014). Specifically, younger people in 

this age group were more likely to adopt the Internet (Scott et al., 2017), smartphones (Oh, 

2016; Oh et al., 2018), and social media (Parida et al., 2016), as health information sources. 

Apart from age, the findings on the rest of the demographic characteristics were not 

consistent. Sheng and Simpson (2013) found that only age significantly predicted Internet 

health searching behaviors, in contrast to gender, race, education level, and income. In terms 

of gender, a stream of studies found that women were far more likely to use the Internet 

(Wong et al., 2014) or social media (Parida et al., 2016; Tennant et al., 2015) for health 

information, while other studies found that men reported a greater frequency and higher 

behavioral intention of using online health information (Oh, 2016; Wong et al., 2014).  

Need for Digital Technology. The need for digital technology includes the factors of 

health status (Huisman et al., 2019; Oh, 2016; Theis et al., 2019), health anxiety (Shang & 
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Zuo, 2020), perceived susceptibility, information needs (Huisman et al., 2019; Oh, 2016; 

Theis et al., 2019), and interest (Huisman et al., 2019). A qualitative study in Belgium 

showed that individual health status, information needs, and personal interest had a 

determinate effect on using the Internet for health information, with health status being the 

primary reason (Huisman et al., 2019). A national cohort study in the United States showed 

that women recently diagnosed with cancer were more likely to use the Internet as their 

health resource (Sedrak et al., 2020), which means that clinical patients may have greater 

health information needs. Similarly, a Korean scholar (Oh, 2016) found that unmet health 

information needs was a significant predictor of health information-seeking experiences 

among cancer survivors. In another study, perceived susceptibility had a direct effect on older 

adults’ health knowledge learning intentions (Shang & Zuo, 2020). 

Coping Ability and Skill. The third type of predictor consists of predictors pertaining 

to older adults’ coping ability and skills, and it can be divided into three factors: literacy, self-

efficacy, and expectancy. Many studies found that health literacy (Oh et al., 2018; Shang & 

Zuo, 2020; Sheng & Simpson, 2013), eHealth literacy (Shang & Zuo, 2020; Sheng & 

Simpson, 2013; Tennant et al., 2015), Internet knowledge (Sheng & Simpson, 2013), self-

efficacy (Chang et al., 2016; Lin et al., 2020; Shang & Zuo, 2020), and computer self-

efficacy (Chang et al., 2014) had influential effects on older adults’ online health information 

behaviors. For example, in a national survey in Singapore, Chang et al. (2016) found that 

self-efficacy was the most significant influencing factor across all age categories, and it had 

the greatest impact on older women’s mobile health information seeking. In addition, self-

efficacy has been identified as a predictor of the use of mHealth (Lin et al., 2020). Sheng and 

Simpson conducted a survey in southern Texas (USA) and found that eHealth literacy and 

Internet knowledge had positive predictive effects on the likelihood of utilizing the Internet 

as a health information source. As for the factor of expectancy, in a survey in Bangladesh, 
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Hoque and Sorwar (2017) found that effort expectancy (ease of use) was a direct determinant 

of the adoption of mHealth. Wang et al.’s (2014) study found that perceived ease of use was 

significantly associated with the behavioral intention to use the Internet to search for health 

information.  

Behavioral Intention to Use Digital Technologies as Health Information Sources. 

The fourth type addressed the predictors of older adults’ behavioral intentions. Drawing on 

the modified TAM3, Chang et al. (2014) found that behavioral intention had a direct effect on 

Internet health information-seeking behaviors among older Korean adults. Similarly, a 

quantitative study provided empirical evidence of the association between willingness to seek 

health information on the Internet (called health information orientation) and actual behavior 

(Sheng & Simpson, 2015). 

 

Table 2 

Summary of Predictors to access Digital Technologies as Health Information Sources 
 

Type of Predictor Factor  

Demographic characters of older adults Age 
 Gender 

Race 
Education 
Income 

Need for digital technology Health status  
 Health anxiety 
 Perceived susceptibility 

Information needs  
Interest 

Coping ability and skill Health literacy 
 eHealth literacy 

Internet knowledge 
Self-efficacy 
Computer self-efficacy 
Effort expectancy (ease of use) 
Perceived ease of use 

Behavioral intention  Behavioral intention to use 
 Health information orientation (willingness to 

seek health information) 
Digital concerns  Attitudes towards technology 
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 Trust 
 Prior experiences 
Perceived benefits  Perceived benefits 
 Perceived usefulness 

Perceived enjoyment 
Save time and money 

 Performance Expectancy 
Social influence Social Influence  
 Family support 

 

Digital Concerns. The predictor type ‘digital concerns’ encompasses attitudes toward 

technology, trust, and prior experiences. Among these factors, trust was mentioned the most 

as predicting the use of digital technologies as health information sources (Chang et al., 2014; 

Chaudhuri et al., 2016; Miller & Bell, 2020; Oh, 2016; Sheng & Simpson, 2015; Zulman et 

al., 2011); this factor mostly refers to trust in health information sources, such as on the 

Internet and health information websites. Moreover, technology attitudes (negative or 

positive attitudes toward technology) have an effect on the usage of social media for health 

information among older female adults (Parida, 2016). Additionally, prior experience with 

technology use (Chang et al., 2014; Parida et al., 2016) and prior health information-seeking 

behaviors (Oh, 2016) were identified as predictive determinants of using digital technologies 

for health information among older adults. 

Perceived Benefits. The sixth type involved predictors pertaining to perceived 

benefits, including perceived usefulness, previewed enjoyment, saving time and money, and 

performance expectancy. In a survey study, Shang and Zuo (2020) found that perceived 

benefit was a significant predictor of older adults’ intentions to use mHealth. Perceived 

usefulness exerted a positive effect on Internet health information-seeking behaviors, through 

behavioral intention to use (Chang et al., 2014). Similarly, Lin et al. (2020) found that 

perceived usefulness was identified as a factor predicting the usage of mHealth among older 

adults. In addition, Chang et al. (2014) found that perceived enjoyment was an indirect 

determinant, mediated by perceived ease of use, perceived usefulness, and behavioral 
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intention. In a qualitative study, ‘saving time and money by using Doctor Google’ was 

identified as one of the reasons for older adults to search health information on Google 

(Huisman et al., 2019). Additionally, Hoque and Sorwar (2017) found that performance 

expectancy (referring to boosting productivity) was a factor influencing the adoption of 

mHealth among older adults.  

Social Influence. The last type of predictor was social influence. In this predictor, 

family support had an indirect effect on the improvement of quality of information accessed 

by older adults, through mobile Internet literacy improvement (Xiong & Zuo, 2019). 

Furthermore, social influence had a significant and positive influence on the usage of 

mHealth (Hoque & Sorwar, 2007).  

2.3.5.2 Barriers to Online Health Information-Seeking and Related Behaviors.  

In the selected articles, four types covering 10 barriers to the usage of digital 

technologies for health information were identified (See Table 3); the four types are health 

status, cognitive state, emotional state, and concerns and social influence. A qualitative study 

showed that deteriorating health in aging adults, particularly bad eyesight, prevented them 

from using digital technologies (Zhao, 2019). Additionally, older adults’ usage of digital 

technologies for health information is also influenced by their cognitive and emotional states. 

Barriers related to cognitive state included poor information-search skills and low health 

literacy (Silver 2015; Wang et al., 2019; Zhao, 2019). In addition, older adults experiencing 

some level of tech frustration, technology anxiety, computer anxiety, and/or distrust of 

technology were unwilling to use digital technologies as health information sources (Lin et 

al., 2020; Zapata et al., 2018). Furthermore, older adults expressed various concerns 

explaining their avoidance of using digital technologies, including high cost, disinformation, 

and lack of interaction (Lin et al., 2020; Sliver, 2015; Song et al., 2019; Zapata et al., 2017). 
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Finally, lack of social support can also lead to resistance to technological change among older 

adults (Zapata et al., 2017; Zhao et al., 2019).  

 

Table 3 

Summary of Barriers to Access Digital Technologies as Health Information Sources 

Type of Barrier Factor 

Health status Declining health (e.g. bad eyesight) 
Cognitive state Poor information search skills 
 Lack of health literacy 
Emotional state Frustration with technology usability 
 Technology anxiety, computer anxiety 
 Resistance to change 
 Distrust 
Concerns Financial cost 
 Disinformation (credibility) 
 Lack of interaction 
Social influence Lack of social support  

 

2.3.6 Health Information-Sharing Behaviors 

In the reviewed articles, a group of studies examined health information-sharing 

behaviors (Altizer et al., 2014; Liu et al., 2019; Lumpkins et al., 2017; Shang et al., 2020; 

Theis et al., 2019; Wang & Zhuang, 2020; Wang et al., 2020b). The findings of six studies’ 

in-depth interviews and surveys made clear the specific types of sharing (Wang et al., 2020b), 

the motivation (Wang et al., 2020b), the predictors (Altizer et al., 2014; Shang et al., 2020; 

Wang et al., 2020), and the target groups for sharing (Theis et al., 2019). For example, one 

mixed-method study found that older adults shared health information on social network sites 

(WeChat) through four major means: forwarding, discussing, replying, and posting (Wang et 

al., 2020b). Additionally, Wang et al. (2020) found that the main reason behind older Chinese 

adults’ heath information-sharing behaviors on WeChat was relationship maintenance, as 

opposed to information support.  
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The predictors of information sharing can be synthesized into two aspects: individual 

factors and social factors. According to Wang et al. (2020), gender and prior experience 

significantly predicted older adults’ online health information sharing on social network sites: 

older women were more inclined to share information than men (Wang et al., 2020b). 

However, the research of Shang et al. (2020) did not find any empirical evidence for an 

association between demographics and the intention to share health information on social 

media. In addition, perceived susceptibility positively predicted health information-sharing 

intention, while perceived severity had a negative direct effect (Shang et al., 2020). It should 

be noted that perceived credibility was not considered to be a predictor of health information-

sharing behaviors (Wang et al., 2020b). With regard to social influencing factors, perceived 

social support from children and social embeddedness were significant factors predicting 

health information-sharing behaviors (Liu et al., 2019). Furthermore, authority orientation 

and relationship orientation were also identified as significant predictors of health 

information sharing on social network sites among older Chinese adults (Wang et al., 2020b).  

Notably, older adults’ health information sharing is a selective process (Wang et al., 

2020b). Older adults tend to share health information on social media with weak ties (e.g., 

friends, relatives) instead of strong ties (e.g., spouse, children) (Wang et al., 2020b). 

 

2.3.7 Theoretical Lens of Reviewed Studies 

Half of the sampled studies (24) utilized theoretical frameworks; those that applied a 

conceptual framework drew primarily on behavioral and social sciences theories. 

When older adults’ health information-seeking behaviors were studied, researchers 

used the following theories as the primary theoretical lenses to develop their own research 

models: CMIS (Oh, 2016; Oh et al., 2018; Sheng & Simpson, 2015), HBM (Shang et al., 

2020; Shang & Zuo, 2020), Social Cognitive Theory (Chang et al., 2016), TPB (Chang et al., 
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2016), TAM (Parida, 2016; Wong et al., 2014), UTAUT (Hoque & Sorwar, 2017), modified 

TAM3 (Chang et al., 2014), Wilson’s information seeking behavior model (Theis et al., 

2019), Self-Efficacy Theory (Hall et al., 2015), Social Support (family support) (Xiong & 

Zuo, 2019), the Cognitive Mediation Model (Jin et al., 2018), the Health Literacy Skills 

Framework (Jin et al., 2018), E-health literacy (Hall et al., 2015), and the Theory of 

Consumers’ Preventive Health Behaviors (Sheng & Simpson, 2013).   

The reviewed studies that pertained to health information sharing were guided by the 

HBM and the Elaboration Likelihood Models (ELM) (Shang et al., 2020), social learning 

theory (Wang et al., 2020b) and social support (Liu et al., 2019). In addition to the 

aforementioned theories, Stimulus-Organism-Response (SOR) was utilized for the study of 

mHealth application-resistance behavior (Cao et al., 2020). In Ying et al.’s (2019) review, the 

Technology Amplification Theory was the theoretical basis for examining the mechanism 

that influences older adults’ health information-seeking behaviors. In addition, of the 12 

qualitative studies in this review, four studies adopted the grounded theories for theory 

development (Goodall et al., 2014; Goodall et al., 2010; Manafo & Wong, 2012; Song et al., 

2019). 

 

2.3.8 Implications of the Systematic Review 

This review synthetized the digital technologies adopted by older adults, the types of 

health information behaviors, and the predictors of and barriers to older adults accessing 

health information via digital technologies. This systematic review has deepened the 

understanding of how older adults use digital technologies for health information, serving as 

the basis of the following survey research study.  

The current systematic review shows that a wide variety of topics pertaining to health 

information behaviors have been addressed. Of the 50 studies included in the review, an 
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overwhelming majority focused on health information-seeking behaviors, such as seeking, 

obtaining, accessing, searching, and proxy Internet health information seeking. The 

remaining studies addressed health information-sharing behaviors (Altizer et al., 2014; Liu et 

al., 2019; Lumpkins et al., 2017; Shang et al., 2020; Theis et al., 2019; Wang & Zhuang, 

2020; Wang et al., 2020b), health information-scanning behaviors (Liu et al., 2009), health 

information evaluation (Wong et al., 2019), health information usage and adoption (Hall et 

al., 2015; Hoque & Sorwar, 2017), health information knowledge learning (Shang & Zuo, 

2020), mHealth application-resistance behavior (Cao et al., 2020), and health information 

discussion (Silver, 2015).  

The systematic review reveals predictors of health information-seeking and related 

behaviors, with the 28 factors divided into seven themes: demographic characteristics, need 

for digital technology, coping ability and skill, behavioral intention, digital concerns, 

perceived benefits, and social influence. Moreover, barriers to the usage of digital 

technologies for health information were identified, with 10 barriers divided into four themes: 

health status, cognitive state, emotional state, and concerns and social influence. Furthermore, 

types of health information sharing, motivation for sharing, predictors of sharing, barriers to 

sharing, and target groups of sharing behaviors were synthesized.  

In summary, this systematic review primarily synthetized the predictors of and 

barriers to older adults accessing health information via digital technologies. The review 

found that the majority of the predictors and barriers are located in in social psychological 

constructs. However, surprisingly, a handful of research studies probed into the role of social 

relationship factors on health information behaviors among older adults. Additionally, few 

research studies have explored the effects of health information behaviors—such as health 

information seeking, scanning, and sharing—on health disparities. In addition, it is far from 

clear whether communication disparities, especially health information behaviors based on 



 56 

different social determinants (including sociodemographic factors and socioeconomic 

position), exert an influence on health outcomes.  

Building on the systematic review, the following chapter introduces the conceptual 

framework of this dissertation. It then proposes an extended model of the Structural Influence 

Model of Communication (SIM) to examine older adults’ online health information behaviors 

on social media from both personal and social perspectives. 

 

 

  



 57 

 

Chapter 3: Theoretical Framework 

  

In the previous chapter, the systematic review results showed that social dimension of 

information behaviors was understudied and little research used the structural influence 

model of communication (SIM) as the theoretical framework to examine online health 

information behaviors from the social relationship perspective. However, extant studies 

suggest that social relationship factors are important for predicting health information 

behaviors (e.g., Bigsby & Hovick, 2018; Hayashi et al., 2019; Hong et al., 2021; Xiong & 

Zuo, 2019). Also, given the social attributes of online health information behaviors in social 

network sites, studying the potential influence of social relationships may help to understand 

the underlying mechanism online of health information behaviors on social media. Therefore, 

in the following survey study, a social approach is taken to study older adults’ online health 

information behaviors on social media. The SIM was selected as the theoretical framework of 

this dissertation mainly because it provides a perspective of social relationships to examine 

online health information behaviors (Hovick et al., 2014b). Moreover, this model links health 

communication with health outcomes in one model, which helps to examine the association 

between older adults’ online health information behaviors and health outcomes.  

This chapter first reviews the theoretical framework of this dissertation: SIM. Then an 

extended model of SIM is proposed to examine online health information behaviors among 

older adults on social media. It then further reviews the literature on each proposed 

theoretical variable, including social determinants, personal cognitive factors, social 

relationship factors, online health information behaviors, and health outcomes. Meanwhile, 

the hypotheses and research questions of this dissertation study are posed. 
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3.1 The Structural Influence Model of Communication (SIM) 

Among various health information models, the SIM builds a bridge between health 

communication and health disparities (Bigsby & Hovick, 2018). The SIM explicates how 

structural determinants result in different health communication outcomes—also known as 

health communication inequalities—and health outcomes through mediating and or 

moderating mechanisms (Viswanath et al., 2007). In another words, the SIM holds that 

communication linking social determinants and health outcomes exerts a central influence on 

health outcomes, for example, by promoting preventive behaviors and patient-provider 

interactions (Kontos & Viswanath, 2007). Communication inequalities among various 

socioeconomic position groups may result in different health outcomes across different 

subgroups (Viswanath et al., 2009). 

 

Figure 2 

The Structural Influence Model of Communication (Viswanath et al., 2007)  

 

The SIM extends digital divide research (Kontos & Viswanath, 2007). It incorporates 

four key components: social determinants, mediating or moderation conditions, health 

communication outcomes, and health outcomes.  
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Social determinants of health are considered as the non-medical forces that have a 

crucial effect on health outcomes (WHO, n.d.,a). Social determinants are where individuals 

are born, grow up, learn, work, live, and age, along with other external determinants that 

shape the living conditions of daily life (Commission on Social Determinants of Health, 

2018; WHO, n.d.,a). There are five key social determinants, including “economic stability, 

education, social and communication context, health and health care, neighborhood and built 

environment” (Heiman & Artiga, 2015, p. 2). A study by Viswanath et al. (2007) stated that 

social determinants encompass socioeconomic position (e.g., education, earnings), place 

(neighborhood, urbanicity), and sociodemographics (e.g., age, gender, race, ethnicity). 

Generally, the social determinants of health is a quite broad term that could encompass 

different related determinants based on the study context and theoretical guideline. 

In SIM, mediation and moderating conditions mainly refer to individuals’ resources, 

including social support, social capital, and health insurance. For example, guided by SIM, 

Bigsby and Hovick (2018) found that social capital had indirect effects on health 

information-seeking and -scanning behaviors through age and education. An online survey 

study using SIM as the theoretical framework indicated that social capital mediated the 

association between healthcare knowledge and education on cancer risk (Hovick et al., 

2014b). 

Communication outcomes, known as communication inequalities, are characterized as 

operating on macro and the micro level. These are a) differences among social economic 

subgroups to generate, distribute, and utilize information and b) differences among 

individuals to exposure, attend, and act on information (Viswanath, 2006), respectively. In 

addition, according to SIM, the conceptualization of health outcomes is quite general and 

relatively vague. It primarily includes health knowledge, health beliefs, and health preventive 

behaviors. For example, Viswanath et al. (2007) showed a list of health outcomes, such as 
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health knowledge, health conscious, preventive health behaviors, screening tests, medical 

treatment, and end-of-life care. Kim and Jung (2017) examined risk perception and 

preventive behaviors, such as evacuation, preparedness, vaccination, and quarantine, as 

health outcomes. Bigsby and Hovick’s (2018) study operationalized health outcomes by 

measuring four preventive health behaviors: vegetable and fruit intake, exercise, cigarettes, 

and alcohol consumption and tested the relationship between them and health information 

seeking and scanning. Hayashi et al.’s (2019) study stated that a history of body checkups, 

subjective health status, and current health status were health outcomes.  

Although limited research has employed SIM as its theoretical guideline, the SIM has 

been adopted to examine health information behaviors in different contexts ranging from 

cancer information (Hovick et al., 2014b; Kontos & Viswanath, 2011; Tan, 2015) and health 

information mavenism (Hayashi et al., 2019) to vaccine-related health information (Chen et 

al., 2022; King & Jung, 2017). For example, drawing upon SIM, Hayashi et al. (2019) 

conducted a national survey of 27,414 Japanese adults, aged 65 and older, found that older 

adults who were female, younger, well-educated, and enjoyed better financial conditions 

tended to share health information with the people around them via interpersonal 

communication. They also found older adults with larger social networks, higher social 

support, and more media exposure were more likely to provide and share health information 

with others by interpersonal communication (Hayashi et al., 2019). Bigsby and Hovick 

(2018) used second data from the Annenberg National Health Communication Survey in the 

U.S. and examined SIM in the context of chronic disease. They found health information 

seeking and scanning, and social capital played mediating roles between social determinants 

and health-risk behaviors. In Hovick et al.’s (2014b) research study, SIM was expanded and 

tested within the context of cancer through the theoretical lens of a planned-risk information 

seeking model (PRISM). It was found that social capital, health literacy, and perceived 
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seeking control were important mediators between socioeconomic status, cancer risk 

knowledge, and cancer risk information seeking (Hovick et al., 2014b). A research study that 

surveyed 405 WeChat users found that gender, income, and vaccine beliefs were significant 

predictors of health information seeking, which, in turn, predicted attitudes toward COVID-

19 vaccinations and the intention to get vaccinated. Health information seeking was the 

mediator between vaccine beliefs and health-outcome variables (attitude and behavior 

intention toward COVID-19 vaccinations). 

As a whole, the theory is unique in three ways. First, the SIM is a valuable and 

comprehensive theoretical framework for offering one possible explanation for health 

disparity (Bigsby & Hovick, 2018; Hovick et al., 2014b). It links health communication with 

health outcomes in one model. Second, the SIM provides more detail on the role of 

resources—for example, social capital and social support—which involves interpersonal 

processing of the information behaviors (Hovick et al., 2014b). Third, the SIM guided by the 

digital divide pays attention to the impact of social determinants on health communication 

and health disparities. On the other hand, the SIM was criticized for ignoring the role of 

personal cognitive factors, which may guide health behaviors along with macro-level factors 

(Hovick et al., 2014b). Therefore, this dissertation attempts to narrow this gap by integrating 

additional personal cognitive factors, namely efficacy and outcome expectancy drawn from 

TMIM. According to TMIM, outcome expectancy refers to individuals’ cost-benefit analysis 

of a specific information strategy. Efficacy theorized as the individual assessments of their 

capacity or perceived ability of a specific target object/target people to perform a behavior 

(Afifi & Afifi, 2009).  

