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As internet access among older adults continues to increase, understanding how they 

engage with online health information has become increasingly important. This dissertation 

examines online health information-seeking (OHIS) among older adults who already use the 

internet, with particular attention to variation in their behaviors and intentions. Rather than 

focusing on access barriers, this study centers on differences in how older adults seek, evaluate, 

and use health information in an evolving digital environment. 

This research includes three main objectives. First, it examines whether meaningful 

differences exist in how older adults engage with online health information. Second, it develops 

and tests an integrated theoretical framework to explain OHIS intentions. Drawing on existing 

theoretical frameworks, the study synthesizes key constructs and incorporates additional 

constructs to better capture the influences on OHIS intentions. Third, it provides contextual 

insight into the digital environments in which OHIS occurs, including patterns of platform use 

and the types of health information sought. 



 

This dissertation employs a two-study design. A preliminary analysis using data from the 

Health Information National Trends Survey (HINTS 7) identifies patterns of OHIS behaviors 

among older adults with internet access. Building on these findings, a survey-based study tests 

the proposed model and examines relationships among key determinants of OHIS intentions. 

Key findings indicate that OHIS among older adults is influenced less by 

sociodemographic characteristics and more by digital capabilities and evaluative perceptions. 

Digital skills emerge as a key driver of OHIS behavior, while perceived usefulness and positive 

evaluations are the strongest predictors of OHIS intention. The results of both studies indicate a 

two-step process: among older adults, digital skills are necessary for participation OHIS, while 

perceived usefulness, positive evaluation, and trust-related perceptions ultimately determine their 

intention to seek health information online.  

By integrating multiple theoretical perspectives, this research advances understanding of 

OHIS among digitally connected older adults and provides practical implications for improving 

the accessibility and credibility of online health information. 
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  Chapter 1: Introduction 
1.1 Research Background 

The United States has experienced a significant increase in the population of individuals 

aged 65 and older since 2011, and this demographic shift is expected to continue, with 

projections indicating that nearly one in five Americans will belong to this age group by 2040 

(Caplan, 2023b). As this population grows, so does the need to address the unique health 

challenges associated with aging. Older adults are particularly vulnerable to a range of health 

issues, including an elevated risk of chronic conditions such as diabetes, osteoporosis, and 

Alzheimer’s disease, as well as functional limitations and cognitive decline (USDHHS, 2020). 

Moreover, they face a heightened likelihood of hospitalization for infectious diseases like 

pneumonia, which remains a leading cause of mortality among older individuals. 

Given the significant health risks faced by older adults, improving their health outcomes 

has become a critical public health priority. Healthy People 2030 emphasizes reducing the 

prevalence of chronic conditions, cognitive impairments, and other health challenges while 

enhancing the overall quality of life for this age group (USDHHS, 2020). Achieving these goals 

requires raising awareness of health issues specific to older adults and ensuring they have access 

to the resources necessary to address these challenges effectively. In this regard, the National 

Institute on Aging highlights the critical role of health communication in advancing public 

awareness, dispelling misconceptions, and fostering both individual and collective action 

(National Institute on Aging, 2020). Health communication encompasses a range of activities, 

including seeking, processing, and sharing health information, which empower individuals to 

navigate complex health systems, make informed decisions, and take proactive steps to manage 

their health (Schiavo, 2014). 
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A key aspect of health communication, online health information-seeking (OHIS), has 

been shown to influence various health-related outcomes. Lambert and Loiselle (2007) 

highlighted its positive impacts across cognitive, behavioral, physical, and affective domains. 

Cognitively, engaging in online health information-seeking enhances health-related knowledge, 

supports informed decision-making, strengthens perceptions of control, and improves coping 

mechanisms (Andreassen et al., 2007; Ichikawa et al., 2023; Theis et al., 2021). Behaviorally, it 

increases the likelihood of consulting with healthcare professionals, practicing self-care, 

adhering to treatment regimens, and adopting healthier habits (Di Novi et al., 2023; Tan & 

Goonawardene, 2017; Weaver et al., 2010). Physically, online health information-seeking 

behavior is associated with improved quality of life, as individuals gain the tools and confidence 

needed to manage their health and chronic conditions effectively (Nutakor et al., 2024; Xiong et 

al., 2021). From an affective perspective, prior research suggests that seeking health information 

can help reduce emotional distress when individuals access accurate information (Mason et al., 

2020). It can also foster hope and empowerment by providing individuals with a sense of control 

over their health decisions and outcomes (de Looper et al., 2021; Gray et al., 2005). In short, 

seeking health information online helps individuals better understand health concerns, take care 

of their health, alleviate emotional stress, and eventually improve their quality of life.  

However, these benefits are not experienced uniformly among older adults. While older 

adults are often discussed as a single demographic category in contrast to younger populations 

(e.g., Caprì et al., 2025; Reed et al., 2008; Weber et al., 2020), they are far from homogeneous. 

Individuals aged 65 and older vary substantially in their socioeconomic resources, physical 

health conditions, cognitive capacities, and psychological well-being (Burns et al., 2025; Jaul & 

Barron, 2017; Park et al., 2024). Regarding the use of digital health tools, some older adults 
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actively use search engines, patient portals, and social media to manage their health, whereas 

others rely primarily on traditional sources such as healthcare providers or printed materials 

(Choi et al., 2022). These differences suggest that variation in online health information-seeking 

exists not only between generations but also within the older adult population itself. 

These differences are also reflected in how older adults engage with online health 

information and the extent to which they benefit from it. Engaging with online health 

information can be complex and technically demanding, particularly given the rapid evolution of 

digital technologies that has transformed the health communication landscape (National Institute 

on Aging, 2020). For example, health literacy, defined as the capacity to locate, comprehend, and 

apply health information to make informed decisions (National Institutes of Health, 2021), plays 

a significant role in shaping participation in OHIS behaviors. Empirical studies show that 

individuals with higher health literacy and greater access to advanced technological devices are 

more likely to seek health information online (Lee et al., 2021; Niu et al., 2021; Xu et al., 2024), 

whereas those with lower health literacy often report difficulties navigating and evaluating online 

information (Manganello et al., 2017; Rao et al., 2021; Zakar et al., 2021).  

Several other factors influence older adults’ OHIS behavior. To name a few, the 

preference for familiar channels seems to make older adults less likely to seek health information 

online. A longitudinal study found that older adults predominantly depend on doctors, family 

members, or printed materials for health information rather than the internet (Flynn et al., 2006). 

Similarly, a study conducted during the COVID-19 pandemic found that older adults relied more 

on traditional media, such as television, while demonstrating greater hesitation in using the 

Internet to gather COVID-19-related information, especially when compared to younger adults 

(Skarpa & Garoufallou, 2021). Such preferences for familiar channels, offline sources, seem to 
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contribute to the digital divide in health information access among older populations. 

Meanwhile, there was a study suggesting that older adults turn to online resources when access 

to traditional healthcare is limited. A qualitative study found that while most participants 

regarded healthcare providers as the most reliable source of health information, financial 

constraints and restricted access to health insurance led some to rely on online resources instead 

(Choi, 2019). 

  The health conditions of older adults also seem to affect their search for health 

information online, although current scholarship shows mixed patterns. For example, a study on 

older adults in Poland found that those with chronic conditions or disabilities were less likely to 

use the Internet, and even those who did engage with it demonstrated lower levels of interaction 

with online health services (Duplaga, 2021). In contrast, a study examining older adults' online 

information-seeking behavior in China found that older adults used more social media to 

exchange healthcare suggestions with others who have similar health conditions and to share 

valuable health tips with their friends and family (Zhang et al., 2021). Additionally, Age-related 

physical and cognitive limitations, such as sensory impairments and memory loss, further hinder 

older adults’ ability to effectively engage with online health resources (Bachofner et al., 2024). 

In addition to an individual’s communication channel preference or health conditions, 

perceptions or attitudes toward emerging technology also affect their online health information-

seeking behavior. For instance, Zhao et al. (2022) identified negative perceptions of technology 

and limited digital literacy as key barriers that older adults face when using the Internet for 

health-related purposes. Trust in online health information also plays a role in shaping health 

information-seeking behaviors. In Miller et al. 's 2012 study, older adults who refrain from using 

the Internet for health purposes often exhibit a pronounced distrust of online information. 
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These factors discussed above collectively contribute to the challenges older adults face 

in navigating online health information. Still, there has been a limited comprehensive 

examination of the wide range of factors that facilitate or hinder online health information 

seeking among older adults, especially those already online. Instead, much of the existing 

research on OHIS behavior among older adults has focused on interventions designed to improve 

access and ability to retrieve information (e.g., Bachofner et al., 2024; Choi et al., 2019; Zhao et 

al., 2022). Building on this body of work, this dissertation examines the determinants of OHIS 

behaviors and intentions among older adults from a more integrated perspective. By considering 

psychological, social, instrumental, health-related, and other factors together, the study seeks to 

provide a more comprehensive understanding of how older adults engage with online health 

information environments. 

1.2 Research Purpose 

The focus of this dissertation is to investigate the factors that influence OHIS intentions 

among older adults who already have access to the internet. Although OHIS can enhance health 

knowledge, support informed decision-making, and have proactive health management 

(Andreassen et al., 2017; Ichikawa et al., 2023; Theis et al., 2021), older adults remain less 

engaged in these behaviors compared to younger populations (Hoogland et al., 2020; Nguyen et 

al., 2018). While this age-based comparison is informative, it risks treating older adults as a 

homogeneous group and overlooking meaningful variations within the older population itself.  

Existing research on older adults’ digital engagement has often emphasized differences in 

access to technology, such as the digital divide associated with socioeconomic status or race 

(e.g., Hong & Cho, 2017; Yoon et al., 2020). While these studies provide important insights into 

structural barriers, they pay less attention to how older adults who are already online differ in 

their engagement with health information. In other words, even after access barriers are reduced, 
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variation in how individuals seek and use digital health information may persist. This dissertation 

addresses that understudied dimension by shifting the analytical focus from digital access to 

digital engagement among older adults. 