The TMIM is fits for the proposed model for several reasons. First, TMIM is a 

comprehensive model synthesizing streams of research on efficacy theory, the theory of 

uncertainty management, the problematic integration theory and the CMIS (Afifi & Weiner, 
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2006, p.36). It covers major theoretical constructs from ten reviewed theories. Second, the 

TMIM highlights both active and passive information acquisition strategies which is 

applicable to online health information-seeking and -scanning behaviors. The proposed 

model only integrated two variables, efficacy and outcome expectancy, from TMIM instead 

of the whole model because the rest of variables: uncertainty discrepancy and anxiety work 

better with disease-specific or risk situations rather than a daily-life context. 
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3.2 Proposed Model: An Extended SIM 

The conceptual framework of this dissertation is anchored on the SIM and TMIM 

because SIM and TMIM cover social relationship factors and cognitive factors of online 

health information behaviors respectively. To be specific, the SIM places great emphasis on 

communication inequalities and health outcomes based on social determinants and social 

mediators, such as social capital resources. However, it does not involve intrapersonal factors 

that could also play essential roles in information management strategy decisions. In the last 

decade, SIM was expanded to include personal cognitive mediators ranging from health 

literacy and attitudes to subjective norms to understand cancer-related communication 

outcomes (Hovick et al., 2014b). To have a comprehensive understanding of older adults’ 

online health information behaviors and health behavior outcomes in an everyday life 

context, two additional cognitive variables—efficacy and outcome expectancy—were drawn 

from TMIM in this dissertation study. The expanded SIM attempts offer more insights for 

interventions to reduce communication inequalities and promote healthy behaviors. In 

addition to the aforementioned variables, this dissertation study also explores the association 

between health-opinion leadership and online health information behaviors. By integrating 

key theoretical variables from the SIM and TMIM, this dissertation proposes an expanded 

model of SIM (see Figure 3) and attempts to bridge the gap in the literature by combining 

both personal cognitive factors and social relationship factors to explore the antecedents and 

related health outcomes of online health information behaviors. Key constructs will be 

introduced in detail as stated below. 

 

3.3 Social Determinants and Online Health information Behaviors 

According to the SIM, social determinants, including demographic factors and 

socioeconomic status, lead to different health communication outcomes and health outcomes. 
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Another theoretical model, CMIS, also postulates that demographics could predict health 

information seeking behavior. Then, how do social determinants play the role in online health 

information behaviors among older adults? 

Social determinants of health have an impact on related health outcomes (WHO, 

n.d.,a). Social determinants refers to the conditions where individuals are born, grow up, 

study, work, live, and age, and other additional determinants that form an individual’s daily 

life (CSDH, 2018; WHO, n.d.,a). According to the Commission on Social Determinants of 

Health and the WHO, social determinants of health include five major determinants: 

“economic stability, education, social and communication context, health and health care, 

neighborhood and built environment” (Heiman & Artiga, 2015, p. 2). In sum, social 

determinants of health is a quite general umbrella concept that could encompass different 

related determinants based on the study context and theoretical guideline. For example, 

Hovick et al. (2014b) concentrated on socioeconomic position and race when they examined 

cancer-risk knowledge and information seeking. Viswanath et al. (2007) regarded 

information seeking and scanning and health-risk behaviors, social determinants focused on 

three key parts that were socioeconomic status (education, income), place (neighborhood, 

urbanicity) and sociodemographics (e.g., age, gender, race, ethnicity). Using the data of 405 

Chinese WeChat users, a study by Chen et al. (2022) examined age, sex, location, education 

and income as social determinants exploring the antecedents of vaccine-related information 

seeking.  

In the literature regarding older adults’ health information behaviors, several social 

determinants have been examined. The systematic review in Chapter 2 has documented the 

determinants in detail. The results of the systematic review showed that age, gender, race, 

education, and income were the most frequently mentioned demographics when examining 

the study of older adults’ health information behaviors.  
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3.3.1 Age and Online Health information Behaviors 

Regarding age, it has been noted that older adults pay more attention to their ongoing 

health conditions (Stoller & Pollow, 1994) and have a higher health consciousness (Macias & 

McMillan, 2008) in comparison with younger adults. Existing studies have indicated that 

there was a basic consensus on the association between age and older adults’ online health 

information-seeking behavior. In general, the age category was found to be a significant 

predictor of online health information-seeking behaviors (Miller & Bell, 2012; Lumpkins et 

al., 2017; Scott et al., 2017; Sedrak et al., 2020; Shang & Zuo, 2020; Sheng & Simpson, 

2013, 2015; Tennant et al., 2015; Wong et al., 2014). More specifically, younger elderlies 

were more likely to adopt the Internet (Miller & Bell, 2012; Scott et al., 2017), smartphones 

(Oh 2016; Oh et al., 2018), and social media (Lumpkins et al., 2017; Parida et al., 2016) as a 

health information source because younger elderlies have a relatively high level of digital 

literacy (Oh et al., 2021). For example, a study that surveyed 235 older Korean smartphone 

users found that younger old adults had a high interest in seeking health information via 

smartphones (Oh et al., 2018). Using the data from 610 older adults in Sweden, the study of 

Parida et al. (2016) showed that younger old adults tended to adopt social media to access 

health information. For another example, a survey of 72,806 older women with chronic 

illness (65 years old and above) in the U.S. revealed that age was negatively associated with 

using Internet for obtaining health information (Sedrak et al., 2020). However, another line of 

study did not show empirical support (Tennant et al., 2015; Wong et al., 2014) for this 

finding. For example, another study of 393 American older adults (aged 50 and above) 

showed inconsistent results (Tennant et al., 2015), finding that age was negatively associated 

with online health information-seeking behavior, but it was not a significant predictor. In 

conclusion, the findings regarding the association between age and health information-

seeking behavior are inconsistent. However, it is still worth studying. Besides, with respect to 
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the association between age and online health information-scanning behavior, previous 

literature found that a negative association between them (Ruppel, 2016). However, there is 

limited knowledge of the association among elderly populations. In addition, the association 

between age and older adults’ online health information sharing has rarely been studied. Liu 

et al.’s (2019) study showed no empirical evidence indicating that age was a significant 

predictor of health information-sharing behavior among older Chinese adults. Based on such 

consideration, this dissertation proposes the following research question: 

RQ1: How will age influence these online health information behaviors among older 

adults: a) health information seeking, b) health information scanning, and c) health 

information sharing? 

 

3.3.2 Gender and Online Health information Behaviors 

Apart from age, gender is another most often studied demographic variable in online 

information health behaviors. A meta-analysis regarding gender differences of online health 

information seeking has shown that females were more active online health information 

seekers than males across surveys (Hallyburton & Evarts, 2014). Regarding the older 

population, likewise, a stream of empirical research studies has concluded that female older 

adults were far more likely to use the Internet than males of a similar age (Wong et al., 2014; 

Tennant et al., 2015), social media (Parida et al., 2016; Tennant et al., 2015) for health 

information and sharing online health information (Liu et al., 2018; Wang et al., 2020b). 

Tennant et al.’s (2015) study argued that female older adults were almost three times more 

likely to seek health information from the Internet and social media than male older adults. 

The explanation may lie in gender differences in the sociocultural context. Males are often 

unaware of health information because of social constructions of masculinity (Ek, 2015). 

Moreover, previous studies indicated that female older adults tended to have more social 
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capital and expected Internet support compared with their male counterparts (Rios et al., 

2019), which may, in turn, have an impact on online health information behaviors (Chen et 

al., 2021; Ridings et al., 2002). In addition to information acquisition, older women preferred 

to share health information on social media (Wang et al., 2020b). However, another stream of 

studies has found that male older adults reported a greater frequency and higher behavioral 

intention to locate health information (Oh, 2016; Wong et al., 2014). Besides, some 

researchers have asserted that there was no gender difference (Kimbrough et al., 2013). A 

survey study of 235 Korean senior citizens found that gender was not a significant predictor 

of health information seeking (Oh et al., 2018). Oh et al. (2018) concluded that one of the 

possible explanations for this phenomenon would be sample characteristics. Another 

explanation could be the education level of the participants. Thus, to study the relationship of 

older adults’ gender and online health information behaviors, this dissertation addresses the 

following research question: 

RQ2: How will gender influence these online health information behaviors among 

older adults: a) health information seeking, b) health information scanning, and c) 

health information sharing? 

 

3.3.3 Health Status and Online Health information Behaviors 

Among all factors predicting older adults’ online health information behavior, health 

status is considered one of the control variables or predictors. Health status refers to an 

individual’s general level of wellness. Regarding the predicting power of health status on 

online health information behavior, the findings from empirical studies are not consistent. A 

meta-analysis study showed that some specific chronic diseases may lead to higher risk 

perception and then result in online health information-seeking behavior (Ou & Ho, 2022). 

Other studies, however, did not support the findings. For example, Oh et al. (2018) found that 
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health status was not significantly predicted Korean senior citizens’ online health information 

seeking via social media (Oh et al., 2018). In another example, a mixed-method study 

combined a survey and in-depth interviews and indicated that older Chinese adults’ health 

status had no significant impact on their health information sharing on the popular Chinese 

social media platform WeChat. (Wang et al, 2020). Therefore, to examine the relationship 

between older adults’ health status and online health information-seeking, -scanning and -

sharing behaviors, this dissertation examines the following research question: 

RQ3: How will health status influence these online health information behaviors 

among older adult: a) health information seeking, b) health information scanning, and 

c) online health information? 

 

3.3.4 Education and Online Health information Behaviors 

Education has also been examined as one of the antecedents of older adults’ online 

health information behavior, with some studies revealing that those with a higher education 

level reported exercising more online health information behaviors (Hall et al., 2015; 

Lumpkins et al., 2017; Sedrak et al., 2020; Sheng & Simpson, 2015; Tennant et al., 2015; 

Yang et al., 2021; Zhao, 2019; Zhao et al., 2022). A national study that surveyed 283 

American older adults found that those with bachelor’s degrees were twice as likely as those 

without a high school certificate to adopt the Internet for health information. Furthermore, it 

found that older master degree holders were seven times more likely than those without a 

high school certificate to utilize the Internet for health information (Tennant et al., 2015). 

Through a study of 1138 American older adults, Sheng and Simpson (2015) also found that 

education was a powerful predictor of using the Internet for health information. Regarding 

online health information scanning, a previous study showed consistent results (Ruppel, 

2016). On the other hand, a study of 290 Chinese social media users found that education did 
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not contribute to the intention to participate in online health information sharing (Shang & 

Zuo, 2020). Taking these conflicting results together, this dissertation examines the following 

research question: 

RQ4: How will education influence these online health information behaviors among 

older adults: a) health information seeking, b) health information scanning, and c) 

health information sharing? 

 

3.3.5 Income and Online Health Information Behaviors 

Empirical evidence indicated that, in addition to age, gender, health status, education, 

income has also been the subject of investigation in the field of older adults’ online health 

information seeking (Miller & Bell, 2012; Sheng & Simpson, 2015; Zhao, 2019; Zhao et al., 

2022), online health information scanning, and online health information sharing (Wang et 

al., 2020b). Once again, however, the findings regarding the association between income and 

online health information seeking are inconsistent. For example, a national survey in the U.S. 

showed that older women with a higher income tended to use the Internet for health 

information (Sedrak et al., 2020), whereas Sheng and Simpson (2015) found that income was 

not a significant predictor of using the Internet to seek health information among older adults. 

With regard to online information sharing, income was not found to be a significant predictor 

based on the existing literature (Wang et al., 2020b). Hence, to explore the effect of older 

adults’ income on online health information behaviors, this dissertation examines the 

following research question: 

RQ5: How will income influence these online health information behaviors among 

older adults: a) health information seeking, b) health information scanning, and c) 

health information sharing? 

3.4 Outcome Expectancy, Efficacy, and Online Health Information Behaviors 
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This section introduces the relationship between outcome expectancy and three online 

health information behaviors: online health information-seeking behavior, online health 

information-scanning behavior, and online health information-sharing behavior. 

 

3.4.1 Outcome Expectancy and Online Health Information Behaviors 

 Borrowing the assumptions from social learning theory, expected utility models, 

uncertainty theories, and predicted outcome value theory (Afifi et al., 2006), TMIM argues 

that information management decision making relies on individuals’ expectations about the 

outcome of information behaviors (Afifi et al., 2006, p. 192). To be specific, people are more 

likely to seek information based on the degree to which they expect a positive outcome. 

Outcome assessments originate from expectancy-value models (Afifi et al., 2004). 

The core of this line of theories is the postulation that prior to making a decision, people tend 

to evaluate their expectations for the outcome based on several actions (Maddux, 1999). 

Outcome assessments encompass outcome expectancy, outcome importance, and outcome 

probability. In the field of information management, outcome expectancy is conceptualized 

as an individual’s cost-benefit analysis of a specific information management strategy. 

Outcome importance refers to perceived significance of a particular outcome (Maddux, 

1999). Outcome probability is theorized as the perceived likelihood that an information 

strategy will lead to an expected outcome (Afifi & Weiner, 2004). Together, Afifi and 

Weiner (2004) proposed that the combination of outcome expectancy, outcome importance, 

and outcome probability had positive effects on information seeking. Among all outcome 

assessment components, outcome expectancy is identified as the most important one (Afifi et 

al., 2004). Therefore, in subsequent research studies, scholars only adopted outcome 

expectancy—instead of the combination of three outcome assessment components—to 

predict information-acquisition behavior.  
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Strong evidence shows that a relationship between outcome expectancy and 

information seeking behavior exists (e.g., Afifi & Afifi, 2009; Cai & Shi, 2022, Chang, 2014; 

Hovick, 2014; Kim et al., 2015a; Kuang & Gettings, 2020; Ou & Ho, 2022; Wong, 2014). 

Yet so far little research has studied the effect of outcome expectancy on information 

scanning (Ruppel, 2016). Despite information scanning being a less purposive information 

acquisition, it is still an active information exposure (Niederdeppe et al., 2007). Also, the 

literature has indicated a close connection between information seeking and information 

scanning. Therefore, this dissertation aims to draw a link between outcome-expectancy and 

information-scanning behavior to expand the literature. 

Compared to online information seeking and information scanning, online 

information sharing behavior is fundamentally different. However, both theoretical and 

empirical evidence supporting the positive relationship between outcome expectancy and 

online information sharing (Chiu et al., 2006; Hsu et al., 2007; Kim et al., 2015a). In Hsu et 

al.’s (2007) study, outcome expectancy was categorized into two types: personal outcome 

expectations and community-related outcome expectations. Personal outcome expectations 

highlighted an individual’s anticipation. Examples include earning respect from another or 

forming a friendship, while community-related outcome expectations focus on the 

contribution of online information sharing to the virtual community. The results of Hsu et 

al.’s (2007) research indicated only a positive association between personal-outcome 

expectations and online information-sharing behavior in the virtual community. For another 

example, via an online survey of 308 college students, Kim et al. (2015a) found that social 

outcome expectancy was a significant factor influencing online information-sharing behavior 

on social media. Thus, it is expected that older adults’ outcome expectancy may play a role in 

theirs online health information-seeking behavior, online health information-scanning 

behavior, and online information-sharing behavior (Kim et al., 2015a). 
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3.4.2 Efficacy and Online Health Information Behaviors 

Apart from outcome assessment, efficacy assessment also exerts a pivotal influence 

on information decisions. In the field of health information, there exists substantial evidence 

to prove the relationship between efficacy and online information behaviors (e.g., Chang et 

al., 2016; Mustika et al., 2022; Oh 2016; Ou & Ho, 2022; Ruppel, 2016; Zhao et al., 2022). 

The systematic review in the previous chapter strongly suggests that self-efficacy, especially 

computer self-efficacy, should be positively associated with older adults’ information 

seeking. Two other recent review articles also offered consistent findings, namely one by Ou 

and Ho (2022) and the other by Zhao et al. (2022). A Singaporean research study found that 

self-efficacy was the most powerful influencing factor across all age categories and had the 

greatest impact on older women’s mobile health information seeking (Chang et al., 2016). 

For another example, Kim et al. (2015a) noted the positive association between self-efficacy 

and online information-sharing behavior in a study that surveyed 308 American college 

students. In addition, several theoretical frameworks within the field have emphasized the 

central role of efficacy. For example, both CMIS and TMIM have emphasized the effect of 

efficacy on predicting information seeking behavior. According to CMIS, one’s beliefs—one 

of the antecedents of utility and information seeking—is conceptualized as the efficacy of 

preventive treatment and perceived control over the future. While Afifi et al. (2006) criticized 

the theorization of beliefs (beliefs in efficacy), in CMIS was too broad.  

According to TMIM, efficacy—at least as it is used in this dissertation—refers to the 

individual assessment of a person’s capacity or the perceived ability of a specific target object 

or target person to perform a behavior. Three specific types of efficacy can be discerned: 

communication efficacy, coping efficacy, and targeting efficacy (Afifi & Afifi, 2009). 

Communication efficacy is theorized as the perceived ability to acquire information from 
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others or a specific media platform. Coping efficacy is conceptualized as a perceived ability 

to deal with the information. Targeting efficacy reflects the belief in the information source’s 

ability and willingness to offer information. TMIM presumes that the combination of coping 

efficacy, communication efficacy, and targeting efficacy have positive effects on information 

seeking (Afifi et al., 2004).  

The TMIM also argues there is a directional effect between outcome assessment and 

efficacy assessment and posits that efficacy mediates the relationship between outcome 

assessments and information management strategies because outcome expectancy is shaped 

before efficacy assessment (Afifi & Weiner, 2004). In the field of health information, 

substantial evidence has proven the effect of outcome expectancy on health information 

seeking behaviors via efficacy. Examples include three major contexts: sexual health 

information (Chang, 2014), family health information (Afifi & Afifi, 2009; Hovick, 2014; 

Kuang & Gettings, 2020), and vaccine information seeking (Wong, 2014).  

Although the scope of TMIM lies in interpersonal channels, such as close 

relationships (Afifi et al., 2004; Hovick, 2014), it has been extended and applied to online 

information seeking (Tokunaga & Gustafson, 2014). Nevertheless, less attention has been 

paid to online information scanning. In addition, limited knowledge exists regarding the 

effect of personal cognitive factors: outcome expectancy and efficacy of older adults’ online 

health information-acquisition behaviors. Therefore, this dissertation explores how outcome 

expectancy and efficacy affect older adults’ online health information-seeking and -scanning 

behaviors. Taken together, based on the literature pertaining to outcome expectancy, efficacy, 

and three online health information behaviors—online health information-seeking, -scanning, 

and -sharing behaviors—the following hypotheses were proposed: 

H1: Outcome expectancy is positively associated with efficacy. 
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H2: Efficacy is positively associated with a) online health information-seeking 

behavior, b) online health information-scanning behavior, and c) online health 

information-sharing behavior. 

H3: Efficacy mediates the relationship between outcome expectancy and a) online 

health information-seeking behavior, b) online health information-scanning behavior, 

and c) online health information-sharing behavior. 

 

3.5 Social Capital and Online Health Information Behaviors 

Previous studies have considered social relationship factors, such as social support 

and social capital, as driving forces of information behaviors (Choi, 2016; Gelderman et al., 

2020; Hayashi et al., 2019; Xiong & Zuo, 2019). Also, given the social attributes of health 

information behaviors in social network sites, studying the potential influence of social 

relationships may help us to understand the underlying process of health information 

behaviors in SNS. This section first introduces the conceptualization of social capital. Next, it 

details the relationship between social capital and online information acquisition behavior: 

online information-seeking, online information-scanning, and online information-sharing 

behavior. 

 

3.5.1 Defining Social Capital 

The sociological concept of social capital, as one form of capital, derives from 

economic theories (Bourdieu, 1986). Social capital has different definitions in various fields, 

with the definitions being made by Bourdieu (1986), Nahapiet & Ghoshal (1997, Putnam 

(1995) and Lin (2002). Comparing the theorizations of social capital, Aguilar and Sen (2009) 

contended that there were significant differences in the unit of analysis, meaning, and 

implications among them. For example, Putnam (2000) and Coleman (1998) define social 
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capital from the macro perspective, whereas both Bourdieu (1986) and Lin (2002) 

conceptualize social capital by employing a more individualistic approach (Aguilar & Sen, 

2009; Bhandari & Yasunobu, 2009). For example, Bourdieu’s (1986) concept highlights the 

importance of social network, examining social capital as a collectively owned asset. 

Likewise, Lin (2002) emphasizes social asset as being an attribute of social capital, while 

Coleman’s definition of social capital highlights its function. He argues that social capital is a 

combination of entities, encompassing obligation, expectations, trust, and information flows, 

instead of a single asset. The major conceptualizations of social capital are summarized in 

Table 4. Despite these differences, a broad consensus exists as to the core of social capital—

“social capital is a relational resource” (Nahapiet & Ghoshal, 1997, p. 35). Nahapiet and 

Ghoshal (1998) conceptualized social capital as “the actual and potential resources embedded 

within, available through, and derived from the network of relationships possessed by an 

individual or social unit” (Nahapiet & Ghoshal, 1998, p.35). Nahapiet and Ghoshal’s (1998) 

definition focuses on both the network and the assets, offering an effective explanatory tool 

for apprehending online information behaviors. Hence, the conceptualization of social capital 

in this study is in line with Nahapiet and Ghoshal (1998). 

Social capital on social network sites includes resources rooted in long-lasting 

structured relationships in one’s social network (Bourdieu, 1986; Lee & Choi, 2019; Lin, 

2001; Putnam, 2004). It falls into three dimensions: structural social capital, cognitive social 

capital, and relational social capital (Nahapiet & Ghoshal, 1998). Specifically, structural 

capital refers to the connection pattern among members of a social network. Existing studies 

have indicated that structural capital can be reflected by individual centrality and social 

interaction ties. Relational capital represents the level of trust within the social network 

resulting from long-term interaction (Nahapiet & Ghoshal, 1998). It is reflected by trust, 

norms, and identification (Tsai & Ghoshal, 1998; Wasko & Faraj, 2005). Cognitive capital 
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describes “resources that make possible shared interpretations and meaning within a 

collective” (Wasko & Faraj, 2005, p. 41). Previous studies showed that it can be acquired 

through shared language, the same goals, or perceived similarity within a group (Chen et al., 

2021; Chiu et al., 2006; Choi, 2016). 

 

Table 4 

The Summary of the Conceptualizations of Social Capital 

Scholars Conceptualization Characteristics 

Bourdieu (1986, p. 

248)  

 

“The sum of the actual or potential resources 

that are linked to the possession of a durable 

network of more or less institutionalized 

relationships of mutual acquaintance and 

recognition—in other words, to membership 

in a group.” 

Emphasis on social 

network 

Coleman, J. S. 

(1988, p.98). 

“It is not a single entity but a variety of 

different entities, with two elements in 

common: they all consist of some aspect of 

social structures, and they facilitate certain 

actions of actors—whether persons or 

corporate actors—within the structure.”  

Emphasis on social 

structure. 

Three forms of 

social capital: 

reciprocity, 

information 

channels and flow 

of information, and 

norms.  
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Putnam (1995, pp. 