Accordingly, this dissertation examines OHIS among older adults who use the internet, 

focusing on variation in their information-seeking behaviors and intentions. Specifically, it 

considers (a) the general tendency to seek health information online; (b) the types of online 

health information older adults seek, such as general health tips, illness or symptom information, 

and self-care guidance, and (b) the digital platforms they use to obtain that information, 

including traditional search engines, official health websites or patient portals, social media 

platforms, AI-integrated search engines, and AI chatbots. 

In summary, the purpose of this study is threefold. First, it examines whether behavioral 

differences exist among older adults in their use of online health information, even after basic 

barriers to internet access are overcome. This lens reframes the digital divide as not only a matter 

of connectivity but also a function of behavioral, psychological, and contextual factors that affect 

the depth and quality of online engagement.  

Second, this dissertation aims to identify the key determinants of older adults’ OHIS 

intentions. Although existing theories provide valuable insights, each is limited when considered 

alone and does not fully capture the complexity of OHIS in today’s digital environment. For 

example, the Health Belief Model (HBM) explains how health attitudes shape behavior but 

overlooks broader social and technological influences. Technology Acceptance Model (TAM 2) 

addresses cognitive and social aspects of technology use but does not sufficiently consider trust, 

ethics, or digital literacy barriers. Similarly, the Comprehensive Model of Information Seeking 

(CMIS) focuses on motivations and information patterns while underemphasizing structural 
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constraints and the growing role of digital platforms. Therefore, drawing on complementary 

insights from these frameworks, this study proposes an integrated model that synthesizes 

relevant constructs to better explain OHIS intentions among older adults.  

Third, this dissertation examines OHIS within today’s rapidly evolving digital landscape. 

It looks at how emerging digital tools, such as AI-powered search engines and conversational 

chatbots, shape older adults’ online health information-seeking intentions. As these technologies 

become increasingly prominent in health communication (Fu et al., 2025; Shi et al., 2025; Yun & 

Bickmore, 2025), it is essential to account for their influence. This study incorporates constructs 

such as perceived expertise and perceived competence to better reflect the changing dynamics of 

contemporary online health environments. 

1.3 Dissertation Overview 

This dissertation is structured as follows. Chapter 1 introduces the research background, 

identifies the gap in existing scholarship, and outlines the purpose of this study to investigate the 

determinants of OHIS intentions among older adults with existing internet access. The chapter 

also presents the significance of examining both individual and external influences in shaping 

OHIS behaviors, particularly in the context of emerging digital technologies.  

Chapter 2 provides a comprehensive review of literature relevant to this study, focusing 

on the concept of OHIS, the digital tools used to access health information, and the range of 

factors that influence OHIS behaviors among older adults. It also evaluates four major theoretical 

frameworks: HBM, TAM 2, and the CMIS, and discusses their strengths and limitations in 

explaining OHIS behaviors in a contemporary digital context. Based on this review, the chapter 

proposes an integrated conceptual model and outlines the research questions and hypotheses 

guiding this dissertation.  
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Chapter 3 presents a preliminary study using data from the Health Information National 

Trends Survey (HINTS) 7. This chapter examines patterns of OHIS behaviors and the digital 

tools older adults use to obtain health information. Using the HINTS 7 secondary dataset, 

Chapter 3 examines differences in how older adults with internet access engage with, evaluate, 

and use online health information, providing an empirical foundation for the main study. 

Chapter 4 is the start of the main study - the survey for OHIS intentions among digitally 

connected older adults. This chapter describes the methods for the main study, including the 

research design, sampling strategy, measurement of key constructs, and analytic procedures used 

to test the proposed theoretical model. 

Chapter 5 reports the results of the main study, presenting the statistical analyses used to 

examine the relationships among the constructs and evaluate the proposed hypotheses. 

Finally, Chapter 6 discusses the findings in relation to the existing literature and 

theoretical frameworks, highlights the study’s contributions to health communication and digital 

health research, and outlines the implications, limitations, and directions for future research.
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Chapter 2: Literature Review 

In this chapter, I review literature on online health information-seeking (OHIS) with a 

focus on older adults. I begin by discussing OHIS and the digital tools used to access health 

information. I then examine factors associated with OHIS behaviors, followed by barriers that 

shape access and use. Next, I review key theoretical frameworks relevant to OHIS. I conclude by 

proposing the research questions and hypotheses guiding the preliminary study and main study.  

2.1 Online Health Information Seeking (OHIS) Behavior  

 Health information includes content related to symptoms, diagnoses, treatments, and 

general wellness topics such as diet, weight management, and preventive care (Ghahramani & 

Wang, 2020; Jia et al., 2021). Health information seeking, a key aspect of health information 

behavior, refers to the process of accessing information from various sources to meet specific 

health needs (Ghahramani & Wang, 2020). Individuals may obtain such information through 

healthcare providers, printed materials, or online platforms. Among these sources, online health 

information seeking (OHIS) has become increasingly preferred due to its accessibility, breadth of 

information, convenience, affordability, interactivity, and anonymity (Chu et al., 2017; Jia et al., 

2021; Lagoe & Atkin, 2015). However, concerns about information quality, reliability, and 

overload may discourage some individuals from engaging with online health information (Jia et 

al., 2021; Soroya et al., 2021). 