664–665) 

“Features of social life—networks, norms and 

trust—that enable participants to act together 

more effectively to pursue shared objectives.” 

Bonding social 

capital; bridging 

social capital 

Nahapiet and 

Ghoshal (1998, p. 

35) 

“The actual and potential resources embedded 

within, available through, and derived from 

the network of relationships possessed by an 

individual or social unit.” 

Three dimensions: 

the structural, 

relational, and 

cognitive 

dimensions of social 

capital. 

Lin (2002, p. 19), “Investment in social relations with expected 

returns in the marketplace.” 

Emphasis on social 

asset; individualistic 

perspective 

(Bhandari & 

Yasunobu, 2009) 

 

Social capital has been considered a crucial resource for older adults in both the 

offline and online environments (Chen et al., 2020; Song & Jiang, 2021). For example, social 

capital is of greater importance for enhancing older adults’ health (Nyqvist et al., 2013; Wang 

et al., 2022). Muckenhuber et al. (2013) pointed out that social capital affected older adults’ 

physical and psychological health more strongly than young adults. Moreover, social capital 

could facilitate older adults’ Internet technology learning and adoption (Choi & DiNitto, 

2013). Prior work suggests a positive association between social capital and online 

information acquisition (online information seeking and online information scanning) and 

online information-sharing behaviors in different contexts. Nevertheless, only a few studies 

investigating the effect of social capital on online health information behaviors has focused 
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on older adults. Noting these limitations, this dissertation explores the relations between 

social capital and older adults’ online health information behaviors. 

 

3.5.2 Social Capital and Online Health Information Acquisition 

Existing studies have drawn a link between social capital and health information 

seeking behavior. The SIM highlights the predicting effect of social capital on health 

information acquisition. More specifically, social capital has been shown to have a positive 

effect on health information seeking (Johnson, 2004, 2007; Kim et al., 2015c; Wen, 2019; 

Zhou, 2019b). The underlying mechanism of social capital—the characteristics of a social 

network—contribute to individuals’ information seeking behavior (Johnson, 2007; Junaidi et 

al., 2020). For example, when seeking information resources, individuals rely on both their 

strong ties and their weak ties (Johnson, 2004). Strong ties link similar individuals from the 

same social class with the same resources, and vice versa (McPherson et al., 2001). However, 

for obtaining new and better information resources, weak ties are far more important because 

they link together individuals from different social hierarchies (Johnson, 2004). 

A stream of research has examined the predictive effect of social capital on health 

information-acquisition behavior, including health information-seeking and health 

information-scanning behaviors. In the case of Wen (2019), it was found that social capital 

directly and indirectly affects risk-information seeking on genetically modified foods. Via 

1000 interviews in Seoul Korea, the study of Kim et al. (2015c) showed that social capital 

positively predicted health information seeking intention. Guided by SIM, Bigsby and 

Hovick (2018) found that social capital mediated the association between age and health 

information seeking/scanning and between education and health information 

seeking/scanning. An online survey study of 1007 participants indicated that social capital 

was a significant predictor of cancer information seeking (Hovick et al., 2014b). To sum up, 
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the above-mentioned research suggests that social capital as an important relational resource 

may have an impact on older adults’ health information-acquisition behavior. However, 

based on previous studies, little research has examined older adults’ health information 

behaviors from the social capital perspective. Thus, the following research hypotheses are 

proposed: 

H4a: Social capital is positively associated with online health information-seeking 

behavior among older adults. 

H4b: Social capital is positively associated with online health information-scanning 

behavior among older adults. 

 

3.5.3 Social Capital and Online Health Information Sharing 

Another stream of research has delved into the predictive effect of social capital on 

health information-sharing behavior, no matter whether it be the offline or the online 

environment. Situated in the context of organizational communication, a line of research 

studies found that social capital has a positive effect on knowledge-sharing behaviors (e.g., 

Choi, 2016; Gelderman et al., 2020; Li et al., 2014; Singh et al., 2021). For example, a survey 

of 212,223 U.S. employees indicated that relational social capital and cognitive social capital 

had significant effects on knowledge-sharing behaviors in the workplace (Choi, 2016). In 

Choi’s (2016) paper, relational social capital contained trust, norms, and organizational 

commitment. Cognitive social capital was reflected by the level of expertise and length of 

tenure (Choi, 2016). Likewise, by conducting an online survey of 82 suppliers in the 

Netherlands, Gelderman et al.’s (2020) research study found cognitive and structural social 

capital had significant positive impacts on relational social capital, which had a direct link to 

buyer and supplier information sharing in the meat processing industry.  
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Apart from the physical environments, social capital has also played an important role 

in the virtual cyber world. A considerable body of literature suggests positive associations 

between social capital and online information/knowledge sharing (e.g., Hong et al. 2021; Hsu 

et al., 2007; Junaidi et al., 2020; Zhao et al., 2012). For example, Zhao et al. (2012) pointed 

toward social capital motivated online knowledge-seeking and -sharing behaviors in virtual 

communities. In Chen et al.’s (2021) research study, the structural dimension of social capital 

(social interaction ties) and the cognitive dimension of social capital (perceived similarity) 

positively affected information seeking and comment sharing on WeChat. An empirical 

research study of 665 Facebook users found that social capital encompassed structural-social 

capital, cognitive-social capital, and relational-social capital and positively predicted 

information seeking and information sharing (Junaidi et al., 2020). 

In the field of health communication, a line of research investigated the predictive 

effect of social capital on online health information-sharing behaviors. Examples have 

included online health community users’ sharing behavior (Yang et al., 2022; Zhang et al., 

2017b; Zhou, 2019b), and social media users’ information-sharing behavior (Hong et al., 

2021). But results from empirical studies have not been consistent. Some showed the good 

predictive power of social capital in predicting online health information sharing (e.g., Hong 

et al., 2021), whereas others did not (e.g., Zhang et al., 2017b). In the case of an online 

survey study of 616 users of WeChat in China, it was found that social capital factors, 

encompassing social trust, shared vision, and social interaction, exerted positive direct and 

indirect effects on health information-sharing intention (Hong et al., 2021). Zhang et al.’s 

(2017b) research indicated that social capital indirectly affected knowledge-sharing intention 

in health question-and-answer communities via intrinsic and extrinsic motivations. However, 

no direct effect was shown between social capital and knowledge-sharing intention. Via an 

online survey in China, Zhou (2019b) found that trust (relational capital) and shared language 
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(cognitive capital) had significantly positive effects on individuals’ knowledge acquisition in 

online health communities. Identification (cognitive capital) and shared language (cognitive 

capital) also significantly affected the knowledge exchange, though structural capital (social 

interaction ties) had no effect on knowledge acquisition and exchange. In summary, these 

research studies indicate that social capital has a direct or indirect effect on online health 

information-sharing behavior. However, there is limited knowledge regarding social capital 

and older adults’ online health information-sharing behavior. Therefore, this dissertation 

posits that social capital may provide predictive power in predicting online health 

information-sharing behavior. The hypothesis is proposed as follows: 

H4c: Social capital is positively associated with online health information-sharing 

behavior among older adults. 

 

3.6 Social Support and Online Health information Behaviors 

This section begins with the conceptualization and categorization of social support 

and then elaborates the relationship between social support and online health information-

acquisition behavior and online health information-sharing behavior. Next, following the 

review of the literature, hypotheses are set forth. 

 

3.6.1 Defining Social Support 

Social support is a broad multi-dimension construct, which has various definitions and 

types. For example, Cobb (1976) conceptualized social support as “information leading the 

subject to believe that he is cared for and loved, esteemed, and a member of a network of 

mutual obligation” (Cobb, 1976, p. 300). In Johnson and Sarason’s (1979) definition, social 

support reflects the availability and accessibility of social resources that individuals can rely 

on. House (1981) conceptualized social supports as interpersonal exchange pertaining to care, 
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love, and information about oneself and the environment. Likewise, Shumaker and Brownell 

(1984, p. 13) defined it as “an exchange of resources between at least two individuals 

perceived by the provider or the recipient to be intended to enhance the well-being of the 

recipient.”  

Different categorizations of social support are possible based on the contexts of 

specific studies. For example, House (1981) categorized social support into four types, 

namely emotional support, informational support, appraisal support, and instrumental 

support. Vrabec (1997) pointed to social support as containing three components: (1) 

“structural dimensions of support network” (which means the total number and the 

constitution of social ties within one’s network); (2) functional aspects of assistance available 

or received in reality (which includes emotional support, appraisal support, informational 

support, and instrumental support); and (3) “the nature of the support” (which refers to the 

satisfaction with the assistance or reciprocity, the direction of the support, the helpfulness of 

the interaction ) (Vrabec, 1997, p. 384). Sherbourne and Stewart (1991) classified five 

functional social supports: emotional support, instrumental support (tangible support), 

informational support, appraisal support, and social companionship support (Sherbourne & 

Stewart, 1991, p. 705). Prior empirical studies offer the evidence that health information-

sharing behavior on social media has two major functions: informational support and 

emotional support provision (Rui, 2022, Qian & Mao, 2021).  

 

3.6.2 Social Support and Online Health Information-Acquisition Behavior 

According to the main-effect model of Cohen and Wills (1985), social support has a 

positive effect on an individual’s health outcomes. Examples include physical and mental 

health outcomes, life satisfaction, healthy lifestyle decisions (McKinley & Wright, 2014), 

health efficacy (Meng et al., 2017), and communication technology adoption for health 
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information (Yang et al., 2021). With regard to health information acquisition, individuals 

tend to obtain health information from social support groups, which includes both offline 

social support groups, such as family members and friends (Dutta-Bergman, 2004; Yang et 

al., 2017), and online social support groups, for instance, online forums on depression, online 

health community for those with cancer (Leist, 2013). When individuals have received 

enough social support, they would like to give the social support back (Gleason et al., 2008). 

A large body of literature has suggested that individuals turn to social media to seek 

and offer social support (Meng et al., 2017). The benefits of social media are that they allow 

individuals with similar backgrounds or similar experiences to connect or reconnect despite 

time and geographical restrictions (Leist, 2013). On social media, older adults also can get in 

contact with their old friends, old classmates, and ex-colleagues, regardless of time and 

geographical restrictions. Providing and receiving social support is also considered a major 

motivation for older adults to use social media, along with enjoyment and getting in contact 

(Leist, 2013). Studies showed when individuals benefit from social support, they tend to use 

social media for information and other support (Li et al., 2018). So, is social support one of 

the antecedents of information behaviors among older adults? 

Existing efforts have documented the important role of social support in health 

information behaviors. In terms of health information acquisition, both qualitative and 

quantitative research have offered evidence suggesting that social support has been identified 

as one of the valuable antecedents for predicting individuals’ online health information-

seeking behaviors (Kim, 2013; Kim et al., 2013; Kim et al., 2015b; McKinley & Wright, 

2014; Yang et al., 2017). For example, by conducting a survey of 205 Korean Americans, 

Kim (2013) revealed that social support positively predicted online health information-

seeking among Korean Americans in the U.S. Adopting the data from the 2012 Annenberg 

National Health Communication Survey, Yang et al. (2017) found that social support from 
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family members had a direct effect on people seeking health information from families (Yang 

et al., 2017). McKinley and Wright (2014) found informational social support positively 

predicted the frequency of online health information seeking and the number of websites 

visited. A survey study of 486 Chinese patients with nonserious conditions found that 

tangible support and appraisal support significantly affected the perceived health risk, which 

in turn influenced health information seeking intention in social media applications (Deng, 

2017). 

Moreover, social support is found to have an indirect effect on health information 

seeking behavior. Previous literature has documented a range of moderators and mediators, 

including trust (Li & Wang, 2018; Wu & Kuang, 2021; Yang et al., 2017; Zhou, 2019), 

education and income (Yang et al., 2021), mental health status (Kim et al., 2013), perceived 

benefits (Li et al., 2018), and subjective norms (Wu & Kuang, 2021). A survey study of 213 

breast cancer patients revealed that online health information seeking was predicted by the 

interaction of perceived social support and mental health status (Kim et al., 2013). In another 

survey, social capital was identified as having a moderating role between income and online 

health information seeking and between education and online health information seeking 

(Yang et al., 2021). The aforementioned studies suggest that social support has a direct and 

an indirect effect on predicting health information seeking, including online health 

information-sharing behavior. However, a paucity of literature has explored older adults’ 

online health information-acquisition behavior, including online health information-seeking 

behavior and online health information-scanning behavior. According to the studies 

reviewed, this dissertation explores the following hypotheses: 

H5a: Social support is positively associated with online health information-seeking 

behavior among older adults. 
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H5b: Social support is positively associated with online health information-scanning 

behavior among older adults. 

 

3.6.3 Social Support and Online Health Information Sharing 

Prior research has also indicated a relationship between social support and 

information -sharing behavior (Liu et al., 2019; Rui, 2022; Yen, 2022; Zhang et al., 2021; 

Zhou, 2019, 2021). In comparison with health information-acquisition behavior, health 

information-sharing behavior is more social-oriented (Liu et al., 2019). It was found that 

social support perception, support from family members, and social embeddedness were 

significant and positive predictors of health information-sharing behavior among older 

Chinese adults (Liu et al., 2019). A study surveyed 690 older adults aged 50 and above in 

China and revealed that social support was positively associated with the frequency of online 

health information sharing and the frequency of liking and commenting on social media 

(WeChat) (Zhang et al., 2021). Another online survey in China investigated 519 social media 

users showing that both emotional and informational social support have positive and 

significant predicting power on health information sharing on social media (WeChat) (Rui, 

2022). Rui’s (2022) study also revealed that the effect of emotional support on online health 

information sharing was stronger among older generation, whereas the predicting power of 

informational support was stronger among younger generation. For example, by conducting 

an online survey of 312 participants in China, Zhou (2019b) found that informational support 

and emotional support have a significant indirect effect on acquiring and exchanging online 

health knowledge via social capital.  

 In addition, the literature also suggests that social support has an indirect effect on 

information sharing via different moderators, for instance, social influence factors (subjective 

norm, social identity, group norm) (Zhou, 2021); trust (Zhou, 2019); self-efficacy (Yen, 
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2022), and perceived benefits (Li et al., 2018). To summarize, social support has been shown 

to predict online (health) information-sharing behavior directly and indirectly. Meanwhile, 

little research to date has been conducted to study the role that social support plays in older 

adults’ online health information-sharing behavior. Hence, based on this line of reasoning, 

the following hypothesis is put forth: 

H5c: Social support is positively associated with online health information-sharing 

behavior among older adults. 

 

3.7 Health Opinion Leadership and Online Health Information Behavior 

Apart from social capital and social support, this study also includes health opinion 

leadership, as one of the social relationship factors, to assess its effect on online health 

information behaviors among older adults.  

The concept of opinion leader was first proposed by Lazarsfeld, Berelson, and 

Gaudet, who developed the two-step flow of communication model in a book called The 

People’s Choice (Lazarsfeld et al., 1960; Katz, 1957; Troldahl, 1966). Lazarsfeld and his 

colleagues found that “ideas often flow from radio and print to the opinion leaders and from 

them to the less active sections of the population,” via a survey study conducted during the 

1940 United States presidential election (Lazarsfeld et al., 1960, p.151). According to the 

theory of two-step flow of commination, in another words, the information produced by the 

mass media is “filtered” by the opinion leaders and is then sent back to a second level 

through interpersonal communication (Katz, 1957; Troldahl, 1966). In Lazarsfeld et al.’s 

(1960) definition, opinion leaders were those who were routinely exposed to media and 

interested in political information, especially a presidential campaign.  

The original conceptualization of opinion leadership only highlights the political 

information accessibility and transmission. As studies on the theory of the two-step flow of 
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communication has evolved, subsequent research has taken steps to refine the theorization of 

opinion leadership. Some studies have emphasized the potential to influence when defining 

opinion leadership (e.g., Boster et al., 2011; Rogers, 2003). For example, in the diffusion of 

innovations theory, Rogers (2003) conceptualized opinion leadership as the ability to exert an 

impact on the attitudes, beliefs, and behavior of others in a desired direction (Rogers, 2003, p. 

38). Moreover, some other studies highlight connectivity, which refers to the capability of 

bridging multiple groups when studying the opinion leadership on social media. An 

increasing number of studies have explored opinion leadership on social media (e.g., 

Locatelli, 2021; Shi & Salmon, 2018; Turcotte et al., 2015; Matthews et al., 2022; Winter & 

Neubaum, 2016). Recent work has explored online opinion leadership using different 

terminologies, for example, “key opinion leader” (e.g., Guo et al., 2016, p. 2), “digital 

influencer” (e.g., Abidin, 2016, p. 3; Cotter, 2018, p. 896; Senft, 2008), and social media 

influencer (e.g., Stoldt et al., 2019). Key opinion leaders, known as KOL, are those who 

influence others’ attitudes, opinions, or behaviors in a particular social network (Guo et al., 

2016). Digital influencer has been defined as a micro-celebrity with a lot of followers on their 

social networks (Cotter, 2018; Senft, 2008). They could take advantage of their social capital 

to make money (Abidin, 2016). Social media influencers and digital influencers are very 

much alike (Stoldt et al., 2019). However, there is no single accepted definition of online 

opinion leaders (Boster et al., 2011; Zhu et al., 2020). Huffaker (2010) highlights social 

influence when defining online leaders, defining online leaders as those who are capable of 

triggering discussion on a specific topic or framing the discussion on track with their aims 

(Huffaker, 2010). Zhu et al.’s (2020) conceptualization of online opinion leaders focuses on 

network connectivity. Boster et al. (2011) summarized three characteristics of opinion 

leadership: knowledgeable in the field, socially connected, and willing to share. They 

concluded that a health opinion leader scored high on three dimensions: “connectivity,” 
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“persuasiveness,” and “mavens” (Boster et al., 2011, pp. 180–181). Connectivity, in short, 

refers to the ability to bridge multiple groups and to bond people and information (Boster et 

al., 2011) together through the connection of weak ties (Granovetter, 1973). Persuasiveness 

refers to the ability of articulating and convincing others of their own positions and opinions. 

Mavens tend to have more knowledge of a wide range of health-care behaviors and up-to-

date health topics and prefer to share health information with others (Boster et al., 2011). This 

study explores the characteristics of health opinion leadership among older adults according 

to Boster et al.’s (2011) operationalization. 

In health care, opinion leaders have played a pivotal role in facilitating community 

health programs and promoting health behavior change (Boster et al., 2011; Shi & Salmon, 

2018; Valente & Pumpuang, 2007). Existing efforts have examined health opinion leaders or 

opinion leadership in contexts such as organ donation (Shi & Salmon, 2018), HIV prevention 

(Dearing, 1996), tobacco usage (Chu et al., 2019), cancer communication (Zhu et al., 2020), 

pharmaceutical brands promotion (Kim, 2019), and health information behaviors (Hayashi et 

al., 2019). 

Prior studies have outlined the characteristics of opinion leader among older adults in 

health communication research. For example, by using second-hand data from the Japanese 

Gerontological Evaluation Study of 27,414 older Japanese adults, Hayashi et al. (2019) found 

that health opinion leaders were typically female, younger older adults, with higher education 

degrees, higher income, larger social networks, higher social support, and higher health 

information exposure. Nonetheless, the relationship between opinion leadership and online 

health information behaviors among older adults has still been largely overlooked. Therefore, 

to examine the association between health opinion leadership and online health information 

behaviors, this dissertation poses the following research hypotheses: 



 89 

H6a: Health opinion leadership is positively associated with online health 

information-seeking behavior among older adults. 

H6b: Health opinion leadership is positively associated with online health 

information-scanning behavior among older adults. 

H6c: Health opinion leadership is positively associated with online health 

information-sharing behavior among older adults. 

 

3.8 Association Between Online Health Information Acquisition and Sharing  

Information acquisition falls into two major categories: information scanning and 

information seeking (Liu et al., 2019; Shim et al., 2006). Information scanning refers to less 

purposeful information acquisition via incidental exposure (Shim et al., 2006; Niederdeppe et 

al., 2007; Ruppel, 2016), whereas information seeking is conceptualized as active 

information acquisition (McKenzie, 2003).  

Existing studies have examined the underlying mechanism among online information 

behaviors (Savolainen, 2019). Information seeking was found to be positively associated with 

information scanning (Liu et al., 2019; Ruppel, 2016). Moreover, Savolainen (2019) offered 

three approaches to explore the connection between information seeking and information 

sharing: “indirect,” “sequential,” and “interactive” (Savolainen, 2019, p. 522). More 

specifically, an indirect approach indicates an indirect relationship between information 

seeking and information sharing mediated by information need. The sequential approach 

shows that information seeking appears prior to information sharing. From the interactive 

approach, information seeking and information sharing exist mutually reliant on each other. 

According to the sequential approach proposed by Savolainen (2019), information 

acquisition is the antecedent of information sharing. However, only limited empirical 

research to date has explicitly examined the underlying mechanism between information 
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acquisition and information sharing (e.g., Chang et al., 2022; Liu et al., 2019; Savolainen, 

2019). Via face-to-face interviews of 432 older adults in China, one study found that health 

information acquisition, including health information scanning and information seeking, was 

positively associated with health information sharing (Liu et al., 2019). Likewise, a survey 

study of 1,004 participants in Hong Kong showed that both information scanning and 

information seeking were positively associated with COVD-19 information sharing (Chang et 

al., 2022). Based on this rationale, it is reasonable to expect that online information seeking 

and information scanning could influence information sharing, which provides the basis for 

the next hypophyses: 

H7a: Online health information-scanning behavior is positively associated with 

online health information-seeking behavior among older adults. 

H7b: Online health information-seeking behavior is positively associated with online 

health information-sharing behavior among older adults. 

H7c: Online health information-scanning behavior is positively associated with online 

health information-sharing behavior among older adults. 

 

3.9 Online Health Information Acquisition, Sharing and Health Outcomes 

Existing studies have recognized the pivotal effect of health information behaviors on 

health outcomes. According to SIM, communication linking social determinants and health 

outcomes exerts a central influence on health outcomes, for example, promoting preventive 

behaviors and patient—provider interactions (Kontos & Viswanath, 2007). In SIM, the notion 

of health behavior outcomes is conceptualized as broadly ranging from knowledge to beliefs, 

and to health-preventive behaviors. Examples given by Viswanath et al. (2007) involved 

health knowledge, health conscious, preventive health behaviors, screening tests, medical 

treatment, and end-of-life care. Kim and Jung’s survey study (2017) highlights the effects of 
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health information seeking on public health emergency preparedness, such as risk perception 

and preventive behaviors (evacuation, preparedness, vaccination, quarantine) as health 

outcomes. Meanwhile, Bigsby and Hovick’s (2018) study operationalized health outcomes by 

measuring vegetable and fruit intake, exercise, cigarettes, and alcohol consumption and tested 

the association between them and health information seeking and scanning. Bigsby and 

Hovick (2018) found that health information seeking, and information scanning were 

associated with the practice of health behaviors such as exercise and a healthy diet and the 

cessation of health risk behaviors such as smoking and alcohol consumption. Hayashi et al. 

(2019) assessed the history of body checkups and subjective health status and current health 

status as health outcomes. They found health information opinion leaders tended to practice 

healthier behaviors, such as eating a healthy diet, exercising frequently, and getting regular 

body checkups (Hayashi et al., 2019).  

Although the association between health information behaviors and health outcomes 

have been studied, whether the online health information acquired from social media affects 

the health decision change about how to treat an illness or a condition or not is understudied. 

Limited attention has been paid to the relation between online health information behaviors 

and health-decision change, with the exceptions of Chen et al. (2018) and Hsieh et al.’s 

(2016) studies. By conducting a survey of 475 participants in Taiwan, Chen et al. (2018) 

found that individuals who were more likely to seek online health information tended to 

change medical decision according to the information acquired from online sources. Another 

survey study of 293 respondents in Taiwan explored the relationship between online health 

information searching and ambulatory care-seeking behaviors (Hsieh et al., 2016). In this 

study, health decision change is incorporated as health outcome. Taken together, there is a 

paucity of literature on the association between online health information behavior and health 

decision change among older adults. Therefore, the following research hypotheses are posed:  
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H8a: Online health information-seeking behavior is positively associated with health 

decision change among older adults. 

H8b: Online health information-scanning behavior is positively associated with health 

decision change among older adults. 

H8c: Online health information-sharing behavior is positively associated with health 

decision change among older adults. 
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Figure 3 

The Hypothesized Model of Older Adults’ Online Health Information Behaviors 

 

.  
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Chapter 4: Methodology 

 

To examine the proposed model, a survey was employed as the data collection 

method of this dissertation study. The survey was selected as the data collection method 

because it allows researchers to collect a large amount of data (Jones et al., 2013) on all 

populations, including older adults (Quinn, 2010), in a limited time span. Moreover, a survey 

is a useful approach to describe or explore the characteristics of a large group of individuals 

and is thus often adopted in social and psychological research (Ponto, 2015). This chapter 

introduces the study context, sampling scheme, data collection process, measures used in the 

questionnaire, and the pilot study. 

 

4.1 Study Context 

This study was situated in the context of older Chinese social media users. The 

study selected WeChat as the study context for the following considerations. WeChat is a 

multipurpose mobile application with the primary functions of instant messaging and social 

entertainment (Tencent, 2020b). It also allows users to post texts, photos, short videos, music, 

and news on their “Moments” (similar to Facebook’s Timeline function) and offers 

businesses, organizations, or even individuals the platform called “official accounts” (similar 

to Facebook’s Pages) to share original content (Tencent, 2018). Moreover, WeChat has 

gradually become the most widely used Chinese communications and social platform since it 

was launched in 2011 (Tencent, 2020a). WeChat counted 1.27 billion monthly active users 

from a wide range of age groups (Tencent, 2021). From these, a total of 98.35% of users 

accessed health care information from their private groups, friends, and official accounts on 

WeChat (Zhang et al., 2017a). Noteworthy is the number of active elderly users (older than 
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55 years of age) who use WeChat, marking a rapid increase from 7.68 million in 2016 to 63 

million in 2018 (Tencent, 2018). Furthermore, official accounts make health-care-related 

knowledge accessible to a wider public. More than 11,000 health-related articles had been 

published on the top 100 most-subscribed health-care specialized WeChat official accounts 

by April 2019, reaching at least 247 million readers (Wang et al., 2020a). A report showed 

that more than 50 million elderly persons access health-care information and get health 

advice via official accounts embedded in WeChat (CASS & Tencent Research Institute, 

2018). It is also worth pointing out that, in addition to official accounts, WeChat offered a 

wide array of health-care services, from hospital appointment bookings to online doctor 

consultations. All in all, the aforementioned functions make WeChat an information-rich 

health platform (Zhang et al., 2021), which allows users to seek, scan, and share health 

information. Therefore, it is an appropriate study context for examining older Chinese adults’ 

online health information behaviors. 

 

4.2 Sampling Procedures and Data Collection   

This section first introduces the sampling technique and two sampling criteria of this 

dissertation. Then it moves on to the data collection process and reports participants’ 

characteristics. 

 

4.2.1 Sampling Technique and Criteria 

Collecting survey data from the elderly population can be challenging due to their 

diverse health statuses and cognition functions (Quinn, 2010). In this dissertation study, 

purposive sampling was chosen as the sampling technique. Purposive sampling—also known 

as judgment sampling (Etikan et al., 2016)—refers to a sampling technique based on the 

researcher’s knowledge and judgment of the topic and the sample population (Campbell et 
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al., 2020). Prior research has found that purposive sampling is the most prevalent sampling 

technique in aging studies in the field of psychology (Hultsch et al., 2002) because it can 

identify the target participants effectively using limited research resources (Campbell et al., 

2020). Although the purposive sampling led to sampling and selection bias, this was the only 

way possible of studying older adults as a junior researcher with a limited research budget. 

Thus, taking the low accessibility of the target population sampling frame into consideration 

(Kammerer et al., 2019), the data of this dissertation study was collected by purposive 

sampling. 

Two sampling criteria have been set in choosing participants in this dissertation. The 

first criterion for recruiting target participants was that the participants should be WeChat 

users. Although several social media applications are popular in China other than WeChat, 

such as TikTok, Little Red Book, and Weibo, WeChat is currently the most popular social 

media platform among older adults (Zhao et al., 2021). Additionally, WeChat has evolved 

beyond the instant messaging application, becoming an important online health-care platform 

in China, in which older adults can scan, seek, and share health information (Zhang et al., 

2021). The other sampling criterion of this study was age, with participants being older adults 

aged 60 or above. According to the World Health Organization, older adults are those who 

are over 60 years of age (WHO, n.d.,b). The official retirement age in China is 60 for men 

and 55 for women workers (Lahiri, 2022). Besides, the results of the systematic review 

conducted by the author in the previous chapter showed most of the extant research used 60 

years old as the cutoff point when examining older adults’ use of digital technologies for 

health information. To conclude, those candidates who were WeChat users and aged 60 or 

above were eligible participants in this dissertation study. 

 

4.2.2 Data Collection 
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The survey design employed in this dissertation included a pencil-and-paper survey 

and an online survey. The pencil-and-paper survey was first employed in 16 community 

centers, senior citizens’ universities, and nursing homes in Ji’nan, Qingdao, Weihai, and Wei 

Fang in Shandong Province of mainland China from December 2021 to January 2022. Then 

an additional online survey was conducted from January 15 to January 22, 2022. 

Before the data collection, the present study and the procedures received approval 

from the Research Ethics Control Commission of Hong Kong Baptist University. A written 

copy of the questionnaire with a consent form was provided to each participant in advance. 

The informed consent was displayed on the top part of each questionnaire and included the 

study purpose, questionnaire length, confidentiality, and contact information. Besides, more 

detailed information pertaining to the dissertation study was presented on PowerPoint slides. 

Meanwhile, to make sure the informed consent was understandable, the author spoke to the 

assembled participants, stating the purpose of the dissertation study, the data collection 

procedures, the estimated completion time, confidentiality of survey responses and the 

incentives one by one and answered any questions participants had. Also, the author 

explained how to fill out the pencil-and-paper survey to the older adults. The consent was 

obtained orally before the survey started.  

To approach the community centers, senior citizens’ universities, and nursing houses, 

the author contacted the chairperson of the Shandong Senior Citizens Association and several 

social work service agencies (service contractors, community activity services outsourced by 

the government) in Shandong Province. At the same time, this author provided the survey 

data collection plan including two parts: a free public lecture and a questionnaire session. The 

data collection plan package included the activity arrangement, a soft copy of the 

questionnaire, the incentives, PowerPoint slides, and a poster of the free public lecture (see 

Appendix 1-2). The reason that the data collection started with a free public lecture was to 
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attract more older adults to join the study during the Covid-19 pandemic. Another 

consideration was to gain the trust of the older adults and get connected with them before the 

survey session. The topic of the free public lecture was titled “How to spot false online 

(health) information,” which is quite a trending topic for the older adults 

After getting the approval, the chairman of the Shandong Senior Citizens Association 

and several social work service agencies offered the author a contact list, including several 

community centers, nursing, and senior citizens’ university programs. The author contacted 

in all 19 community centers, 5 senior citizens’ university programs, and 1 nursing home in 

the Ji’nan, Qingdao, Weihai, and Wei Fang areas of Shandong Province in mainland China. 

Not every organization accepted the invitation to host a free public lecture with a survey 

section during the COVID-19 pandemic. Finally, 12 community centers, 3 senior citizens’ 

university programs and 1 nursing home agreed to host the activity in their meeting room or 

activity center (see Appendix 4). In this dissertation, a total of 637 participants were recruited 

from these 16 organizations.  

To collect data, the author presented a free public lecture titled “How to spot false 

online (health) information” at the opening of the event, and incentives were then provided to 

the participants. Each of the16 organizations catering to the elderly in Shandong Province 

hosted this program during December 2021 and January 2022 (see Appendix 4, 5). Before 

each activity, the community centers, senior universities, and the nursing centers helped to 

distribute posters to recruit the local participants who were social media users over the age of 

60. All the participants were informed that there were two sessions in each public lecture: a 

talk (45 minutes) followed by a pencil-and-pencil self-administered questionnaire for them to 

complete (20 minutes). Both sessions were based on voluntary participation. Each participant 

who completed the questionnaire received a pair of gloves, a hat, a handheld reading 
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magnifier, or a paper calendar for 2022, in return for contributing their time and information 

(see Appendix 3). Those who withdrew from the research did not receive any incentive.  

The public lecture that began each event Incorporated the definition of 

misinformation and disinformation, the reasons for the prevalence of the false information on 

social media, and how to fight against online health disinformation on social media. Before 

each survey session, the author personally introduced detailed information about the research 

study, especially the objectivity of the research, the procedures, the questionnaire being 

administered and its benefit and confidentiality. During the session, the author and volunteer 

helpers assisted the older adults in completion of the questionnaire, for example, reading the 

questions and answers to the participants with presbyopia. The questionnaire was quite long 

for the respondents to fill out, being 5 A4 pages long and consisting of 65 questions, so the 

invalid rate was high. 

After the data collection, a preliminary descriptive statistical analysis was performed 

to observe characteristics of the data set. A total of 443 valid responses were collected of the 

pencil-and-paper survey. Of those returning a valid response, about three quarters were 

females (74%; N = 328). Female older adults overwhelmingly outnumbered older men. To 

reduce sampling bias, a supplementary online survey targeting only male older adults was 

undertaken from January 15 to January 22, 2022. The online survey was distributed through 

WeChat, and snowball sampling was the sampling technique. During the week of this online 

survey, 122 male participants joined through WeChat. The exclusion criteria were consistent 

with the pencil-and-paper survey: non-WeChat users (N = 3) and younger than 60 years old 

(N = 6). In addition, online data were removed if the response time was less than 300 seconds 

(N = 25). Finally, excluding invalid data, the valid responses received from the online survey 

amounted to 92. 
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To examine whether data collection methods lead to significant differences in other 

demographic variables, a series of independent samples t-tests were performed. Results 

showed significant differences in age (t (185) = - 6.87, p < .001), marital status (t (185) = 

4.15, p < .001), living arrangement (t (185) = 4.76, p < .001), and monthly retirement pension 

(t (185) = 3.04, p < .01) among online and offline male participants. Results indicated that in 

comparison with offline male participants, online male participants tended to be younger, 

married, living with family, and having a higher retirement pension. The potential 

explanation for differences may come down to snowball sampling.  

 

4.2.3 Participants 

In the full survey, a total of 829 participants were approached and among them, 759 

participants joined this study, including a pencil-and-paper survey (N = 637) and an online 

survey (N = 122). Excluded were those who were younger than 60 years old (N = 84), non-

social media users (N = 99), and invalid data (i.e., more than 10% missing values or response 

time was less than 300 seconds), with the final valid sample size of this dissertation being 

499. The age range of the sample included in the analysis was from 60 to 89 (M = 67.85, SD 

= 6.00). About three fifths of the older adults were females (61.3%; N = 306). Most 

participants were married (82%; N = 409), followed by those who were widowed (13.4%; N 

= 67), single (2.6%; N =13), or divorced (1.4%; N= 7). In terms of household living 

arrangements, more than two thirds (74.1%, N = 370) of the respondents were living with 

families, 15.8% (N = 70) were living in a nursing home, and the rest (13.2%; N = 66) were 

living alone. Half of the respondents (49.7%; N = 248) reported that they did not have a 

disease, nearly one third (27.3%; N = 136) were currently suffering from health 

problems/symptoms, and the rest of them (22.8%; N = 114) reported they had caught a 

disease which was cured. The distribution by education backgrounds was high school 
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(43.3%; N =216), middle school (25.3%; N = 126), bachelor’s degree (25.3%; N = 126), 

primary school and below (5.2%; N = 26), and postgraduate degree and above (1.0%; N = 5). 

In terms of retirement pension, more than half (49.3%; N = 246) reported a monthly pension 

of between 2000RMB ($316USD) and 5000RMB ($791USD). As for household registration 

(Hukou), an overwhelming majority (91.6%, N = 457) reported themselves as holders of 

urban Hukou as opposed to rural Hukou. Although the present sample is not representative, it 

still can be applied for exploring older adults’ online health information behaviors on social 

media and testing the relationship among different constructs and variables. Table 5 presents 

the sociodemographic characteristics of the 499 respondents. 

 

Table 5 

Sociodemographic Characteristics of Respondents 

  N = 499  

Variables Categories n % 
Age 
 60 34 6.8% 
 61 22 4.4% 
 62 33 6.6 
 63 27 5.4 
 64 45 9 
 65 53 10.6 
 66 36 7.2 
 67 31 6.2 
 68 30 6 
 69 29 5.8 
 70 37 7.4 
 71 11 2.2 
 72 23 4.6 
 73 14 2.8 
 74 5 1 
 75 10 2 
 76 6 1.2 
 77 7 1.4 
 78 8 1.6 
 79 11 2.2 
 80 4 0.8 
 81 4 0.8 
 82 5 1 
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 83 3 0.6 
 84 1 0.2 
 85 3 0.6 
 86 2 0.4 
 87 1 0.2 
 88 3 0.6 
 89 1 0.2 
 Missing 0  
Place 
 Ji’nan, Shandong 222 44.5% 
 Qingdao 43 8.6% 
 Weifang 20 4.0% 
 Weihai 122 24.4% 
 Online 92 18.4% 
 Missing 0  
Gender 
 Male 187 37.5% 
 female 306 61.3% 
 Missing 6                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                               1.2% 
Marital status 
 Single 13 2.6% 
 Married 409 82% 
 Widowed 67 13.4% 
 divorced 7 1.4% 
 Missing 3 .6% 
Household Living Arrangements 

 Living with families 370 74.1% 
 Living alone 62 12.4% 
 Living in the nursing home 66 13.2% 
 Missing 1 .2% 
Health Status 
 Currently suffering from health 

problems/symptoms 
136 27.3% 

 Had a diseases but cured 114 22.8% 
 Not have a disease 248 49.7% 
 Missing 1 .2% 
Education 
 Primary school or below 26 5.2% 
 Junior high school 126 25.3% 
 Senior high school/ technical 

secondary school 
216 43.3% 

 University  126 25.3% 
 Postgraduate and above 5 1.0% 

 Missing 0  
Monthly Retirement Pension (Income) 

 None 16 3.2% 
 Less than 1000RMB 19 3.8% 
 1000-2000 RMB 77 15.4% 
 2001-5000 RMB 246 49.3% 
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 5001-7000 RMB 75 15% 
 7001-10000 RMB 50 10% 
 More than 10000RMB 9 1.8% 
 Missing 7 1.4% 
Household Registration/Hukou 
 Urban 457 91.6% 
 Rural 40 8% 
 Missing 2 .4% 

 

4.3 Questionnaire and Measures 

The questionnaire of this dissertation was developed in English and then translated 

into Chinese. The Chinese drafts were revised several times during the pilot studies. Any 

unnecessary translations and obscure expressions were removed. Simple, short, and direct 

sentences were adopted to make the questionnaire easier for older adults to understand. 

The questionnaire included measures of nine theoretical variables and five control 

variables. The theoretical variables were outcome expectancy, efficacy, social support, social 

capital, health-opinion leadership, online health information-seeking behavior, online health 

information-scanning behavior, online health information-sharing behavior, and health 

decision change. The control variables were age, gender, education, income, and health 

status. In total, 57 items used to measure these variables were included in the questionnaire 

(see Appendix 6). 

 

4.3.1 Measures 

Efficacy. This dissertation study measured three types of efficacy: communication 

efficacy, coping efficacy, and targeting efficacy. Measurements of the three types of efficacy 

were adopted and modified from Afifi et al. (2006), and Li et al. (2020).  

Communication Efficacy. Communication efficacy was measured by asking 

respondents about their perceived ability to obtain health information on social media. To 
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measure this variable, the following question was developed: “I have the ability to approach 

different WeChat sources to obtain more health information.”  

Coping Efficacy. Coping efficacy was assessed by asking the extent to which 

respondents believed in their ability to understand the health information obtained from social 

media. “I feel I can understand whatever I discover about health information on WeChat.”  

Targeting Efficacy. To evaluate targeting efficacy, respondents were asked the extent 

to which they felt confident in the social media regarding health information. One question 

was developed to assess target efficacy: “I feel WeChat can supply me with comprehensive 

health information.”  

In this dissertation study, efficacy was measured by adding and averaging the above 

three items, namely communication efficacy, coping efficacy, and targeting efficacy 

(Cronbach’s α = .71, M = 2.89, SD = .66). 

Outcome Expectancy. In this dissertation, outcome expectancy was categorized into 

two types: personal outcome expectancy and social-related outcome expectancy.  

Personal Outcome Expectancy. To assess personal outcome expectancy, three items 

adopted by Chang (2014) were constructed. Respondents were asked to indicate their 

agreement with the following three statements on a five-point Likert scale: “The healthcare 

information on WeChat is informative”; “The healthcare information on WeChat is useful”; 

“The healthcare information on WeChat is practical” (1 = totally disagree; 5 = totally agree). 

The mean score of the three items was calculated and adopted as the measure of personal 

outcome expectancy.  

Social-Related Outcome Expectancy. Social-related outcome expectancy was defined 

as the perceived positive outcomes of online health information-sharing behaviors. Three 

items were adapted from Hsu et al. (2007): “If I share health information with my friend or 

group members on WeChat, I will gain more recognition and respect”; “If I share health 
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information with my friend or group members on WeChat, I will be seen as trustworthy”; “If 

I share health information with my friend or group members on WeChat, the tie between 

them and me will be strengthened” (1 = totally disagree; 5 = totally agree). To measure 

social-related outcome expectancy, three items were combined into one measure by 

computing a mean score. 

 To sum up, the measure of outcome expectancy was then created by adding six items 

from personal outcome expectancy and social-related outcome expectancy and dividing by 

six (Cronbach’s α = .92, M = 2.87, SD = .82). 

Social Support. Although there are different types of social support categorizations 

based on specific contexts, this study only focused on informational support and emotional 

support. According to the studies of Rui (2022) and Qian and Mao (2021), health information 

sharing behavior on social media has two major functions: informational support and 

emotional support. Thus, in this dissertation, social support was measured using 

informational support and emotional support as two subscales.  

Informational Support. To measure informational support, three questions were 

developed adopted from Liang et al. (2011):  “In WeChat, some people will offer suggestions 

when I need help”; “When I encountered health problems, some people in WeChat will give 

me information to help me overcome the problem”;  “When faced with health difficulties, 

some people in WeChat will help me discover the cause and provide me with suggestions” (1 

= totally disagree; 5 = totally agree). The measure of information support was formed by 

adding the above three items and dividing by three. 

Emotional Support. To evaluate emotional support, participants were asked to 

indicate their agreement with the following three statements on a five-point Likert scale (1= 

totally disagree; 5 = totally agree): “When I was faced with health difficulties, some people in 

WeChat were on my side with me”; “When I was faced with health difficulties, some people 
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in WeChat comforted and encouraged me”; “When I was faced with health difficulties, some 

people in WeChat listened to me talk about my private feelings.” To measure emotional 

support, a total of three items were calculated and averaged.  

Finally, social support was measured by calculating and averaging the total of six 

items from informational support and emotional support (Cronbach’s α = .91, M = 3.27, SD 

= .74). 

Social Capital. This dissertation study tested three dimensions of social capital: the 

structural dimension, the relational dimension, and the cognitive dimension of social capital. 

Questions were adapted from Chen et al., (2021), Chiu et al. (2006), Chu & Kim (2010), 

Zhao et al. (2012), Zhao et al. (2016), and Zhou (2019) and modified to fit the study context.  

Structural Social Capital. Since social interaction ties reflect structural social capital, 

the dimension of structural social capital can be evaluated by measuring social interaction 

ties. Social interaction ties in this dissertation study were defined as the frequency and 

duration of social media interaction. Social interaction ties were measured by three items: “I 

maintain close social relationships with some members in WeChat”; “I spend a lot of time 

interacting with some members in WeChat”; and “I have frequent communication with some 

members in WeChat.”  

Relational Social Capital. The relational dimension of social capital was reflected by 

trust (Chiu et al., 2006). Prior research has found that trust facilitates information acquisition 

(e.g., Zhou, 2019) and health information-sharing intention (Hong et al., 2021). If individuals 

trust each other, they believe that others would like to and are capable of providing or sharing 

health information with each other. In the current dissertation, relational social capital was 

measured by three items pertaining to trust: “I feel my WeChat friends are trustworthy”; “I 

feel very confident about the skills that the other WeChat members have in relation to the 

health topics we discuss”; “My WeChat friends will do everything within their capacity to 
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help others.” The scores on these three items were averaged to form the measure of relational 

social capital.  

Cognitive Social Capital. Prior research found that cognitive social capital can be 

acquired through perceived similarity within a group (Chen et al., 2021; Chiu et al., 2006; 

Choi, 2016). In this study, older adults who had a higher perceived similarity tended to 

become social media friends. Perceived similarity in turn enhances mutual understanding, 

facilitates online health information acquisition and online health information sharing. 