Existing research highlights several benefits of OHIS. Accessing online health 

information can improve individuals’ understanding of health conditions and support informed 

decision-making (Andreassen et al., 2007; Ichikawa et al., 2023; Theis et al., 2021), encourage 

health-promoting behaviors (Di Novi et al., 2023; Tan & Goonawardene, 2017; Weaver et al., 

2010), and help reduce emotional distress while fostering a sense of control over health 
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outcomes (Mason et al., 2020; de Looper et al., 2021; Gray et al., 2005). Given these potential 

benefits, it is important to understand the factors that influence individuals’ engagement with 

online health information. 

OHIS encompasses a range of activities, including browsing general health websites, 

monitoring specific conditions, and actively searching for information via search engines 

(Ghahramani & Wang, 2020; Hung et al., 2008). More broadly, health information seeking can 

involve direct searching, passive exposure, and ongoing monitoring of information (Zimmerman 

& Shaw, 2020). In digital contexts, these behaviors may also include interactive engagement, 

such as participating in online support groups or communicating with healthcare providers 

through digital platforms (Lee et al., 2015). 

2.1.1 Digital Tools Used for OHIS       
 Digital technologies have become a primary means through which individuals access 

health information (Finney Rutten et al., 2019; Lee et al., 2021; Maon et al., 2017). A wide range 

of digital tools support online health information seeking (OHIS), including general search 

engines (e.g., Google, Microsoft Bing), health-specific websites (e.g., WebMD and government 

health portals), social media platforms, and emerging AI-enabled tools. These platforms differ in 

how health information is presented, accessed, and evaluated, shaping users’ health information-

seeking experiences. 

Search engines and health-specific websites remain among the most commonly used 

sources for obtaining health information online because they provide quick access to large 

amounts of medical content (Zhao & Zhang, 2017). Social media platforms additionally allow 

users to exchange experiences, seek peer support, and engage in health-related discussions 

(Dadaczynski et al., 2021; Jia et al., 2021; LaValley et al., 2017; Lee et al., 2022). More recently, 
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emerging technologies such as AI-integrated search tools and conversational systems have 

introduced new ways for users to interact with health information through personalized and 

natural language-based responses. 

Research suggests that users evaluate digital health information tools based on factors 

such as credibility, accessibility, usefulness, and ease of understanding. However, important 

concerns remain regarding the quality and reliability of online health information across 

platforms. For example, social media platforms may expose users to misleading or incomplete 

health content, and engagement metrics do not necessarily reflect information quality (Kim et al., 

2023; Neely et al., 2021; Tsao et al., 2021). In addition, the readability and accessibility of online 

health information may vary substantially across digital tools, potentially creating barriers for 

individuals with lower health literacy (Darien et al., 2023). 

Despite these challenges, digital tools continue to expand opportunities for accessing 

health information and engaging with health-related content. At the same time, differences across 

platforms may influence how individuals perceive and use online health information resources. 

Accordingly, the following section examines factors associated with engagement in OHIS. 

2.1.2 Factors influencing OHIS 

Given the benefits of OHIS, recent health communication research has examined various 

factors that motivate individuals to seek health information online. One common driver is the 

need to address health concerns and support health-related decision-making. For instance, health 

anxiety, defined as a persistent fear of illness or disease that often involves misinterpreting 

bodily symptoms as signs of serious illness (Jones et al., 2015), has been shown to increase 

individuals’ likelihood of seeking health information online (Lagoe & Atkin, 2015).  
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Situational information needs can also prompt online health information seeking. A 

systematic review by Kubb and Foran (2020) found that parents frequently search for online 

health information to manage their children’s health, prepare for medical visits, and follow up on 

unresolved concerns after appointments. Similarly, exposure to health-related websites has been 

associated with greater awareness of preventive care practices, such as routine medical checkups 

(Hills & Shah, 2020). Such findings suggest that online health information seeking is driven by a 

range of psychological and situational factors.  

Second, sociodemographic factors can influence OHIS behaviors. These factors include 

gender (Baumann et al., 2017; Jaafar et al., 2017; Pho et al., 2022), ethnicity (Finney Rutten et 

al., 2019; Gonzalez et al., 2016; Sherman et al., 2021), socioeconomic status (Nölke et al., 2015; 

Tennant et al., 2015), and geographic location (Hiebert et al., 2016; Park et al., 2021). For 

example, Jacob et al. (2017) found that older adults with lower internet skills and those 

identifying as Hispanic were less likely to seek health information online and instead relied more 

on traditional media sources such as print materials and magazines. Similarly, Fareed et al. 

(2021) reported that Black individuals expressed higher confidence in their ability to obtain 

health information and greater trust in a variety of information sources compared to White 

individuals.  