Perceived similarity was assessed by the following three items: “I feel the contacts on my 

WeChat friends’ list on this SNS have interests similar to mine”; “I feel the contacts on my 

WeChat friends’ list on this SNS have values similar to mine”; “I feel the contacts on my 

WeChat friends’ list on this SNS have experience similar to mine.” A list of three questions 

was used to evaluate cognitive social capital. 

The nine items in this section we”e de’eloped to measure social capital. Participants 

were asked to indicate their agreement on a five-point Likert scale on the abovementioned 

items. Social capital was measured by calculating and averaging the nine items (Cronbach’s α 

= .87, M = 3.28, SD = .62). 

Health Opinion Leadership. This dissertation study tested three dimensions of 

health opinion leadership: connectivity, persuasiveness and maven. Measurements of three 

dimensions of health opinion leadership were adopted and modified from Boster et al. (2011).  

To measure connectivity, three questions were developed: “I’m often the link between 

friends in different groups”; “I try to bring people I know together when I think they would 

find each other interesting”; “The people I know often know each other because of me” (1 = 

totally disagree; 5 = totally agree). In terms of persuasiveness, respondents were asked to 

indicate their agreement on the following three questions: “I can adapt my method of 

argument to persuade someone”; “I can effortlessly offer multiple perspectives on an issue 
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which support my position”; “When in a discussion, I can make others see my side of the 

issue.” Maven was measured through three items, respondents were asked to rate the level of 

their agreement on a list of questions: “When I know something about a healthy lifestyle 

topic, I feel it is important to share that information with others”; “I like to be aware of the 

most up-to-date healthy lifestyle information so I can help others by sharing when it is 

relevant”; “People often seek me out for answers when they have questions about a healthy 

lifestyle issue.” Revised from the measurements adapted from Boster et al.’s (2011) study, a 

list of nine questions were presented to the respondents to test the health opinion leadership. 

Health opinion leadership was measured by calculating and averaging the total of nine items 

(Cronbach’s α = .87, M = 3.16, SD = .64). 

Online Health Information Behaviors. In this dissertation, online health information 

behaviors included three types of behavior: online health information-seeking, online health 

information-scanning, and online health information-sharing behaviors.  

Online Health Information Seeking. Modified from the measurement adopted and 

revised from a study by Ahadzadeh et al. (2018), three questions were used to test online 

health information-seeking behavior. Respondents were asked to indicate their level of 

agreement on a five-point Likert scale from 1 (never) to 5 (always) with the following three 

statements: “I use WeChat to seek information on health management (such as, exercise, diet, 

nutrition, mental health)”; “I use WeChat to seek a description of the diagnoses and treatment 

of various diseases”; “I use WeChat to seek information on medicines” (Cronbach’s α = .87, 

M = 2.50, SD = .90). 

Online Health Information Scanning. Three questions borrowed from existing 

studies (Waters et al., 2016; Zhang et al., 2019) were developed to measure online health 

information-scanning behavior. Respondents indicated the frequency with which they used 

social media to scan health information (1 = never; 5 = always) by responding to these 
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statements: “I pay attention to information on WeChat on health management such as 

exercise, diet, nutrition, and mental health”; “I pay attention to the descriptions of diagnoses 

and treatment of various diseases on WeChat”; and “I pay attention to information on 

medicines on WeChat” (Cronbach’s α = .88, M = 2.72, SD = .84). 

Online Health Information Sharing. To measure online health information-sharing 

behavior, three items were derived from studies by Wang et al. (2020) and Zhang and Jun 

(2018). Respondents were asked to indicate the frequency with which they shared health 

information on social media on a 5-point scale (1 = never; 5 = always) by responding to these 

statements: “How often do you use features on WeChat to post health updates on WeChat 

Moments?”; “How often do you share health posts with your particular friend or group?”; 

“How often do you reply to the health information shared or posted by your WeChat 

friends?” (Cronbach’s α = .84, M = 2.30, SD = .85). 

Health Decision Change. Measurements of health decision change were adapted and 

modified from Song et al. (2022) and Ruggiero et al. (2011). A total of three items were 

developed to measure older adults’ health decision change based on the health information 

acquired from social media: “Did the health information you found on WeChat a) affect your 

decision about how to treat an illness or condition? b) change the way you think about diet or 

exercise? c) lead you to ask a doctor new question?” (1 = never; 5 = always). To create the 

measure of health decision change, the above three items were calculated and averaged 

(Cronbach’s α = .80, M = 2.26, SD = .81). 

Control variables. In this study, a total of seven sociodemographic variables were 

assessed as control variables, including age (discrete variable), gender (1 = male, 2 = female); 

marital status (1 = single, 2 = married, 3 = widowed, 4 = divorced); household living 

arrangements (1= living with family, 2 = living  alone, 3 = living in the nursing home); health 

status (1 = currently suffering from health problems/symptoms, 2 = had a diseases but cured, 
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3 = do not have a disease); education background (1 = primary school or below, 2 = junior 

high school, 3 = senior high school/ technical secondary school, 4 = university, 5 = 

postgraduate and above); monthly retirement pension (1 = none, 2 = less than 1000RMB, 3 = 

1000-2000 RMB, 4 = 2001-5000, 5 = 5001-7000 RMB, 6 = 7001-10000 RMB, 7 = more than 

1000RMB). 

 

4.4 Pilot Study 

Before starting the fieldwork, two rounds of preliminary surveys were carried out to 

test and establish the measurement validity and reliability. The first-round pilot study was 

conducted online in November 2021 with 20 participants from the target group. This round of 

the pilot study primarily identified questions that may not make sense to older adults, 

especially the obscure expressions.  

The second-round pilot study was conducted in December 2021 in Weihai in eastern 

Shandong Province. The researcher of this study distributed 50 paper surveys after a public 

lecture targeted at older adults organized by the community center as the second round of the 

pilot study. The researcher observed the participants completing the pencil-and-paper 

questionnaires and took notes on everything they reported regarding the items and questions. 

The response rate of the second round of the pilot study was less than 50% because some of 

the older adults were in a hurry to pick up their grandchildren. It was learned that survey 

sessions should not start later than 10:30am or 2:30pm. Moreover, two thirds of the 

participants completed only half of the questions in the questionnaire. It was found that the 

participants ignored the questions with even pages numbers—for example, page 2, page 4, 

and page 6. (The original questionnaire was a double printed six-page survey, it was re-edited 

as a double-printed five-page survey by changing the margins.) To solve the problem of the 

missed even pages, after the pilot study a side note was added to the footer reminding the 
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respondents that it was a double-sided questionnaire. Also, to improve the readability, a 

larger font size (14 points) was finalized, based on the feedback from the respondents. 

During the pilot study, the validity and reliability of measurements were tested, and 

design issues were identified. Also, the proposed associations among variables were also 

evaluated. After two rounds of pilot studies, the questionnaire was revised and finalized 

accordingly, based on participants’ feedback. For example, to clarify the ambiguous 

expressions and correct the complex descriptions and statements (Shang et al., 2020), a side 

note was added to remind the participants that the questionnaire was printed double-sided. 
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Chapter 5: Findings 

 

This chapter presents the results needed to test the proposed hypotheses and answer 

the research questions. Mean imputation technique, in this dissertation, was employed to deal 

with missing values prior to data processing and analysis. Mean imputation refers to filling in 

the missing data with the mean of the remaining data (Baraldi & Enders, 2010). Although 

mean imputation results in biased mean estimates and incorrect standard errors (Grace-

Martin, 2020), it could entail retention of the whole database instead of reducing the sample 

size in comparison with likewise deletion (Schork, 2022). After data preparation, six steps of 

statistical analysis were undertaken using IBM SPSS statistics package version 25 and 

AMOS version 23. In the first step of analysis, principal factor analysis was employed to 

describe variability among proposed variables. In the second step, descriptive statistical 

analysis was conducted to describe characteristics of the data set. Multiple comparison 

analysis was carried out to show group differences among different age groups, between 

female and males, marital status, among household living arrangements, health status, 

educations, and incomes. Third, Pearson’s correlation analysis was performed to test 

relationships between key theoretical variables. Fourth, multiple regression analysis was used 

to address research questions to examine if proposed independent variables—including age, 

gender, health status, education, and income—explain a statistically significant amount of 

variance in online health information behaviors. Fifth, the hypotheses and hypothesized 

model of older adults’ online health information behaviors were tested by performing a 

structural equation modeling (SEM) analysis with AMOS version 23. Sixth, to assess the 

mediation effects of efficacy on the relationship between outcome expectancy and online 
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health information-seeking, -scanning and -sharing behaviors proposed, a series of mediation 

analyses were performed using AMOS. 

 

5.1 Principal Factor Analysis of Key Theoretical Variables 

A series of principal factor analyses were first performed before running the 

inferential statistics. Table 6–14 present the results of principal factor analyses of nine key 

theoretical variables: efficacy, outcome expectancy, social support, social capital, health 

opinion leadership, online health information-seeking, -scanning, and -sharing behaviors, and 

health decision change. An Oblimin rotation was adopted during each analysis. 

Results showed that efficacy comprised six items that explained 47.26% variance, 

with factor loading from .609 to .756 (see Table 6). Outcome expectancy included six items 

that explained 71.15% variance, with factor loading from .793 to .880 (see Table 7). Social 

support contained six items that explained 68.82% variance, with factor loading from .789 

to .883 (see Table 8). Social capital encompassed seven items that explained 51.72% 

variance, with factor loading from .642 to .782 (see Table 9). Health opinion leadership 

involved nine items that explained 49.90% variance, with factor loading from .652 to .767 

(see Table 10). Online health information seeking included three items that explained 79.12% 

variance, with factor loading from .884 to .923 (see Table 11). Online health information 

scanning contained three items that explained 80.03% variance, with factor loading from .883 

to .927 (see Table 12). Online health information sharing incorporated three items that 

explained 76.00% variance, with factor loading from .849 to .887 (see Table 13). Health 

decision change contained three items that explained 71.07% variance, with factor loading 

from .795 to .883 (see Table 14). 

It is noteworthy that, according to the results of the principal factor analysis, three 

dimensions of social capital—structural, relational, and cognitive social capital—cannot be 
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extracted as one variable. To improve the model fit, two items (“I have frequent 

communication with some members on WeChat”; “I feel my WeChat friends are 

trustworthy”) from social capital were removed in the factor analysis (Cronbach’s α = .84, M 

= 3.24, SD = .65). 

 

Table 6 

Factor Analysis of Efficacy 

 
 
Table 7 

Factor Analysis of Outcome Expectancy 

Items Factor Loading Communalities 

I am much better than peers when using WeChat 
compared to other peers.  

.609 .371 

 How frequently do you comment on the information 
forwarded by others? 

.686 .471 

How frequently do you post to WeChat moments. .667 .445 
I have the ability approach different WeChat sources 
to obtain more health information. 

.756 .571 

I feel I can understand whatever I discover about 
health information on WeChat. 

.698 .488 

I feel WeChat could supply with comprehensive health 
information. 

.700 .490 

Eigenvalue 2.835  
Percentage of the total variance 47.256  

Items Factor Loading Communalities 

The healthcare information on WeChat would be 
informative. 

.793 .629 

The healthcare information on WeChat would be 
useful. 

.848 .719 

The healthcare information on WeChat would be 
practical. 

.861 .740 

If I share health information to my friend or group 
members on WeChat, I will gain more recognition and 
respect. 

.880 .774 

If I share health information to my friend or group 
members on WeChat, I will be seen as trustworthy. 

.853 .728 

If I share health information to my friend or group 
members on WeChat, the tie between them and me 
will be strengthened. 

.824 .679 

Eigenvalue 4.269  
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Table 8 

Factor Analysis of Social Support 

 
 
Table 9 

Factor Analysis of Social Capital 

Percentage of the total variance 71.145  

Items Factor Loading Communalities 

In WeChat, some people would offer suggestions 
when I need help. 

.789 .623 

When I encountered health problems, some people 
in WeChat would give me information to help me 
overcome the problem. 

.827 .684 

When faced with health difficulties, some people in 
WeChat would help me discover the cause and 
provide me with suggestions. 

.882 .777 

When faced with health difficulties, some people in 
WeChat are on my side with me. 

.883 .779 

When faced with health difficulties, some people in 
WeChat comforted and encouraged me. 

.796 .634 

When faced with health difficulties, some people in 
WeChat listened to me talk about my private 
feelings. 

.795 .632 

Eigenvalue 4.13  
Percentage of the total variance 68.816  

Items Factor Loading Communalities 
I maintain close social relationships with some 
members in WeChat. 

.642 .563 

I spend a lot of time interacting with some members in 
the WeChat. 

.672 .553 

I feel very confident about the skills that the other 
WeChat members have in relation to the health topics 
we discuss. 

.728 .574 

My WeChat friends will do everything within their 
capacity to help others. 

.752 .556 

I feel the contacts on my WeChat friends’ list on this 
SNS have interests similar to mine. 

.766 .689 

I feel the contacts on my WeChat friends’ list on this 
SNS have values similar to mine. 

.782 .756 

I feel the contacts on my WeChat friends’ list on this 
SNS have experience similar to mine. 

.680 .672 

Eigenvalue 3.621  
Percentage of the total variance 51.723  
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Table 10 

Factor Analysis of Health Opinion Leadership 

 

 

Table 11  

Factor Analysis of Online health information-seeking behavior  

 
 
 
 

Items Factor Loading Communalities 
I’m often the link between friends in different 
groups. 

.662 .438 

I try to bring people I know together when I think 
they would find each other interesting. 

.767 .589 

The people I know often know each other because 
of me. 

.750 .562 

I am adapt my method of argument to persuade 
someone. 

.743 .552 

I can effortlessly offer multiple perspectives on an 
issue which support my position. 

.726 .527 

When in a discussion, I could make others see my 
side of the issue. 

.672 .451 

When I know something about a healthy lifestyle 
topic, I feel it is important to share that information 
with others.  

.698 .488 

I like to be aware of the most up-to-date healthy 
lifestyle information so I can help others by sharing 
when it is relevant. 

.677 .458 

People often seek me out for answers when they 
have questions about a healthy lifestyle issue.  

.652 .425 

Eigenvalue 4.491  
Percentage of the total variance 49.898  

Items Factor Loading Communalities 

I use WeChat to seek information on health 
management (exercise, diet, nutrition, mental health 
etc.). 

.860 .739 

I use WeChat to seek description of various diseases 
diagnosis and treatment. 

.923 .853 

I use WeChat to seek information on medicine/drugs. .884 .782 

Eigenvalue 2.373  
Percentage of the total variance 79.115  
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Table 12 

Factor Analysis of Online health information-scanning behavior 

 
Table 13 

Factor Analysis of Online health information-sharing behavior 

 
Table 14  

Factor Analysis of Health Decision Change  

 

 

 

Items Factor Loading Communalities 

I pay attention to information on health management 
(exercise, diet, nutrition, mental health etc.) on 
WeChat. 

.883 .780 

“I pay attention to description of various diseases 
diagnosis and treatment on WeChat.” 

.927 .859 

I pay attention to information on medicine/drugs on 
WeChat. 

.873 .762 

Eigenvalue 2.401  
Percentage of the total variance 80.026  

Items Factor Loading Communalities 

How often do you use features on WeChat to post 
health updates on WeChat Moments?”  

.878 .771 

How often do you share health posts with your 
particular friend or group?” 

.887 .787 

How often do you reply to the health information 
shared or posted by your WeChat friends? 

.849 .722 

Eigenvalue 2.280  
Percentage of the total variance 75.998  

Items Factor Loading Communalities 

Did the health information you found in WeChat a) 
affect a decision about how to treat an illness or 
condition?  

.850 .722 

Did the health information you found in WeChat b) 
change the way you think about diet or exercise?  

.883 .779 

Did the health information you found in WeChat c) 
lead you to ask a doctor new questions? 

.795 .632 

Eigenvalue 2.132  
Percentage of the total variance 71.074  
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5. 2 Descriptive Statistics 

Means, standard deviations and Cronbach’s α of key theoretical variables were 

calculated and are reported in Table 15.  

 

Table 15 

 Descriptive Statistics of Key Theoretical Variables (N = 499) 

Key Variables Mean Std. Deviation Cronbach’s α 

Efficacy 2.89 .66 .72 
Outcome Expectancy 2.87 .82 .92 
Social Support 3.27 .74 .91 
Social Capital 3.24 .65 .84 
Health Opinion Leadership 3.16 .64 .87 
Health Information Seeking 2.50 .90 .87 
Health Information Scanning 2.72 .84 .88 
Health Information Sharing 2.30 .85 .84 
Health Decision Change 2.26 .81 .80 

Note. All theoretical variables were measured on a 5-point scale.  
 

Prior to hypothesis testing, independent samples t tests and correlation analysis were 

conducted to investigate the effect of sociodemographic variables on each theoretical variable 

(see Tables 16–22). 

 

5.2.1 Comparisons Between Age 

To compare the effect of age on key theoretical variables, a series of correlation 

analyses between age and efficacy, outcome expectancy, social support, social capital, health 

opinion leadership, online information seeking, scanning, sharing, and health decision change 

were conducted (see Table 23). The results showed that age was positively associated with 

outcome expectancy, online health information seeking, online health information sharing 

and health decision change. Those who were older tended to have higher outcome expectancy 

and to seek and share online health information more frequently. 
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5.2.2 Comparisons Between Genders   

To examine whether gender showed significant differences in theoretical key 

variables (see Table 16), independent samples t tests were conducted. Significant differences 

were found in efficacy (t (497) = -3.21, p < .01) and outcome expectancy (t (497) = -2.79, p 

< .01). Results revealed that male respondents perceived a higher level of efficacy and 

outcome expectancy.  

 

Table 16 

Differences between Male and Female Participants on Key Theoretical Variables (N = 499) 

Variables 
Male Female   

N = 193 N = 306   

Mean (SD) t p 
Efficacy 3.01 (.64) 2.82 (.66) -3.21** .001 
Outcome Expectancy 2.99 (.82) 2.79 (.81) -2.79** .006 
Social Support 3.27 (.71) 3.26 (.75) -.07 .95 
Social Capital 3.24 (.66) 3.24 (.63) -.08 .94 
Health Opinion Leadership 3.20 (.67) 3.13 (.61) -1.24 .22 
Health Information Seeking 2.57 (.91) 2.45 (.89) -1.49 .14 
Health Information Scanning 2.73 (.85) 2.71 (.83) -.24 .81 
Health Information Sharing 2.35 (.87) 2.26 (.84) -1.16 .25 
Health Decision Change 2.30 (.80) 2.23 (.82) -.96 .34 

Note. * p < .05. ** p < .01. *** p < .001.  
 
 

5.2.3 Comparisons Between Marital Status  

 

A series of independent samples t tests were conducted to compare the effect of 

marital status on key theoretical variables (see Table 17). Marital status was recoded into two 

variables, single (including widowed and divorced) and married. The results showed a 

significant effect of marital status on online health information-seeking behavior. Single older 

adults (M = 2.72, SD = .99) sought online health information more frequently on social media 

than married older adults (M = 2.45, SD = .87), (t (497) = -2.56, p = .011). No significant 
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differences were found in online health information-scanning and -sharing behaviors between 

single and married groups.  

 

Table 17 

Differences between Single and Married Participants on Key Theoretical Variables (N = 

499) 

Variables 
Single Married   
N = 90 N = 409   

Mean (SD) t p 
Efficacy 2.97 (.68) 2.87 (.65) -1.30 .19 
Outcome Expectancy 2.97 (.91) 2.84 (.79) -1.32 .19 
Social Support 3.29 (.75) 3.26 (.74) -.28 .78 
Social Capital 3.27 (.74) 3.23 (.62) .23 .631 
Health Opinion Leadership 3.18 (.68) 3.15 (.63) -.31 .76 
Health Information Seeking 2.72 (.99) 2.45 (.87) -2.56* .011 
Health Information Scanning 2.75 (94) 2.71 (.82) -.44 .66 
Health Information Sharing 2.40 (.85) 2.27 (.86) -1.23 .22 
Health Decision Change 2.40 (.85) 2.22 (.80) -1.90 .06 

Note. * p < .05. ** p < .01. *** p < .001.  
 

5.2.4 Comparisons Between Household Living Arrangements  

To compare the effect of household living arrangements in all major variables, a 

series of one-way ANOVAs were performed (see Table 18). The results indicated significant 

effects of household living arrangements on outcome expectancy (F (2, 495) = 3.11, p < .05), 

online health information-seeking (F (2, 495) = 8.38, p < .001) and -sharing behaviors (F (2, 

495) = 4,77, p < .01), and health decision change (F (2, 495) = 4.53, p < .05).  

Pairwise comparison of the means using the Scheffé test indicated that the mean 

scores of outcome expectancy for the respondents who were living with families and those 

who were living in the nursing home were significantly different. Also, the results of a post 

hoc test showed significant differences in online health information-seeking and -sharing 

behaviors, as well as health decision change between the same two groups. The respondents 

living in the nursing home perceived the highest outcome expectancy (M = 3.10, S.D. = .73). 
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This led to the highest frequency to seek (M = 2.91, SD = .90) and share online health 

information (M = 2.59, SD = .85) among the three different groups. Also, those living in the 

nursing home tended to change health decisions based on the information acquired from 

social media (M = 2.54, SD = .89). 

 

Table 18 

Differences among Different Household Living Arrangements on Key Theoretical Variables 

(N = 499) 

Variables 

Living with 
families 

Living 
alone 

Living in 
the nursing 

home 

  

N = 370 N = 62 N = 66   

 Mean (SD) F p 
Efficacy 2.89 (.64) 2.79 (.70) 2.97 (.71) 1.24 .29 
Outcome Expectancy 2.83c (.80) 2.85 (.97) 3.10a (.73) 3.11* .046 
Social Support 3.29 (.73) 3.21 (.79) 3.23 (.72) .41 .66 
Social Capital 3.23 (.63) 3.33 (.76) 3.23 (.61) .57 .64 
Health Opinion Leadership 3.16 (.62) 3.16 (.70) 3.16 (.68) .01 .99 
Health Information Seeking 2.43 c (.86) 2.45 (1.01) 2.91 a (.90) 8.38*** .00 
Health Information 
Scanning 

2.70 (.82) 2.69 (.92) 2.84 (.84) .83 .44 

Health Information Sharing 2.25c (.83) 2.23 (.92) 2.59 a (.85) 4.77** .009 
Health Decision Change 2.21c (.79) 2.22 (.81) 2.54 a (.89) 4.53* .011 

Note. Mean values with different subscripts differ at the p = .05 level by post-hoc Scheffé 
tests. 
* p < .05. ** p < .01. *** p < .001.  
 

5.2.5 Comparisons Between Health Status  

Health status was first recoded into two categories: have had a disease and have not 

had a disease. A series of independent samples t tests were performed to compare all major 

theoretical variables in the abovementioned different health status (see Table 19). Those who 

were having or who had had a disease or symptoms scored higher in outcome expectancy (t 

(497) = -2.09, p < .05). In terms of online health information behaviors, including health 

information-seeking, -scanning, and -sharing behaviors, the respondents who had had a 
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disease or symptoms tended to seek (t (497) = -2.50, p < .05) and scan (t (497) = -2.57, p 

< .05) online health information more frequently. With regard to health decision change, the 

respondents who were having or who had had a disease or symptoms were more likely to 

change their health decisions according to online health information obtained from social 

media (t (497) = -2.13, p < .05).  

 

Table 19 

Differences among Self-assessed Health Status on Key Theoretical Variables (N = 499) 

Variables 

Have/had (a) 
disease(s) 

Not have a 
disease 

  

N = 248 N = 251   

Mean (SD) t p 
Efficacy 2.92 (.62) 2.86 (.69) -1.04 .30 
Outcome Expectancy 2.94 (.78) 2.79 (.85) -2.09* .04 
Social Support 3.29(.70) 3.24 (.77) -.79 .43 
Social Capital 3.20 (.69) 3.29 (.60) -1.53 .13 
Health Opinion Leadership 3.16 (.62) 3.16 (.65) -.10 .92 
Health Information Seeking 2.60 (.89) 2.40 (.90) -2.50* .013 
Health Information Scanning 2.81 (.78) 2.62 (.88) -2.57* .011 
Health Information Sharing 2.36 (.82) 2.24 (.89) -1.45 .15 
Health Decision Change 2.33 (.77) 2.18 (.85) -2.13* .033 

Note. * p < .05. ** p < .01. *** p < .001.  
 

5.2.6 Comparisons Between Education Backgrounds  

A series of one-way ANOVAs were performed to compare the effect of education 

backgrounds on key theoretical variables (see Table 20). Education was recoded into three 

categories: below high school, high school, and bachelor’s degree and above. The results 

indicated that these three education categories differed significantly in efficacy (F (2,496) = 

10.66, p < .001), including health information-seeking (F(2,496) = 4.99, p < .01), -scanning 

(F(2,496) = 3.47, p < .05), and -sharing (F(2,496) = 4.28, p < .05) behaviors, and health 

decision change (F(2,496) = 6.21, p < .01).  
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The results of post hoc comparisons using the Scheffé test revealed that highly 

educated respondents scored significantly higher in efficacy, online health information 

behaviors—including online health information -seeking, -scanning, and -sharing 

behaviors— and health decision change than less-educated respondents. Highly educated 

participants perceived a higher efficacy (M = 3.11, SD = .59) than the other two groups of 

participants. In terms of online health information behaviors, their frequency of seeking (M = 

2.67, SD = .87) and sharing (M = 2.45, SD = .80) online health information was higher than 

participants without a high school diploma. In addition, education exerted a significant 

impact on older adults’ online health information-scanning behavior among respondents with 

high school diplomas (M = 2.66, SD = .87) and bachelor’s degrees (M = 2.88, SD = .73). 

Well-educated respondents were more likely to change health decisions based on acquired 

online health information (M = 2.46, SD = .81) compared with the other two groups of 

respondents. 

 

Table 20 

Differences among Education Backgrounds on Key Theoretical Variables (N = 499) 

Variables 

Below 
high 

school 

High 
school 

Bachelor’s 
degree and 

above 

  

N = 152 N = 216 N = 131   

 Mean (SD) F p 
Efficacy 2.78c (.67) 2.84c (.67) 3.11a,b (.59) 10.66*** .00 
Outcome Expectancy 2.88 (.84) 2.78 (.80) 3.00 (.81) 2.96 .05 
Social Support 3.28 (.77) 3.26 (.73) 3.26 (.72) .03 .97 
Social Capital 3.28 (.62) 3.20 (.66) 3.27 (.66) .90� .41 
Health Opinion Leadership 3.19 (.61) 3.09 (.64) 3.24 (.66) 2.68 .07 
Health Information Seeking 2.34c (.90) 2.50 (.90) 2.67a (.87) 4.99** .007 
Health Information Scanning 2.67 (.87) 2.66c (.87) 2.88b (.73) 3.47* .03 
Health Information Sharing 2.15c (.87) 2.31 (.86) 2.45a (.80) 4.28* .01 
Health Decision Change 2.13c (.81) 2.22c (.80) 2.46a,b (.81) 6.21** .002 

Note. Mean values with different subscripts differ at the p = .05 level by post-hoc Scheffé 
tests. 
* p < .05. ** p < .01. *** p < .001.  
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5.2.7 Comparisons Between Levels of Monthly Retirement Pension/Income  

To explore whether monthly retirement pension or income showed significant 

differences in the theoretical key variables (see Table 21), a series of independent samples t 

tests were conducted. In China, the average retirement pension varies between the provinces, 

ranging from 2622 to 4865 RMB (379–703 USD) (Digital Finance, 2021). So, this study 

adopted 5,000 RMB as the cutoff. The monthly retirement pension/income was recoded into 

two major categories: 5,000 RMB or below and above 5,000 RMB. The results showed that 

the two monthly retirement pension categories differed significantly in efficacy (t (497) = 

3.76, p < .001), outcome expectancy (t (497) = 3.16, p < .01), online health information- 

seeking (t (497) = 3.13, p < .01), online health information-scanning (t (497) = 2.95, p < .01), 

and online health information-sharing behaviors (t (497) = 2.96, p < .02), as well as health 

decision change (t (497) = 4.45, p < .001). Older adults with a higher monthly retirement 

pension tended to have a higher perceived efficacy (M = 3.07, SD = .65) and outcome 

expectancy (M = 3.05, SD = .79) than their counterparts. As a result, respondents with a high 

monthly retirement pension were more likely to seek (M = 2.70, SD = .88), scan (M = 2.90, 

SD = .77), and share (M = 2.48, SD = .87) online health information on social media than the 

lower-income group. When comparing health decision change, older adults with higher 

monthly retirement pension were also more likely to change a health decision based on online 

health information acquired from social media (M = 2.52, SD = .83) than those with a lower 

monthly retirement pension. 
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Table 21 

Differences among Monthly Retirement Pension/Income on Key Theoretical Variables (N = 

499) 

Variables 

5,000 or below 
(RMB) 

Above 5,000 
(RMB) 

  

n = 365 n = 134   

Mean (SD) t p 
Efficacy 2.82 (.65) 3.07 (.65) 3.76*** .00 
Outcome Expectancy 2.80 (.82) 3.05 (.79) 3.16** .002 
Social Support 3.27(.76) 3.27(.68) -.02 .99 
Social Capital 3.23(.65) 3.29(.63) .94 .35 
Health Opinion Leadership 3.13(.63) 3.23(.66) 1.62 .11 
Health Information Seeking 2.42(.90) 2.70(.88) 3.13** .002 
Health Information Scanning 2.65(.85) 2.90(.77) 2.95** .003 
Health Information Sharing 2.23(.84) 2.48(.87) 2.96** .003 
Health Decision Change 2.16(.78) 2.52(.83) 4.45*** .00 

Note. * p < .05. ** p < .01. *** p < .001. 
 

5.2.8 Comparisons Between Household Registrations  

A series of independent samples t tests were performed to compare the effect of the 

household registration (Hukou) on major theoretical variables (see Table 22). The test results 

showed no significant differences for all the key variables between respondents with an urban 

Hukou and those with a rural household registration. 

 

Table 22 

Differences among Household Registration (Hukou) on Key Theoretical Variables (N = 499) 

 

Variables 
Urban Rural   

n = 459 n = 40   

Mean (SD) t p 
Efficacy 2.90 (.64) 2.74 (.81) 1.54 .12 
Outcome Expectancy 2.87 (.81) 2.83 (.88) .27 .79 
Social Support 3.27 (.74) 3.23 (.76) .30 .77 
Social Capital 3.24 (.64) 3.28 (.68) -.35 .73 
Health Opinion Leadership 3.14 (.64) 3.32 (.64) -1.71 .09 
Health Information Seeking 2.50 (.89) 2.47 (1.03) .23 .82 
Health Information Scanning 2.73 (.83) 2.58 (.94) 1.14 .26 
Health Information Sharing 2.31 (.83) 2.11 (1.05) 1.45 .15 
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Health Decision Change 2.25 (.79) 2.33 (1.03) -.64 .53 

Note. * p < .05. ** p < .01. *** p < .001. 
 

5.3 Correlation Analysis 

The bivariate Pearson’s correlation analysis was carried out in this section. The results 

of bivariate correlation analysis are reported in Table 23. The bivariate Pearson’s correlation 

analysis was conducted to measure the strength and linear direction of the relationships 

between outcome expectancy, efficacy, social capital, social support, health opinion 

leadership, sociodemographics, online health information-scanning, -seeking, and -sharing 

behaviors and health decision change.  

  



 127 

Table 23 

Results of Bivariate Correlations Analysis between All Theoretical Variables (N = 499) 

 
 
Note. * p < .05. ** p < .01. *** p <= .001. Pearson correlation, two-tailed significance.  
Marriage status was recoded as a dummy variable, 1 = married, 0 = singled. 
Household living arrangement was recoded as a dummy variable, 1 = living with families, 0 = live alone including live in the nursing home. 
Health status was recoded as a dummy variable, 1 = not have a disease, 0 = having/had a disease. 
Monthly retirement pension was recoded as a dummy variable, 1 = more than 5000 RMB, 0 = 5000 RMB or less. 
Education was recoded as a dummy variable, 1 = high school and above, 0 = below high school 
Household registration was recoded as a dummy variable, 1 = urban, 0 = rural. 

 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 
1. Age -                 
2. Female .02 -                
3. Marriage Status -.35*** -.14** -               
4. Living with families -.53*** -.10* .63*** -              
5. Health Status -.31*** .13** .13** .20*** -             
6. High School and above -.08 -.18*** .05 .07 -.03 -            
7. Monthly Pension/Income .17*** -.26*** .03 -.13** -.16*** .31*** -           
8. Household Registration -.07 -.04 .05 .06 -.05 .19*** .10* -          
9. Efficacy .02 -.14*** -.06 .01 -.05 .12** .17*** .07 -         
10. Outcome Expectancy .10* -.12** -.06 -.09 -.09* .01 .14** .01 .69*** -        
11. Social Support .00 -.01 -.01 .05 -.04 -.01 -.00 .01 .53*** -.59*** -       
12. Social Capital .06 -.00 -.02 -.03 -.07 -.04 .04 -.02 .55*** .62*** .69*** -      
13. Health Opinion Leadership -.00 -.06 -.01 -.01 -.00 -.03 .07 -.08 .56*** .58*** .61*** .72*** -     
14. Health Information Seeking .12** -.07 -.11* -.13** -.11* .12** -.14** .01 .54*** .56*** .48*** .47*** .51*** -    
15. Health Information Scanning  .07 -.01 -.02 -.03 -.11* .04 .13** .05 .49*** .54*** .51*** .50*** .52*** .77*** -   
16. Health Information Sharing .13** -.05 -.06 -.09 -.07 .11* .13** .07 .55*** .53*** .45*** .46*** .52*** .69*** .69*** -  
17. Health Decision Change .09* -.04 -.09 -.09 -.10* .10* .20*** -.03 .41*** .43*** .37*** .34*** .39*** .60*** .58** .56*** - 
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5.4 Regression  

To examine the association between the control variables and the older adults’ online 

health information behaviors and health decision changes, a series of multiple regressions 

were performed (see Table 24).  

The results of the multiple regression analysis revealed that age (β =.10, p < .05) and 

education (β = .12, p < .05) were significantly related to online health information-seeking 

behavior among older adults. This means that those who were older and well-educated were 

more likely to seek online health information on social media. These factors accounted for 

5.1% of the variance in older adults’ online health information-seeking behavior. The results 

of multiple regression analysis also indicated that income was positively and significantly 

associated with online health information-scanning behavior (β = .13, p < .05). Wealth 

accounted for 3.8% of the variance in older adults’ online health information-scanning 

behavior. In terms of online health information-sharing behavior, age (β = .13, p < .01) and 

education (β = .12, p < .05) were found as predictors. Older elderly people who had a higher 

education tended to share online health information more frequently on social media. These 

factors accounted for 5.3% of the variance in older adults’ online health information-sharing 

behavior. Regarding health decision changes, these were found to be associated with income 

(β = .15, p < .01). Older adults with higher monthly retirement pension were more likely to 

change health decisions based on the information acquired from social media. These factors 

accounted for 5.2% of the variance in health decision change. 

To sum up, RQ1 sought to know the association between age and three online health 

information behaviors, namely online health information seeking, online health information 

scanning, and online health information sharing among older adults. Results of multiple 
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regression analysis indicated that age was positively associated with older adults’ online 

health information-seeking and -sharing behaviors. 

RQ2 asked how gender was associated with on online health information behaviors. 

Results showed that gender was not a predictor of online health information-seeking, -

scanning and -sharing behaviors among older adults.  

RQ3 inquired how older adults’ health status was associated with online health 

information behaviors. The statistical results showed that health status was not associated 

with older adults' online health information behaviors including information-seeking, -

scanning and -sharing behaviors.  

RQ4 asked whether older adults’ education influenced their online health information 

behaviors. The results of multiple regression analysis showed that education was positively 

associated with online health information-seeking and -sharing behaviors among the older 

population. However, education was not a significant predictor of older adults’ online health 

information-scanning behavior. 

RQ5 asked whether older adults’ income influenced their online health information 

behaviors. Results showed that income was positively associated with online health 

information-scanning behavior but was not associated with online health information-seeking 

and -sharing behaviors among older adults. 
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Table 24 

The Relationships Between Control Variables and Online Health Information Behaviors Among Older Adults 

  Information Seeking Information Scanning Information sharing Health Decision Change 

  B SE β p B SE β p B SE β p B SE β p 

Age .014 .007 .095* .047 .003 .007 .019 .692 .018 .007 .127** .008 .008 .006 .062 .193 

Female .001 .087 .001 .989 .073 .082 .042 .369 -.005 .083 -.003 .947 .045 .079 .027 .569 

Health Status -.039 .050 -.037 .437 -.079 .047 -.080 .093 .016 .047 .016 .741 -.031 .045 -.033 .489 

High School .129 .056 .124* .020 .053 .052 .054 .313 .119 .053 .121* .024 .088 .050 .093 .081 

Income .068 .043 .086 .111 .097 .040 .132** .016 .070 .040 .094 .083 .104 .039 .145* .007 

Constant .964(.570) 2.048*** (.534) .411 (.540) 1.004 (.515) 

R-squared .051 .038 .053 .052 

Adj. R-squared .041 .028 .043 .043 

ΔR2 .051 .038 .053 .52 

F statistic 5.265 3.872 5.514 5.444 

 
Note. * p < .05. ** p < .01. *** p <= .001.  
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5.5 Structural Equation Modeling (SEM) Analysis 

Structural equation modeling (SEM) is a family of statistical techniques that helps the 

researcher to examine the relationships among multiple variables and test the proposed model 

for theory extension (Thakkar, 2020). The commonly applied fit indices include chi-square, 

relative chi-square (χ²/d), comparative fit index (CFI), normal fit index (NFI), the Tucker–

Lewis index (TLI), and the root mean square error of approximation (RMSEA) (Thakkar, 

2020). CFI, NFI, TLI values above .90 are associated with a good model fit. An RMSEA 

lower than .08 indicates an acceptable model fit (Thakkar, 2020).  

In this dissertation, the hypothesized model of older adults’ online health information 

behaviors was tested by performing a structural equation modeling (SEM) analysis with 

AMOS version 23. The results of a preliminary test of the model of older adults’ online 

health information behaviors did not show a satisfactory model fit (see Model 1, shown in 

Table 25). The results of the analysis showed that the chi-square for the model was 

significant, χ² = 655.562, d.f. = 181, p < .001 (χ²/d.f. ratio= 3.62), the comparative fit index 

(CFI) was .912), the normal fit index (NFI) was .884), the Tucker–Lewis index (TLI) 

was .888), and the root mean square error of approximation (RMSEA = .073). 
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Table 25 

Results of the Structure Equation Model of testing models 

Fit Indices χ² d.f. p χ²/d.f. 
ratio 

CFI NFI TLI RMSEA 

Model 1 655.562 181 .000 3.62 .912 .884 .888 .073 
Model 2 586.598 163 .000 3.60 .921 .895 .898 .073 
Model 3 536.285 163 .000 3.29 .929 .903 .909 .068 
Model 4 469.727 146 .000 3.22 .938 .914 .920 .067 
Model 5 398.293 130 .000 3.06 .948 .925 .932 .064 
Model 6 356.595 130 .000 2.74 .956 .933 .942 .059 

Note. χ²: chi-square, CFI: the comparative fit index, NFI: the normal fit index, TLI: the 
Tucker Lewis index, RMSEA: the root mean square error of approximation. 
 
Model 1: age, gender, education, income, health status, key theoretical variables 
Model 2: age, education, health status, income, key theoretical variables 
Model 3: gender, education, income, health status, key theoretical variables 
Model 4: education, health status, income, key theoretical variables 
Model 5: income, health status, key theoretical variables 
Model 6: education, health status, key theoretical variables 

 

After removing age, gender, and income, a better model fit was found (Model 6, 

shown in Table 25). Table 26 and Figure 4 present the results of the SEM analysis. The 

results of the analysis showed that the chi-square for the model was significant, χ² = 356.595, 

d.f. = 130, p < .001 (χ²/d.f. ratio= 2.74), the CFI was .956, the NFI was .933, the TLI 

was .942, and RMSEA was .059, indicating that the model fit was acceptable according to 

Thakkar’s (2020) criteria. 

To examine the proposed hypotheses, the model estimation of each path was checked. 

H1 predicted that outcome expectancy positively associated with efficacy among older adults. 

The results of SEM analysis indicated that H1 was supported (β = .94, p < .001).  

H2 proposed that efficacy would be positively associated with online health 

information-seeking, -scanning and -sharing behavior among older adults. The results 

indicated efficacy was indeed positively influenced by online health information seeking (β 

= .20, p < .001), online health information scanning (β = .26, p < .001), and online health 

information sharing (β = .16, p < .001). Hence, H2 was supported. 
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H4 speculated that social capital would be positively associated with online health 

information-seeking, -scanning and -sharing behaviors among older adults. However, results 

of the SEM indicated that social capital was not a significant predictor of online health 

information-seeking behavior (β = -.21, p > .05), online health information-scanning behavior 

(β = -.20, p > .05), and online health information-sharing behavior (β = -.19, p > .05). 

Therefore, H4a, H4b, and H4c were rejected. 

H5a proposed social support would be positively associated with online health 

information-seeking behavior, which was rejected (β = .09, p > .05). However, the results 

suggested social support was positively associated with online health information scanning (β 

= .22, p < .05). Therefore, H5b was supported. Regarding H5c, the results did not find that 

social support was a significant predictor of online health information sharing among older 

adults (β = .02, p > .05). Hence, H5c was rejected. 

H6 asked whether health opinion leadership would be a positive predictor of online 

health information-seeking, -scanning and -sharing behaviors. Regarding H6a, the results 

indicated that health opinion leadership was not positively associated with online health 

information-seeking behavior (β = .21, p = .13 > .05). As for H6b and H6c, results showed 

that health opinion leadership was positively associated with online health information-

scanning behavior (β = .44, p < .05) and online health information-sharing behavior (β = .29, 

p = .04990 < .05). Thus, H6a was rejected, while H6b and H6c were supported. 

H7a proposes that online health information scanning would be positively associated 

with online health information seeking, which was supported (β = .60, p < .001). H7b 

supposes that online health information-seeking behavior is positively associated with online 

health information-sharing behavior among older adults, while H7c predicted that online 

health information-scanning behavior is positively associated with online health information-

seeking behavior. Statistical results of SEM analysis indicated that online health information 
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seeking (β = .26, p < .001) and online health information scanning (β = .32, p < .001) were 

two positive and significant predictors of online health information-sharing behavior among 

older adults. Thus, H7b and H7c were supported. 

H8a stated that online health information seeking would lead to health decision 

change. Results suggested online health information served as a positive indicator of health 

decision change (β = .29, p < .001). Hence, H8a was supported. H8b proposed that online 

health information scanning would be positively associated with health decision change. The 

results indicated that online health information scanning was a powerful predictor of health 

decision change (β = .20, p < .001). Thus, H8b was also supported. 

H8c asked how online health information-sharing behavior will affect the health-

decision change among older adults. As expected, online health information sharing had a 

positive and significant association with health decision change (β = .22, p < .001). Hence, 

H8c was supported.  
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Table 26 

Results of the Structure Equation Model 

 Paths b SE p β 
 

H1 Outcome expectancy → Efficacy .83 .05 < .001 .94 
H2a Efficacy → Seeking .27 .07 < .001 .20 
H2b Efficacy → Scanning .31 .08 < .001 .26 
H2c Efficacy → Sharing .18 .08 .009 .16 
H4a Social capital → Seeking -.34 .30 .253 -.21 
H4b Social capital → Scanning -.29 .35 .408 -.20 
H4c Social capital → Sharing -.28 .31 .360 -.19 
H5a Social support → Seeking .11 .10 .280 .09 
H5b Social support → Scanning .24 .12 .040 .22 
H5c Social support → Sharing .02 .10 .827 .02 
H6a Health opinion leadership → Seeking .33 .21 .125 .21 

H6b Health opinion leadership → Scanning .64 .25 .011 .44 
H6c Health opinion leadership → Sharing .44 .23 .04990 .29 
H7a Scanning → Seeking .65 .04 < .001 .60 
H7b Seeking → Sharing .25 .05 < .001 .26 
H7c Scanning → Sharing .33 .05 < .001 .32 
H8a Seeking → Health decision change .26 .05 < .001 .29 
H8b Scanning → Health decision change .20 .06 < .001 .20 
H8c Sharing → Health decision change .21 .05 < .001 .22 

Note. Paths in bold text were significant. 
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Figure 4 

 
The Final Model of Older Adults’ Online Health Information Behaviors 

 

Note. χ²: chi-square, CFI: the comparative fit index, NFI: the normal fit index, TLI: the Tucker Lewis index, RMSEA: the root mean square error 
of approximation. Dotted line shows insignificant path. Path model predicting online health information behaviors and health outcomes. Model 
fit: χ²  = 356.595, d.f. = 130, p < .001, χ²/d.f. ratio= 2.74, CFI = .956, NFI = .933, TLI = .942, RMSEA = .059. ***p < .001; **p < .01; *p < .05.  
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5.6 Mediation Analysis 

To move forward, this dissertation study tested three mediation assumptions. H3 

concerned the mediation effects of efficacy in the relationship between outcome expectancy 

and a) online health information seeking, b) online health information scanning, and c) online 

health information sharing. The mediation analyses were assessed by performing AMOS 

based on 5000 bootstrap samples and 95% bias-correlated bootstrap confidence interval 

(Preacher & Hayes, 2004). The analysis of direct effects (outcome expectancy to online 

health information -seeking, -scanning, and -sharing behaviors) was first tested. The results 

indicated that a direct effect of outcome expectancy on online health information-scanning 

behavior was positive and significant (β = .61, p = .002 < .01). However, there was no direct 

effect between outcome expectancy and online information-seeking behavior (β = .18, p 

= .20 > .05) or between outcome expectancy and online information-sharing behavior (β = 

-.02, p = .93 > .05).  