Structural factors may also influence OHIS behaviors. Limited consultation time with 

physicians and barriers to accessing professional healthcare services can prompt individuals to 

seek health information online (Chu et al., 2017). However, access to digital resources remains 

uneven. For instance, Lee et al. (2015) noted that individuals living in low socioeconomic areas 

often face financial barriers to internet access, which restrict their ability to search for health 

information online. These findings suggest that although online platforms can serve as 
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alternative sources of health information, differences in access, trust, and digital skills continue 

to shape how individuals engage with online health information. 

In addition to sociodemographic and structural influences, individual digital skills also 

play an important role in OHIS. In the health information context, these skills include the ability 

to effectively use digital tools to locate, interpret, and evaluate health-related information online 

(Tieu et al., 2025). Existing literature suggests that individuals’ health literacy (Gutierrez et al., 

2014; Hassan & Masoud, 2021; Pho et al., 2022; Tennant et al., 2015), internet experience 

(Lagoe & Atkin, 2015), and digital skills (Cao et al., 2016; Jacobs et al., 2017; Jiang & Liu, 

2020) are closely associated with their engagement in OHIS behaviors. In addition, internet 

efficacy, defined as “confidence in one's ability to successfully navigate online actions to achieve 

desired outcomes” (Jokisch et al., 2020, p. 2), has been shown to mediate the relationship 

between internet experience and health information seeking. Individuals with greater perceived 

internet experience tend to report higher confidence in their online abilities and are therefore 

more likely to seek health information online (Lagoe & Atkin, 2015). 

Beyond individual characteristics and skills, broader societal shifts toward digital 

information systems have also transformed how people obtain health information. As Hilbert 

(2020) notes, the rise of the digital age has marked a major transition from analog to digital 

systems for storing and accessing information. This shift has significantly influenced health 

information seeking, with many individuals now relying on the internet as a primary source. 

Research indicates that more than 76% of individuals use the internet to obtain health 

information (Bujnowska-Fedak et al., 2019), with usage increasing further during the COVID-19 

pandemic. Despite the growing reliance on online health information, however, its benefits are 

not experienced equally across all population groups. 
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While many recognize the advantages of online health information, such as improved 

accessibility (Nymberg et al., 2019), convenience (Zhang et al., 2021), and greater autonomy in 

health management (Czaja et al., 2009), not every member of society benefits from it. In 

particular, older adults are among the least likely groups to search for health- and disease-related 

information online, despite being the demographic most likely to experience chronic disease 

(Sheng & Simpson, 2015; Xie et al., 2020). Therefore, the current research focuses explicitly on 

OHIS behaviors among older adults. 

2.2 OHIS among Older Adults  

Prior research indicates that older adults engage with online health information 

differently from younger individuals. For example, a study of cancer patients found that older 

adults reported significantly lower digital health literacy than younger patients, making them less 

confident in their ability to locate and evaluate online health information. They were also less 

likely to perceive the internet as a valuable tool for health decision-making and showed lower 

motivation to seek online health resources (Hoogland et al., 2020). These differences reflect 

broader patterns in how younger and older adults approach health information. While younger 

adults often focus on gathering new information, particularly regarding diagnosis, older adults 

tend to emphasize active participation in health-related decision-making and frequently rely on 

accumulated knowledge and past experiences when making healthcare choices (Xie et al., 2014). 

Differences in technology use may also affect how older adults engage with digital health 

tools. For instance, research examining the impact of mode tailoring, which allows users to 

customize how they receive health information (e.g., text, visuals, or audiovisual formats), found 

that older adults did not benefit more from this feature than younger adults (Nguyen et al., 2018). 

The authors suggested that the novelty of such tools may initially limit older adults’ ability to 

fully utilize them, as older adults often require more time to adapt to new technologies. 
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Successfully navigating digital health information environments may also depend on a 

range of individual capabilities and contextual conditions. Engaging with OHIS requires both 

health-related knowledge and the ability to use digital technologies. These capabilities are often 

discussed in terms of health literacy, digital literacy, and digital health literacy, which 

collectively describe individuals’ ability to access, evaluate, and apply information in digital 

environments, particularly when seeking and using health information (Eshet-Alkalai, 2004; 

NIH, 2021; Xie et al., 2022; Yang et al., 2022). In addition to these literacy-related abilities, 

factors such as technological accessibility, cognitive abilities, socioeconomic status, and trust in 

online sources have also been shown to influence older adults’ engagement with digital health 

information (Miller et al., 2012; Park et al., 2021; Tennant et al., 2015; Zhao et al., 2022).  

At the same time, supportive environments may facilitate older adults’ engagement with 

online health information. Berkowsky and Czaja (2018) identified several barriers to OHIS 

among older adults, including physical limitations, cognitive decline, lower literacy levels, and 

negative attitudes toward technology. Conversely, Baik and Willems (2022) found that effective 

communication with healthcare providers is associated with more positive attitudes toward 

health information seeking and greater confidence in obtaining health information among older 

caregivers. Similarly, familiarity with digital health technologies can promote greater 

engagement with online health resources.  