Then, the author tested the indirect effects of outcome expectancy on three online 

health information behaviors through efficacy. The AMOS mediation analyses results 

revealed that there were indirect effects of outcome expectancy on online health information- 

seeking (β = .41, 95% CIs [.082, .725]), and -sharing behaviors (β = .58, 95% CIs [.250, 

1.018]) via efficacy. 

Table 27 shows the results of mediating effect analysis. To sum up, efficacy fully 

mediated the relationships between outcome expectancy and online health information-

seeking and -sharing behaviors among older adults. Therefore, H3a and H3c were supported. 

On the other hand, the mediating role of efficacy between outcome expectancy and 

information-scanning behavior was not found. Therefore, H3b was rejected. 
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Table 27 

Summary of Standardized Coefficients for Proposed Indirect Effects (bootstrapping 5000 

samples) 

Pathway Direct 

Effect 

Indirect 

Effect 

SE 

(Boot) 

Confidence 

Interval 

Conclusion 

IV: Outcome expectancy      

Outcome expectancy → Efficacy → Scanning .608 -.035 .280 [-.531, 354] No Mediation  

Outcome expectancy → Efficacy → Seeking .184 .411 .169 [.082, .725] Full Mediation 

Outcome expectancy → Efficacy → Sharing -.015 .575 .215 [.250, 1.018] Full Mediation 
Notes.  5,000 bootstrap samples were used to generate 95% bias-corrected confidence 
interval. 
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Table 28 

Summary of Proposed Research Hypotheses 

No. Research Questions Results 

H1 Outcome expectancy → Efficacy Supported 

H2a Efficacy → Online health information seeking Supported 

H2b Efficacy → Online health information scanning Supported 

H2c Efficacy → Online health information sharing Supported 

H3a Outcome expectancy → Efficacy→ Online health information seeking Supported 

H3b Outcome expectancy → Efficacy→ Online health information scanning Not Supported 

H3c Outcome expectancy → Efficacy→ Online health information sharing Supported 

H4a Social capital →  Online health information seeking Not supported 

H4b Social capital →  Online health information scanning Not supported 

H4c Social capital →  Online health information sharing Not supported 

H5a Social support →  Online health information seeking Not Supported 

H5b Social support →  Online health information scanning Supported 

H5c Social support →  Online health information sharing Not supported 

H6a Health opinion leadership → Online health information seeking Not Supported 

H6b Health opinion leadership → Online health information scanning Supported 

H6c Health opinion leadership → Online health information sharing Supported 

H7a Online health information scanning → Online health information seeking Supported 

H7b Online health information seeking → Online health information sharing Supported 

H7c Online health information scanning → Online health information sharing Supported 

H8a Online health information seeking → health decision change Supported 

H8b Online health information scanning → health decision change Supported 

H8c Online health information sharing → health decision change Supported 
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Table 29 

Summary of Proposed Research Questions 

 

No. Research questions Results 

RQ1a Age → Online health information seeking? Yes 

RQ1b Age → Online health information scanning? No 

RQ1c Age → Online health information sharing? Yes 

RQ2a Gender → Online health information seeking? No 

RQ2b Gender → Online health information scanning? No 

RQ2c Gender → Online health information sharing? No 

RQ3a Health status → Online health information seeking? No 

RQ3b Health status → Online health information scanning? No 

RQ3c Health status → Online health information sharing? No 

RQ4a Education → Online health information seeking? Yes 

RQ4b Education → Online health information scanning? No 

RQ4c Education → Online health information sharing? Yes 

RQ5a Income → Online health information seeking? No 

RQ5b Income → Online health information scanning? Yes 

RQ5c Income → Online health information sharing? No 
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Chapter 6: Discussion and Conclusion  

 

This chapter involves discussions and limitations of this dissertation. It starts with a 

summary of the major findings and then discusses how social determinants, personal 

cognitive factors, and social relationship factors influence online health information 

behaviors on social media among older adults. The association between online health 

information behaviors and health outcomes is also discussed. Next, the theoretical 

implications and practical implications of the current research are elucidated. Last, the key 

limitations of this dissertation study and suggestions for further studies are addressed. 

 

6.1 A Summary of Major Findings 

There is a paucity of literature on older adults’ online health information behaviors on 

social media encompassing online health information-seeking, -scanning and -sharing 

behaviors in the field of health communication. This dissertation aims to bridge the gap in the 

literature. Drawing upon SIM and TMIM, an expanded SIM integrating personal cognitive 

factors and social relationship factors was proposed to provide a new insight into older 

adults’ online health information behaviors and related health outcomes. Empirical evidence 

was derived from a survey design of 499 Chinese social media users aged from 60 to 89. This 

dissertation has important theoretical and practical value regarding aging communication. 

Several key findings are illustrated and discussed further below. 

The present results concerning online health information-seeking behavior of older 

adults, found that age, education, efficacy, and online health information-scanning behavior 

were significant predictors. Older adults’ income, social support, and health opinion 

leadership were significantly associated with their online health information-scanning 
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behavior. As for older adults’ online health information-sharing behavior, the findings 

revealed that age, education, efficacy, health opinion leadership, and online health 

information-seeking and -scanning behaviors were significant predictors. Moreover, this 

research indicated that three types of online health information behaviors made a unique 

contribution in predicting health decision change among older adults. Older adults’ online 

health information behaviors, including online health information-seeking, -scanning and -

sharing behaviors, were found to be positively associated with health decision change. 

Furthermore, this dissertation showed that efficacy had a full mediating effect on the 

relationships between outcome expectancy and online health information-seeking and -

sharing behaviors. However, no mediating role of efficacy between outcome expectancy and 

information scanning was found. 

 

6.2 Social Determinants and Online Health information Behaviors  

Building on SIM, CMIS, and empirical evidence that social determinants result in 

different health (communication) outcomes, this dissertation proposes an expanded SIM 

exploring how age, gender, health status, education, and income influence online health 

information-seeking, -scanning and -sharing behaviors among the hardly reached population 

of older adults.  

 

6.2.1 Age 

Extant research has provided inconsistent results on the association between age and 

online health information behaviors. Some studies found that age was negatively associated 

with online information behaviors, such as online information-seeking behavior (Oh et al., 

2018; Parida et al., 2016; Sedrak et al., 2020) and online information-scanning behavior 

(Ruppel, 2016). For example, Oh et al.’s (2018) study of antecedents of using a smart phone 
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for locating health information among Korean senior citizens discovered a negative 

association between age and using a smartphone to seek health information. Another stream 

of studies did not offer empirical evidence suggesting age was related to health information 

behaviors. Tennant et al. (2015) found that age was not significantly associated with online 

health information seeking on social media among older adults in the U.S. In addition, the 

study of Liu et al. (2019) did not find that age was positive predictor of health information 

sharing among Chinese elderly. However, the results of this dissertation were not consistent 

with the extant research. Instead, it found that age was positively associated with online 

health information-seeking and -sharing behaviors among older adults. A possible 

explanation could be that older people tend to have higher outcome expectancy toward online 

health information behaviors, which lead to more frequency of online health information-

seeking and -sharing behaviors (see Table 23). Another interpretation is that this dissertation 

discovered age to be positively correlated with monthly retirement pension, which may 

influence the predicting power of age on online health information-seeking and -sharing 

behaviors. In addition, older adults pay more attention to their ongoing health status (Stoller 

& Pollow, 1994) as they age. 

Inconsistent with previous research, the results of this dissertation indicated that age 

was not significantly associated with online health information scanning among older 

Chinese adults. The interpretation here could be that online health information scanning is a 

“less active” information behavior (Ruppel, 2016, p. 208) and scanning health information on 

WeChat has become a daily routine among older Chinese adults. Moreover, online health 

information scanning achieved the highest mean values among older adults, regardless of age 

(as shown in Table 15). Furthermore, sampling bias may lead to inconsistent results. Thus, 

further studies should explore the relationships between age and online health information 

behaviors among older populations using random sampling methods. 
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6.2.2 Gender  

Past research provided, in general, consistent support that older women were more 

active in online health information behaviors. A meta-analysis showed that women were 

more proactive than men for health information seeking across surveys (Hallyburton & 

Evarts, 2014). Also, a survey study of 183 older American adults indicated that older women 

were almost three times as likely to rely on social media for acquiring health information than 

their counterparts (Tennant et al., 2015). Besides, a survey study of 336 older Chinese social 

media users revealed that older women were more likely to forward health information than 

older men.  

Inconsistent with such past research (e.g., Hallyburton & Evarts, 2014; Parida et al., 

2016; Tennant et al., 2015; Wong et al., 2014), this dissertation fails to reveal that gender was 

a predictor of online health information behaviors among older populations. The potential 

explanation for the inconsistent findings may lie in the substantial imbalance between the 

numbers of older women and older men in this dissertation study. Thus, additional research is 

needed to pay attention on gender differences in senior citizens' online health information 

behaviors and to use representative samples to clarify the association and reduce estimation 

error. Besides, another interpretation is that, in this dissertation, there were significant 

differences in education and income between older women and men, which have an 

important impact on the association between gender and older adults’ online health 

information behaviors.  

 

6.2.3 Health Status 

Previous research provided mixed results on the association between health condition 

and online health information acquisition behaviors. Similarly, this dissertation provided a 
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mixed interpretation. In line with Oh et al. (2018) and Ruppel (2016), this study’s results of 

regression analysis indicated no significant association between health status and online 

health information-seeking behavior and online health information-scanning behavior among 

older adults when controlling for age, gender, income, and education. The current SEM 

analysis, however, showed different results suggesting that health status was negatively 

related to online health information-scanning behavior among older Chinese social media 

users. A possible reason behind this result would be that income minimizes the predictive 

power of health status in the regression analysis. In terms of the relationship between health 

status and online health information-sharing behavior, the results of both regression and SEM 

analysis were echoes the research of Wang et al. (2020), finding that health status was not 

associated with older adults’ online health information-sharing behaviors on social media.  

 

6.2.4 Education 

In line with the past literature (Sheng & Simpson, 2015; Tennant et al., 2015), the 

results of the dissertation showed that education was positively associated with the use of 

social media to seek and share online health information among older adults. However, it was 

not a predictor of online health information-scanning behavior on social media among older 

adults. This finding was inconsistent with Ruppel’s (2016) and Kelly et al.’s (2010) studies. 

Ruppel (2016) found a positive association between education and scanning health 

information on the Internet among the general population. The first explanation for this 

would be older adults’ high health consciousness (Macias & McMillan, 2008), which leads 

them to pay more attention to health information (Chang, 2019). Another explanation lies in 

the features of social media: easy access and low cost (Zhang & Jung, 2019). Reports showed 

that 98.35% of WeChat users accessed health-care information from their private groups, 
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friends, and “official accounts” (Zhang et al., 2017a). Online health information scanning, the 

less active health information behavior, may not require a higher education background.  

 

6.2.5 Income 

Existing studies have found that income was not a significant predictor of using the 

Internet to seek (Sheng & Simpson, 2015) and share health information on social media sites 

(Wang et al., 2020b) among the older population. This dissertation supported these findings, 

showing that income was not associated with older adults’ online health information-seeking 

and -sharing behaviors on social media. However, the findings indicated that income was 

positively associated to online health information-scanning behavior among older adults. 

 

6.3 Personal Cognitive Factors and Online Health information Behaviors  

 

6.3.1 Efficacy, Outcome Expectancy and Online Health information Behaviors 

The proposed model in this dissertation study, drawing two personal cognitive factors 

from TMIM along with social relationship factors, was expected to offer a more 

comprehensive understanding of the predictors of online health information behaviors among 

the older population on social media. As TMIM posits, the current findings showed that 

outcome expectancy was positively associated with efficacy. Those who with positive 

evaluation of outcome expectancy toward online health information behaviors reported 

higher efficacy. These findings are consistent with TMIM, CMIS, and prior research (e.g., 

Chang et al., 2016; Kim et al., 2015a; Ou & Ho, 2022; Zhao et al., 2022). The results suggest 

that older Chinese adults with higher outcome expectancy tended to have higher perceived 

efficacy. Moreover, the dissertation examines the predictive role of efficacy on three online 

health information behaviors on social media among older adults. In line with past studies 
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(Chang et al., 2016; Mustika et al., 2022; Oh, 2016; Ou & Ho, 2022; Ruppel, 2016; Zhao et 

al., 2022), the present results indicated that older adults’ efficacy accounted for their online 

health information-seeking, -scanning, and -sharing behaviors.  

 

6.3.2 Mediation analysis 

In addition, this dissertation examines the mediating effect of efficacy between 

outcome expectancy and the three online health information behaviors. As TMIM posits, 

substantial evidence has proven the mediating effect of efficacy on the relationship between 

outcome expectancy and health information-seeking behavior (e.g., Afifi & Afifi, 2209; 

Hovick, 2014; Kuang & Gettings, 2020, Wong, 2014). This dissertation study not only 

echoes the previous studies that suggested an indirect effect between outcome expectancy and 

older adults’ online health information-seeking behavior through efficacy but also extends 

existing results to older adults’ online health information-sharing behavior. However, current 

results revealed that outcome expectancy was unable to exert an indirect effect on online 

health information-scanning behavior through efficacy. One possible reason behind this could 

be the difference between online health information-seeking and -scanning behaviors. 

Information seeking refers to searching information actively, whereas information scanning is 

conceptualized as a less active information acquisition behavior in which efficacy assessment 

may not play a central role. 

 

6.4 Social Relationship Factors and Online Health information Behaviors  

Prior research has noted the pivotal influence of social relationship factors, in 

particular, social capital and social support, on individuals’ health information behaviors. 

However, health communication research has paid little attention to the predictive power of 

social relationship factors on older adults’ online health information behaviors. This 
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dissertation bridges this research gap by adding social capital, social support, and health 

opinion leadership to examine older adults’ online health information-seeking, -scanning, and 

-sharing behaviors on social media. 

 

6.4.1 Social Capital and Online Health information Behaviors 

Our search begins with the association between social capital and older adults’ online 

health information-seeking, -scanning and -sharing behaviors. Current results showed that 

social capital was not associated with any of these online health information behaviors among 

the older population. These findings were not supported by past studies (Hovick et al., 2014b; 

Kim et al., 2015c; Wen, 2019; Zhou, 2019b). A possible explanation would be that health 

opinion leadership reduces the predictive power of social capital. The results of correlation 

analysis revealed that social capital was moderately and positively correlated with online 

health information seeking, scanning, and sharing (see Table 23). However, the association 

between social capital and online health information behaviors became nonsignificant after 

controlling for efficacy, outcome expectancy, social support, and health opinion leadership 

since health opinion leadership was highly and positively correlated with social capital (r 

= .72, p < .001). To take a closer look at the predictive effect of social capital on online health 

information behaviors among older adults, further studies may be needed that examine 

different dimensions of social capital and differentiate between online and offline social 

capital. 

 

6.4.2 Social Support and Online Health information Behaviors 

With regard to the association between social support and older adults’ online health 

information behaviors, the present study partly supported the proposed hypotheses. 

Interestingly, this dissertation offered empirical evidence showing that social support was a 
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significant predictor of older adults’ online health information-scanning behavior instead of 

online health information-seeking behavior, suggesting that older adults with a high level of 

social support would like to scan online health information on WeChat more frequently, as 

opposed to seeking online health information. The present findings are contrary to the past 

research (Kim, 2013; Kim et al., 2013; Kim et al., 2015b; McKinley & Wright, 2014; Yang et 

al., 2017), but they contribute to the current literature by linking social support and online 

health information-scanning behavior on social media. My interpretation of this finding is 

that WeChat users could access and scan more health information if they had more WeChat 

friends and a higher level of information and emotional social support as WeChat is a 

relationship-centric social platform (Chen, 2016), which allows users to access various health 

information from their private groups, friends, and subscribed official accounts (Zhang et al., 

2017a). Compared to information scanning, information seeking is a more goal-orientated 

information behavior, in which social support may not have such a direct effect on 

information-seeking behavior on social media. 

Unexpectedly, this dissertation did not support the hypothesis that social support was 

positively associated with online health information sharing among older adults. A plausible 

reason for this result would be that social support exerts an indirect effect on older adults’ 

online health information-sharing behavior as opposed to a direct effect. Previous studies 

have noted that social support has an indirect effect on information sharing through different 

moderators, such as trust (Zhou, 2019); self-efficacy (Yen, 2022), social influence factors 

(Zhou, 2021); and perceived benefits (Li et al., 2018). Based on this consideration, 

moderators may exist between social support and older adults’ online health information-

sharing behavior. Current findings suggest that further studies need to focus more attention 

on the moderators between social support and older adults’ online health information 

behaviors. 
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6.4.3 Health Opinion Leadership and Online Health information Behaviors 

There is limited knowledge pertaining to the relationship between health opinion 

leadership and online health information behaviors, although past studies have recognized the 

importance of opinion leaders among older adults when organizing community health 

programs and promoting health-behavior change (Boster et al., 2011; Shi & Salmon, 2018; 

Valente & Pumpuang, 2007). To address this research gap, this dissertation study examined 

how health-opinion leadership influences older adults’ online health information behaviors.  

The present statistical results showed that health opinion leadership was a positive 

predictor of online health information-scanning and online health information-sharing 

behaviors among older adults on social media. These findings are echoes previous studies 

(Boster et al., 2001; Hayashi et al., 2019). However, this dissertation fails to provide 

empirical support that health opinion leadership was associated with older adults’ online 

health information-seeking behavior. One possible explanation would be the differences 

between information-seeking behavior and information-scanning behavior. As stated, 

information-seeking behavior is a goal-driven information behavior. Specifically, the 

decision to perform the information-seeking behavior is mostly driven by preplanned 

questions (Ou & Ho, 2021). Although past studies indicated that several antecedents, such as 

psychological factors, sociocultural factors, and information carrier factors, contributed to 

predicting health information-seeking behavior, health opinion leadership may not play a 

prominent role. To conclude, health opinion leadership was a dominant predictor of older 

Chinese adults’ online health information-scanning and -sharing behaviors on social media 

among three proposed social relationship factors. 

 

6.5 Association Among Online Health Information Acquisition and -Sharing Behaviors 
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Information acquisition has been considered one of the antecedents of information 

sharing. However, little empirical research has explored the underlying mechanism linking 

information acquisition and information sharing (e.g., Chang et al., 2022; Liu et al., 2019; 

Savolainen, 2019). In the present dissertation, I seek to narrow the research gap by exploring 

the relationship between older adults’ online health information acquisition behavior and 

online health information-sharing behavior on social media. In line with the hypotheses, the 

research findings showed that online health information-seeking and -scanning behaviors 

accounted for older adults’ online health information-sharing behavior on social media. Older 

adults who seek or scan online health information on social media frequently would be more 

willing to share online health information. This is consistent with Liu et al.’s (2019) research 

finding that health information acquisition, including health information scanning and 

information seeking, are positively predicted health information-sharing behavior among 

older Chinese adults.  

 

6.6 Online Health information Behaviors and Health Outcomes  

Little has been learned regarding the relationship between older adults’ online health 

information behaviors on social media and related health outcomes. Guided by SIM, this 

dissertation contributes to the current literature by combining older adults’ online health 

information-seeking, -scanning, and -sharing behaviors on social media with health decision 

change. The results indicated that online health information acquisition and online health 

information sharing were positively associated with health decision change among older 

adults on social media. Older adults who were more likely to seek or scan health information 

on social media tended to change their health decisions based on the information they 

acquired from social media. These findings broadly support prior studies illustrating positive 

associations between health information behaviors and health outcomes (Bigsby & Hovick, 
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2018; Chen et al., 2018; Hayashi et al., 2019). In addition, this dissertation extends the scope 

of health outcomes to health decision change in the context of social media and set a basis for 

further studies. 

 

6.7 Theoretical Implications  

This dissertation has several theoretical contributions. Guided by SIM and TMIM, the 

study proposed an expanded model of SIM to explore the predictors and related health 

outcomes of older Chinese adults’ online health information behaviors on social media. A 

previous chapter reviewed 10 theories pertaining to health information behaviors and found 

that they focused mostly on individual or cognitive antecedents. This dissertation not only 

includes personal cognitive factors but also incorporates social relationship factors to offer a 

more comprehensive understanding of online health information behaviors among the older 

Chinese population. Specifically, the antecedents of older adults’ online health information-

seeking, -scanning, and -sharing behaviors encompass two personal cognitive factors—

efficacy and outcome expectancy—and three social relationship factors—social capital, 

social support, and health opinion leadership. Drawing on TMIM, this dissertation first tested 

the direct and indirect predictive power of outcome expectancy on older adults’ online health 

information behaviors through efficacy. Second, in addition to cognitive factors, this 

dissertation expands the understanding of older adults’ online health information behaviors 

from a social relationship perspective, examining three social relationship driving forces: 

social capital, social support, and health opinion leadership on online health information 

behaviors among older Chinese adults. Third, this dissertation paid equal attention to three 

types of online health information behaviors: online health information-seeking, -scanning 

and -sharing behaviors among older adults and explored the predictors of them. It offers a 

new insight into the underlying mechanism among online information behaviors among the 
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older population, suggesting that online health information-seeking and -scanning behaviors 

are positively associated with online health information-sharing behavior. Last, this 

dissertation contributes to the present literature by connecting online health information 

behavior with health outcome and health decision change. To conclude, this dissertation 

provides novel theoretical insights of understanding the antecedents and health outcomes of 

older Chinese adults’ online health information behaviors on social media from both personal 

cognitive and social relationship perspectives.  

 

6.8 Practical Implications 

Practical implications can be drawn from this study. First, the health opinion leaders 

among older adults play a crucial role in their cohort’s online health information behaviors. 

The majority of older adults aged 60 and above are out of the labor force due to retirement in 

China. As a result, some of them have a smaller social network and less social interaction 

than younger adults. So older adults tend to rely heavily on obtaining health information from 

their social network ties instead of the information from different media platforms. Past 

research found that female and younger older adults were associated with health opinion 

leadership (Hayashi et al., 2019). They not only seek health information for themselves but 

also for the people around them, especially their families. Thus, for public health campaigns, 

they could be identified as primary target audiences to recruit participants and spread the 

word.  