Psychological and social factors may also play a role. For example, Ma et al. (2023) 

found that self-efficacy in information technology, awareness of technological innovations, 

professional support, and social support increase health awareness and perceived benefits of 

seeking health information online. Among these factors, social support from family members, 
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friends, and other non-experts are particularly important in encouraging older adults to engage 

with digital health resources. 

While prior research has identified various determinants of OHIS behaviors in general 

(e.g., Li & Zheng, 2022; Li et al., 2016; Mirzaei et al., 2021; Schmidt et al., 2021; Wang et al., 

2019) and some specifically related to older adults (e.g., Kong et al., 2021; Sheng & Simpson, 

2015; Wang & Kong, 2021; Xie et al., 2020; Zhang et al., 2021; Zhao et al., 2022), existing 

studies often examine these factors separately. Much of the literature has focused on instrumental 

determinants such as information quality, trustworthiness, and perceived usefulness (e.g., Kong 

et al., 2021; Sheng & Simpson, 2015; Wong et al., 2021), while other studies have considered 

psychological and social influences, including attitudes toward online health information seeking 

and social support (e.g., Ma et al., 2023; Zhang et al., 2021; Zhao et al., 2022). However, a 

comprehensive perspective that integrates individual, social, psychological, instrumental, health-

related, and other factors in explaining older adults’ OHIS behaviors remains limited. 

Furthermore, emerging technologies, such as conversational AI chatbots and AI-driven search 

engines, are rapidly transforming how health information is accessed, yet their implications for 

older adults’ information-seeking intentions and behaviors remain largely unexplored. 

2.2.1 Digital Divide and Health Information Seeking among Older Adults 

 The increasing reliance on digital technologies, including search engines, so  cial media 

platforms, and emerging tools such as AI chatbots, has transformed how health information is 

accessed and utilized. However, the ability to engage with these digital health resources depends 

on access to essential technological and informational infrastructures. Seeking and using online 

health information requires not only a stable internet connection and appropriate digital devices, 

but also the ability to navigate and interact with digital platforms effectively (Yao et al., 2022). 

As a result, differences in access to these resources may shape who is able to benefit from digital 
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health environments and how effectively individuals can interpret and apply health information. 

Individuals with limited digital access may face challenges in engaging with telehealth services, 

person-centered care, and other online medical resources, which may, in turn, influence their 

ability to make informed health decisions (Busse et al., 2022; Gallegos-Rejas et al., 2023; Yao et 

al., 2021).   

These challenges are commonly conceptualized as part of the digital divide, which refers 

to differences in access to and use of digital technologies (Soomro et al., 2020). Although 

advances in digital health technologies have expanded opportunities to access health information, 

not all populations appear to benefit equally due to uneven access to digital resources (Lawrence, 

2022). Factors such as internet availability, device ownership, and digital proficiency may play 

an important role in shaping who can fully engage with online health information and who faces 

constraints in doing so (Hall et al., 2015; Yao et al., 2021).  

To better understand the mechanisms underlying these differences, Van Dijk and Hacker 

(2003) proposed four dimensions of access that shape digital participation: mental access 

(motivation and confidence), material access (availability of devices and internet), skills access 

(digital competencies), and usage access (extent of meaningful engagement with digital 

activities). These dimensions suggest that differences in digital participation extend beyond 

infrastructure to include individuals’ abilities and willingness to engage with technology. This 

framework is particularly relevant for older adults. For example, Hall et al. (2015) found that 

older adults’ engagement with digital health resources appears to depend not only on access to 

the internet but also on their digital confidence, skills, and prior experience. Individuals with 

higher education and technological familiarity were more likely to seek health information 

online, whereas limited digital skills were associated with greater difficulty navigating and 
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evaluating online resources. These findings point to the importance of considering multiple 

dimensions of access when examining how individuals engage with digital health tools. 

 Empirical evidence further indicates that differences in digital access are closely linked to 

broader social and structural conditions. Tappen et al. (2022) found that older age, lower 

education levels, reduced income, and minority status were associated with lower levels of 

digital health information use. The COVID-19 pandemic further brought attention to these 

patterns. Eruchalu et al. (2021) showed that despite widespread broadband infrastructure in New 

York State, a substantial proportion - one third of households in New York City lacked home 

broadband subscriptions, disproportionately affecting low-income individuals, racial and ethnic 

minorities, older adults, and non-English-speaking populations. These conditions limited access 

to telehealth services and created additional challenges in obtaining care during the pandemic. 

Moreover, areas with limited broadband access experienced higher rates of COVID-19 infections 

and mortality, suggesting that differences in digital access may be associated with variation in 

health outcomes (Eruchalu et al., 2021; Tappen et al., 2022).  

 Beyond these well-documented patterns, recent research has identified emerging 

dimensions of the digital divide. Lythreatis et al. (2022) highlight factors such as differences in 

internet quality (e.g., speed, reliability, and cost), algorithmic awareness, and data-related 

considerations. Individuals who lack awareness of how algorithms filter and prioritize 

information may have limited exposure to diverse or credible health content, while differences in 

how data are collected and used may influence how individuals experience digital environments. 

Although these issues have been examined in broader digital contexts (Gran et al., 2020; 

Zarouali et al., 2021), their implications for older adults’ online health information-seeking 

(OHIS) behaviors are not yet well understood. 
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 Older adults are widely recognized as one of the populations most affected by these 

differences in digital access and participation. They often face challenges related to technology 

access, digital skills, and engagement with online environments (Eruchalu et al., 2021; Hall et 

al., 2015; Tappen et al., 2022; Tennant et al., 2015; Vassilakopoulou & Hustad, 2023). However, 

existing research has primarily focused on whether older adults have access to the internet, rather 

than how they engage with health information online once access is established (e.g., Alhussein 

et al., 2023; He et al., 2022; Hou et al., 2022; Robru et al., 2024; Yoon et al., 2020). As a result, 

less is known about how older adults who are already online assess, use, and navigate health 

information in digital contexts. 

 Among older adults with internet access, engagement with online health information may 

take different forms. Some individuals appear to actively seek out health information from 

multiple sources and evaluate the credibility of online content (e.g., Garcia Rayes et al., 2023; 

Stellefson et al., 2017), while others may rely on familiar platforms or limit their use of online 

health resources (e.g., Choi, 2020; Frishammar et al., 2023; Gavin, 2018). These patterns suggest 

that access alone may not fully explain how older adults engage with online health information. 

However, the extent to which such differences exist, and the factors associated with them remain 

insufficiently understood. 

Collectively, the issues discussed in this section highlight the need to move beyond a 

focus on digital access and examine variation in OHIS behaviors among older adults who are 

already online. A closer look is needed to understand how these differences manifest and what 

factors are associated with them. Accordingly, this study asks: 

RQ1: Among older adults with internet access, do differences exist in how they seek 

online health information? If so, what factors are associated with these differences?  
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2.3 Existing Theoretical Frameworks in Predicting OHIS 

 Understanding why and how older adults seek health information online requires a strong 

theoretical foundation. Various behavioral, sociological, and technology adoption models have 

been used to explain the factors influencing individuals’ OHIS behaviors. This section explores 

key theoretical frameworks that offer insights into the motivations, facilitators, barriers, and 

determinants of OHIS. Specifically, I will review the following three models: Health Belief 

Model (HBM), Technology Acceptance Model 2 (TAM2), and the Comprehensive Model of 

Information Seeking (CMIS). In addition to these theoretical perspectives, contextual factors 

such as socioeconomic conditions and access to resources are also considered, as they may shape 

individuals’ opportunities and engagement with online health information. 

2.3.1 Health Belief Model  

 The Health Belief Model (HBM) is a psychological framework that explores how 

individuals' perceptions of health conditions shape their behaviors. Initially developed in the 

1950s to help the United States Public Health Service understand why people often failed to 

adopt preventive measures or undergo screenings for asymptomatic diseases (Alyafei & Easton-

Carr, 2024), the model remains widely used in health behavior research today. The HBM 

suggests that individuals are more likely to take preventive action when they perceive themselves 

as susceptible to a health condition, understand the severity of its consequences, recognize the 

benefits of taking actions, and acknowledge barriers that may affect their ability to act. 

Additionally, cues to action, such as media messages or healthcare recommendations, and self-

efficacy, or an individual's confidence in their ability to take actions (Bandura, 1997), play a 

critical role in shaping health-related behaviors. 

Research has demonstrated the effectiveness of HBM in explaining health behaviors, 

particularly in the context of vaccination decision-making. Hossain et al. (2021) identified 
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perceived susceptibility, severity, benefits, and barriers as key determinants of vaccine hesitancy, 

showing that higher perceived susceptibility, severity, and benefits are associated with lower 

hesitancy, whereas more significant perceived barriers increase hesitancy. However, Kim et al. 

(2023) found a different role for perceived susceptibility, showing that individuals who believed 

they were at high risk of contracting Covid-19 were less likely to get vaccinated after 

encountering negative vaccine information online. Their study further emphasized that exposure 

to negative vaccine-related information increases hesitancy. Similarly, Zampetakis and Melas 

(2021) confirmed the importance of HBM constructs in shaping vaccination intentions, 

demonstrating that the HBM explained 59% of the variance in vaccination decisions. They also 

highlighted the role of individual differences, such as an acquiring resources mindset, in 

positively influencing vaccination intentions. 

Beyond vaccination, the HBM is instrumental in understanding health information-

seeking behaviors, as it explains how individuals’ beliefs drive their motivation to seek, process, 

and share health-related information. For instance, Shang et al. (2021) combined HBM with the 

Elaboration Likelihood Model (ELM) to investigate factors influencing older adults' intention to 

share health information on social media. Their study found that older adults who perceived 

themselves as more susceptible to health issues were more likely to share health information, 

while those who perceived health issues as more severe were less inclined to do so. Zhao et al. 