Second, the present study indicated that online health information behaviors have a 

direct effect on health decision change. Thus, it is crucial to offer more reliable and correct 

health information through social media, such as via WeChat public accounts, targeting older 

adults. Moreover, it would be helpful to improve older adults’ social media efficacy and 

media literacy to make sure that they can easily access reliable media platforms on social 
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media for locating health information. In particular, training older adults to effectively spot 

online health misinformation and disinformation is a necessity. A recent experimental study 

(Moore & Hancock, 2022) during the 2020 presidential election in the U.S. revealed that 

taking a digital media-literacy intervention improved older adults’ ability to accurately 

identify false news. Hence, community-based digital media-literacy training sessions should 

be organized for older adults.  

This study has not only set the theoretical basis for older adults’ online health 

information behaviors for further studies but has also contributed to an older adults’ digital 

media-literacy intervention. To attract more participants to join the current study, free public 

training lectures on “How to spot false online (health) information” were organized in 16 

community centers, senior university programs, and a nursing home in Ji’nan, Qingdao, 

Weihai, and Wei Fang in Shandong Province in mainland China from December 2021 to 

January 2022. The training focused heavily on WeChat, since it is the most popular social 

media among older adults in China. The training mainly adopted photos, videos, and cases to 

share tips and insights to help older adults to improve their ability to check the accuracy of 

online health information. 

Third, the findings of this dissertation showed that social support was a significant 

predictor of online health information-scanning behaviors among older adults. Therefore, it is 

pivotal to identify lonely and socially isolated older adults and improve their social support 

by inviting them to attend community activities and avail themselves of services for the 

elderly (Liu et al., 2019). Cudjoe et al. (2020) have identified the characteristics of socially 

isolated older adults as being those who are male, unmarried, the oldest of the elderly, with 

lower education status, and lower income. Public health professionals could get in touch with 

them and make an effort to improve their social support. 
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6.9 Limitations and Further Research 

This dissertation has some limitations. The primary limitation is the imbalanced data 

set. The Chinese population has a higher proportion of older women and the gaps in the sex 

ratio tends to widen with aging (Han et al., 2020). Therefore, in this dissertation, female 

participants in the paper-and-pencil survey overwhelmingly outnumbered male participants, 

thus leading to sampling bias. Survey participants were recruited through public lectures at 

community centers and senior universities. One possible explanation of the imbalanced data 

is that older women are more likely to be engaged in community-organized social activities 

than their male counterparts (Girgus et al., 2017). To reduce the bias, an additional online 

survey was performed. Nonetheless, the gender ratio of the final sample did not correspond 

exactly with that of the target population. Moreover, due to the recruiting strategy adopted for 

the study, the sample of older adults from each public lecture may have had similar education 

and income backgrounds. In sum, this dissertation neglected the samples of older men and 

those who were not engaged in social activities. Hence, the findings of this dissertation may 

not be generalizable. Future studies need to consider the sampling strategy of recruiting older 

adults to improve the generalizability. 

Second, the distinction among the age categories was not illustrated in this 

dissertation. A study has pointed out that significant differences in Internet access and 

Internet skills exist among the youngest-old, the middle-old, and the oldest-old (Hunsaker & 

Hargittai, 2018). So, it is reasonable to expect that some discrepancies among the different 

age groups may have arisen. Future research could test the differences on online health 

information behavior among the three age categories. In addition, limited attention has been 

given to the oldest-olds’ online health information behaviors. Zhao et al.’s (2022) review 

study advocated an investigation into online health information behaviors among old adults 
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aged 85 and above. Future research may consider skewing toward this isolated population 

and examining the related predictors and related outcomes. 

The third limitation of this dissertation study lies with the validity and reliability of 

the measurements. The questionnaire was first developed in English and then translated into 

Chinese. The Chinese drafts were revised based on participants’ feedback during the pilot 

study. To make sure the survey questions were easily understandable, I identified questions 

and obscure expressions that would not make sense to the older adults. Redundant 

translations and obscure expressions were removed, and simple, short, and direct sentences 

were adopted. However, I am still not quite sure whether the participants had difficulties in 

comprehending each question. Moreover, to keep the survey short and simple, some rating 

items were deleted. For example, the measures of efficacy were supposed to have nine items 

under the construct, but this was cut down to three questions. Future studies may pay 

attention to the validity and reliability of measurements when designing a survey for aging 

populations. 

Fourth, this dissertation did not consider other health outcomes except health decision 

change. It would be insightful for further studies to investigate more health outcomes of older 

adults’ online health information behaviors. Prior research has linked health information 

behaviors with various health outcomes. Such outcomes include cigarette smoking (Bigsby & 

Hovick, 2018; Hayashi et al., 2019), alcohol consumption (Bigsby & Hovick, 2018; Hayashi 

et al., 2019), dietary behaviors (Hayashi et al., 2019), exercise (Bigsby & Hovick, 2018; 

Hayashi et al., 2019), physical checkups (Hayashi et al., 2019), disease prevention behaviors 

(Kim & Jung, 2018), psychological well-being (Zhang, 2019), and dietary supplement usage 

(Limbu et al., 2020). Additionally, it will also be crucial for further research to examine the 

negative outcomes of online health information behaviors among olde population. For 
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example, information overload (Pang, 2021), social media fatigue (Pang, 2021), and fake 

news dissemination (Apuke & Omar, 2021).  

Fifth, although this study has painted a clear picture of the antecedents and health 

outcomes of older adults’ online health information behaviors, cultural factors could be 

integrated for an extension of the current proposed model. Extant studies have indicated that 

online-health information behaviors are affected by cultural characteristics. For example, Lin 

and Ho (2018) have investigated the effects of culture on online health information-seeking, -

scanning and -sharing behaviors on social media in Taiwan. They found that using social 

media for accessing and exchanging online health information was significantly predicted by 

three cultural factors: masculinity, collectivism, and uncertainty avoidance (Lin & Ho, 2018). 

A mixed-method study also provided empirical evidence, showing that orientation toward 

authority and relationship were significantly associated with online health information-

sharing behavior on social media (Wang et al., 2020b). Based on these previous studies, 

future research may consider comparing the differences of older adults’ online health 

information behaviors between individualistic and collectivist cultures (Liu et al., 2019). 

Last, the current study explored older adults’ online health information behaviors via 

a questionnaire survey, thus offering empirical evidence for associations among the variables. 

However, this method was unable to establish causal links among proposed theoretical 

variables. For example, guided by SIM, this study adopted social support as one antecedent 

of online health information behaviors. However, other studies showed that online health 

information-seeking led to an increase of perceived social support (e.g., Jiang & Street, 2017; 

Zhang et al., 2019). Nevertheless, this study offered a good basis for future studies for 

delving into the causal mechanism among the variables.  
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6.10 Conclusion 

Despite its limitations, this dissertation sheds light on the antecedents and related 

health outcomes of older adults’ online health information behaviors on social media in a 

Chinse context and paves the way for further research. In conclusion, this dissertation mainly 

examines online health information behaviors among older social media users through the 

lens of personal cognitive and social relationships. The current results not only revealed that 

older adults’ efficacy can account for their online health information-seeking and -sharing 

behaviors but also revealed the predictive contributions of social support and health opinion 

leadership on older adults’ online health information behaviors. Public health professionals 

and social workers may consider providing free community-based training courses on 

combating online misinformation and disinformation targeting older adults to improve their 

efficacy and identify socially isolated older adults and boost their social support by inviting 

them to attend community activities and take advantage of offered services. It is hoped that 

the findings of this dissertation will be helpful in offering insights for digital media literacy 

intervention among older adults as well as in contributing to further research of older adults’ 

online health information behaviors. 
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Appendices 

 
Appendix 1: Poster Templates of the Free Public Lectures, Cover of the Slides 
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Appendix 2: Handouts of the Free Public Lecture 
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 Appendix 3: the Incentives of the Survey Study                                                                         
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Appendix 4: 
1 9:00am, 8 Dec, 2021 Golden Time Health Nursing Home 

ၧِܖ聲๐ۓӾஞ 

2 9:00am, 9 Dec, 2021 Senior Citizens’ University of Huaiyin District, Ji’nan 

ၧܖ૱禬ផ豽聲ଙय़ 

3 9:00am, 10 Dec, 2021 Nanxinzhuang Community Center 

ၧܖ૱禬ផ豽ܖ蜢ଢӾᤋ Ԫ賳ԫ蹭疑ې蜢ଢᤋ螇ܖݩ70

 Ӿஞࢮ

4 9:00am, 14 Dec, 2021 Xiaoqing River North Road, Huaiyin District 

ၧܖ૱禬ផ豽ੜ竃မ玖᪠ 

5 9:00 am, 15 Dec, 
2021 

Shiliu River Subdistrict Office, Ji’nan 

ၧܖ૱Ӿ豽م܈᯾မᤋ螇ېԪ賳 

6 9:00am 16Dec, 2021 Social Work Service Center, Kuangshan Subdistrict, Ji’nan  

ၧܖ૱禬ផ豽۾ઊᤋ螇ᐒૡᒊ 

7 3:40 pm,16 Dec, 2021 Shandong Provincial Senior Citizens’ University, Ji’nan 

ઊӳ聲ଙय़Ḙᶗઊ໊豽玡蹭 409硽ਰ 

8 8:15am, 21 Dec, 2021 Senior Citizens’ University of Shizhong District, Ji’nan 

ၧܖ૱૱Ӿ豽聲ଙय़ 

ၧܖ૱૱Ӿ豽舣ᵜઊ᪠ 관۪ḅ蜰蹭ݩ38 2蹭 203硽

ਰ 

9 9:00am, 23 Dec, 2021 Wuyi Community Center, Fangcheng Subdistrict, Fangzi 
District, Weifang 

ᄝ૱ৼ豽उᤋ螇ԲӞᐒ豽ԫ蹭տᦓਰ 

10 9:00, 28 Dec, 2021 Congyuantang, Weihai 

শၹ૱辘聠豽რ璤 

11 9:00am, 30 Dec, 2021 Jiulongwan Community Center, Weihai 

শၹ૱Ԝ鞍軪ᐒ豽甛տၚۖਰ 

12 9:00 am, 31 Dec, 
2021 

Guang’an Community Center, Weihai 

শၹ૱ᳩ痷ଠਞᐒ豽ᖓݳ玕๐ۓӾஞԫ蹭տᦓਰ 

13 9:00 am, 5, Jan, 2022 Taoyuanju Community Center, Qingdao 

覇છ૱उᴡ豽໘რᐒ豽ၚۖӾஞ 

14 2:00 pm, 5, Jan, 2022 Rose Community Center, Qingdao 

覇છ૱उᴡ豽紉紸᯾ᐒ豽ၚۖӾஞ 

15 9:00am, 6 Jan, 2022 The Mixc Community Center, Weihai 

শၹ૱ᕪၧݎ豽ӡ虡उᐒ豽ၚۖӾஞ 

16 9:00 am, 7 Jan, 2022 Zhaibei Community Center, Weihai 

শၹ૱ṛᑀದݎ豽疚玖ᐒ豽տᦓਰ 
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Appendix 5: Photos of the Free Public Lectures 
 

 
 
 
 
 

 
 
 
  
 
 
 

 
 
23, December 2022, Meeting Room, Wuyi Community Center, Fangcheng sub-district, 
Fangzi District, Weifang, Shandong 

10 December 2022, Xin Nan Zhuang 
Community Activity Center, Ji’nan, 
Shandong 
 

15 December 2022, Sixteen River Residential 
District, Ji’nan, Shandong 
 
 

16, December 2022, Shandong Provincial 
Senior Citizens’ University, Ji’nan 
 

21, December 2022, Senior Citizens’ 
University of Shizhong District, Ji’nan, 
Shandong 
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5 January 2020, Taoyuanju Community Center, Qingdao, Shandong 
 

 
 
6 January 2022, The Mixc Community Center, Economic Develop District, Weihai, 
Shandong 
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Appendix 6: Questionnaire 
 

关于老年人使用微信获取健康养生信息的问卷调查 
 
香港浸会大学传理学院博士候选人李文舒邀您参加一项研究。该研究目的
在探讨老年人如何通过微信浏览，分享健康养生信息。 问卷填写大约需
要 15-20分钟。问卷所收集的资料不涉及个人隐私，并将绝对保密只作学
术用途。感谢您的支持。 
 
如对研究有任何查询，请与我联络（电话：13424226535 /电邮：18481809 
@life.hkbu.edu.hk /地址：香港九龙塘禧福道 5号香港浸会大学传理视艺大
楼 809）。如你想知道更多有关研究参与者的权益，请联络香港浸会大学
研究操守委员会 （电邮：hkbu_rec@hkbu.edu.hk地址：香港九龙塘香港浸
会大学研究院）。 

2021年 12月 
 

1. 请问您用微信吗？（1）是的 （2）否 （如不使用微信，问卷到此结束） 
2. 您每天用微信多长时间？ 
（1）1小时及以下（2）2小时 （3）3 小时 （4）4小时 （5）5小时及以
上 

3. 与同龄人相比，我比较知道怎么使用微信。 
（1）非常不同意 （2）不同意 （3）无意见（4）同意（5）非常同意 

4. 你经常在微信上评论其他人转发的信息？ 
（1）从不（2）很少 （3）有时 （4）经常（5）总是 

5. 你经常发朋友圈吗？ 
（1）从不（2）很少 （3）有时 （4）经常（5）总是 

6. 我能够在微信不同渠道，获取健康信息（如，微信群、好友、朋友圈、微
信公众号）。 
  （1）非常不同意 （2）不同意 （3）无意见（4）同意（5）非常同意 

7. 我有能力看得懂微信上的健康信息。 
   （1）非常不同意 （2）不同意 （3）无意见（4）同意（5）非常同意 

8. 微信提供了全面的健康信息。 
  （1）非常不同意 （2）不同意 （3）无意见（4）同意（5）非常同意 

9. 在微信上看到的健康养生信息，很有启发性。 
   （1）非常不同意 （2）不同意 （3）无意见（4）同意（5）非常同意 
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10. 在微信上看到的健康养生信息，非常有帮助。 
  （1）非常不同意 （2）不同意 （3）无意见（4）同意（5）非常同意 

11. 在微信上看到的健康养生信息，非常实用。 
  （1）非常不同意 （2）不同意 （3）无意见（4）同意（5）非常同意 

12. 在微信上分享健康养身信息给好友和群友，我将获得更多的认可和尊重。 
  （1）非常不同意 （2）不同意 （3）无意见（4）同意（5）非常同意 

13. 在微信上分享健康养身信息给好友和群友，他们会认为我值得信任。 
  （1）非常不同意 （2）不同意 （3）无意见（4）同意（5）非常同意 

14. 在微信上分享健康养身信息给好友和群友，我与他们的关系会变好。 
  （1）非常不同意 （2）不同意 （3）无意见（4）同意（5）非常同意 

15. 您有多少微信好友？ 
 （1）少于等于 50 （2）51-100 （3）101-200（4）201-300 （5）301个及
以上 

16. 您有多少个微信群组？ 
（1）少于等于 5个 （2）6-10个 （3）11-20个 （4）21-30个 （5）31个
及以上 

17. 在微信上，当我有需要时，会有好友帮我拿主意。。 
  （1）非常不同意 （2）不同意 （3）无意见（4）同意（5）非常同意 

18. 当我有健康问题时，微信好友会发相关信息帮我度过难关。 
 （1）非常不同意 （2）不同意 （3）无意见（4）同意（5）非常同意 

19. 当我遇到健康问题时，微信好友会乐意帮我查找问题的原因并提供帮助。 
（1）非常不同意 （2）不同意 （3）无意见（4）同意（5）非常同意 

20. 遇到健康问题时，有些微信好友会支持我。 
（1）非常不同意 （2）不同意 （3）无意见（4）同意（5）非常同意 

21. 遇到健康问题时，有些微信好友会安慰并鼓励我。 
（1）非常不同意 （2）不同意 （3）无意见（4）同意（5）非常同意 

22. 遇到健康问题时，有些微信好友会愿意听我分享个人感受。 
（1）非常不同意 （2）不同意 （3）无意见（4）同意（5）非常同意 

23. 我跟一些微信好友维系紧密的关系。 
（1）非常不同意 （2）不同意 （3）无意见（4）同意（5）非常同意 

24. 我会用很多时间与一些微信好友互动。 
（1）非常不同意 （2）不同意 （3）无意见（4）同意（5）非常同意 

25. 我经常与一些微信好友沟通。 
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（1）非常不同意 （2）不同意 （3）无意见（4）同意（5）非常同意 
26. 我认为我的微信好友总体上值得信任。 
（1）非常不同意 （2）不同意 （3）无意见（4）同意（5）非常同意 

27. 我对微信好友获取健康信息的能力很有信心。 
（1）非常不同意 （2）不同意 （3）无意见（4）同意（5）非常同意 

28. 在大多数情况，我的微信好友会乐于尽所能帮助其他人。 
（1）非常不同意 （2）不同意 （3）无意见（4）同意（5）非常同意 

29. 总体上来说，我的微信好友跟我有类似的兴趣。 
（1）非常不同意 （2）不同意 （3）无意见（4）同意（5）非常同意 

30. 总体上来说，我的微信好友跟我有相似的价值观。 
（1）非常不同意 （2）不同意 （3）无意见（4）同意（5）非常同意 

31. 总体上来说，我的微信好友跟我有相似的人生经历。 
（1）非常不同意 （2）不同意 （3）无意见（4）同意（5）非常同意 

32. 我经常连接不同朋友群体。 
（1）非常不同意 （2）不同意 （3）无意见（4）同意（5）非常同意 

33. 当我认为身边的两个人会觉得彼此有趣时，我会尝试介绍他们认识。 
（1）非常不同意 （2）不同意 （3）无意见（4）同意（5）非常同意 

34. 我认识的人通常因我而认识彼此。 
（1）非常不同意 （2）不同意 （3）无意见（4）同意（5）非常同意 

35. 我会用我的方法说服别人。 
（1）非常不同意 （2）不同意 （3）无意见（4）同意（5）非常同意 

36. 我可以毫不费力地从一个问题的多个角度来支持我的立场。 
（1）非常不同意 （2）不同意 （3）无意见（4）同意（5）非常同意 

37. 当讨论问题时，我能让其他人知道我的看法。 
（1）非常不同意 （2）不同意 （3）无意见（4）同意（5）非常同意 

38. 当遇到有关健康生活方式的信息时，我认为把它分享给其他人非常重要。 
（1）非常不同意 （2）不同意 （3）无意见（4）同意（5）非常同意 

39. 我喜欢了解最新的健康生活方式，必要时分享帮助他人。 
（1）非常不同意 （2）不同意 （3）无意见（4）同意（5）非常同意 

40. 当有人对健康生活方式有疑问时，他们会经常向我寻求帮助。 
（1）非常不同意 （2）不同意 （3）无意见（4）同意（5）非常同意 

41. 我主动用微信寻找关于保健常识的健康信息（例如，关于合理膳食，中医
保健，运动健身等方面保健常识）。 
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（1）从不（2）很少 （3）有时 （4）经常（5）总是 
42. 我主动用微信寻找各种疾病诊断及治疗的信息。 
（1）从不（2）很少 （3）有时 （4）经常（5）总是 

43. 我主动使用微信寻找关于药物的信息。 
（1）从不（2）很少 （3）有时 （4）经常（5）总是 

44. 当微信上有保健常识的健康信息时，我会留意去看（例如，关于合理膳
食，中医保健，运动健身等方面保健常识）。 
（1）从不（2）很少 （3）有时 （4）经常（5）总是 

45. 当微信上有各种疾病诊断及治疗的信息，我会留意去看。 
（1）从不（2）很少 （3）有时 （4）经常（5）总是 

46. 当微信上有关于药物的信息，我会留意去看。 
（1）从不（2）很少 （3）有时 （4）经常（5）总是 

47. 您多久在微信朋友圈分享一次有关健康的信息？ 
（1）从不（2）很少 （3）有时 （4）经常（5）总是 

48. 您多久会转发一次健康信息给朋友或群组？ 
（1）从不（2）很少 （3）有时 （4）经常（5）总是 

49. 你会回复或评论微信好友分享的健康信息？ 
（1）从不（2）很少 （3）有时 （4）经常（5）总是 

50. 您最近一次体检是什么时候？ 
（1）从未做过 （2）四年及四年前 （3）两至三年 （4）7-12个月内
（5）6个月内 

51. 您最近一次癌症筛查是什么时候（含任何癌症筛查检查）？ 
（1）从未做过 （2）四年及四年前 （3）两至三年 （4）7-12个月内
（5）6个月内 

52. 上一周，您平均每日吃几份水果？ 
（1）不吃 （2）一份 （3）两份 （4）三份 （5）四份及以上 

53. 上一周，您平均每日吃几份蔬菜？ 
（1）不吃 （2）一份 （3）两份 （4）三份 （5）四份及以上
  

54. 上一周，您有几天会做运动？ 
（1）0天 （2）1天 （3）2天 （4）3天（5）4天 （6）5天 （7）6天 
（8）7天 

55. 在微信上看到的健康信息，会影响您如何日常保健或治疗疾病。 



 220 

（1）从不（2）很少 （3）有时 （4）经常（5）总是 
56. 在微信上看到的健康信息，会影响您的某些饮食或运动习惯。 
（1）从不（2）很少 （3）有时 （4）经常（5）总是 

57. 在微信上看到的健康信息，会引导您在看病时跟医生提出新问题。 
（1）从不（2）很少 （3）有时 （4）经常（5）总是 

 
1. 年龄:________（周岁） 

2. 性别  

（1） 男性  （2）女性 
3. 您的当前婚姻状况 
（1）单身 （2）已婚 （3）丧偶 （4）离婚 

4. 请问您现在与谁同住？ 
（1）与家人同住 （2）单独居住 （3）居住在养老院 

5. 您的身体健康状况? 
（1） 目前患有疾病或有症状（包括目前正在接受治疗）  
（2） 曾经患病，现已治愈    
（3） 没有疾病 

6. 您的教育程度___  
（1） 小学及以下  （2） 中学  （3） 高中及技校  （4） 大学   （5） 研究
生以以上 

7. 您每月退休金为____     
（1） 没有退休金   （2） 少于 1000   （3） 1000-2000  （4） 2001-5000   
（5） 5001-7000      （6） 7001-10000  （7） 多于 1万 

8. 您的户口属于____  
（1） 城镇居民户口（2） 乡村居民户口 
 

*** 问卷到此结束，感谢您，敬祝平安喜乐*** 
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