(2022) also applied HBM alongside Social Support Theory to examine how patients with chronic 

conditions seek health information online. Their findings revealed that perceived susceptibility 

and severity (perceptions of risk) and informational and emotional support (perceptions of 

benefits) significantly influence online health information-seeking (OHIS) behavior. Notably, 

critical health literacy was found to negatively moderate the relationship between perceived risk 
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and OHIS behaviors, meaning that patients with stronger health literacy skills were less likely to 

seek additional health information online, as they felt more confident in assessing available 

health resources.  

Building on the successful application of the HBM in previous studies, this framework 

offers a valuable lens for examining the issue within the current research context. Given that 

HBM has demonstrated how perceived susceptibility, severity, benefits, and barriers 

significantly shape health decisions (e.g., Hossin et al., 2021; Kim et al., 2023; Melas, 2021; 

Shang et al., 2021; Zhao et al., 2022), it can also offer insights into why and how older adults 

seek health information online. Furthermore, it can help uncover how older adults’ views on 

health risks and the seriousness of their conditions impact their motivation to engage with digital 

health information. Looking at perceived benefits, such as acquiring health knowledge, 

improving self-care, and increasing confidence, can highlight what drives older adults to use 

online health platforms. At the same time, identifying perceived barriers - including challenges 

related to digital health literacy, skepticism towards online health content, and concerns about 

misinformation - helps pinpoint the obstacles that may prevent them from effectively utilizing 

the health information. 

However, despite its strengths, the HBM has limitations in explaining health-related 

behaviors. Using the current research context - older adults’ OHIS behavior - as an example: 

HBM primarily focuses on individual perceptions of health risks and benefits, but does not 

account for social, cognitive, and technological factors that influence how older adults seek and 

use online health information. For example, social influences, such as recommendations from 

non-experts (e.g., family members, peers) and experts (e.g., healthcare professionals), can impact 

their information-seeking behaviors but are not explicitly included in the model. The HBM 
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assumes that individuals make rational decisions about their health based on how they assess 

risks and benefits. Still, it does not fully account for external factors influencing decision-

making, such as trust in the source and prior experience with digital tools. These factors may 

make some older adults hesitate or feel overwhelmed when navigating digital health information, 

even if they recognize a health risk. Furthermore, the model does not fully consider habitual 

behaviors, meaning that older adults may rely on long-established preferences for traditional 

health information sources such as printed materials or direct consultations, rather than adopting 

online resources. Given these limitations, while HBM offers a valuable framework for 

understanding why older adults seek health information online, it should be supplemented with 

other models incorporating other factors to provide a more comprehensive perspective.  

2.3.2 Technology Acceptance Model 2 

 Proposed by Davis (1989), the Technology Acceptance Model (TAM) highlights two key 

factors that determine whether individuals accept or reject a technology: perceived usefulness 

and perceived ease of use. Venkatesh and Davis (2000) later expanded this model with the 

Technology Acceptance Model 2 (TAM2), incorporating additional elements that shape 

technology adoption, specifically social influence and cognitive instrumental processes. Social 

influence includes factors such as subjective norms, voluntariness, and image (i.e., the perceived 

social status or prestige associated with using a technology). Meanwhile, cognitive instrumental 

processes account for job relevance, output quality, result demonstrability, and the existing TAM 

constructs of perceived usefulness and ease of use. By integrating these factors, TAM2 provides 

a more detailed model for understanding how external factors influence technology-related 

adoption and usage behaviors. 

 The TAM2 is a great tool for understanding health information-seeking behavior, 

particularly in the context of digital health tools and online platforms. Prior research has applied 
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TAM2 to examine factors influencing the adoption of health information technology (HIT) and 

individuals’ engagement with digital health resources. For instance, Ketikidis et al. (2012) 

analyzed health professionals’ acceptance of HIT systems using TAM2 and found that perceived 

ease of use, job relevance, and subjective norms significantly influenced HIT adoption, while 

perceived usefulness did not. This study highlighted the strong impact of social influences in 

shaping technology adoption within healthcare settings. Similarly, An and Lee (2018) applied 

TAM2 to investigate the factors driving individuals’ willingness to use mobile applications for 

mental health. Their findings revealed that both perceived usefulness and ease of use played 

essential roles in user engagement across multiple stages, including app subscription, 

information seeking, information sharing, and following recommendations.  

Additionally, subjective norms and perceived output quality influenced adoption 

intentions, further highlighting the importance of social and technological factors in digital 

health engagement. In another study, Wang et al. (2024) explored middle-aged adults’ 

acceptance of AI chatbots for health-related purposes using TAM2. Their study identified 

perceived ease of use, subjective norms, and user image as key determinants of chatbot adoption. 

Moreover, perceived usefulness emerged as a crucial mediator, indicating that increasing the 

perceived benefits and usability of AI chatbots could enhance their adoption as a tool for health 

information-seeking.  

Previous research has explored older adults' health information-seeking behaviors using 

TAM2 as a theoretical framework. Seo et al. (2017) examined how low-income African 

American older adults adopt and use technology to find health information. Their study found 

that while participants acknowledged the usefulness of technology, many faced usability 

challenges that hindered their adoption and engagement. These difficulties contributed to 
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skepticism toward digital health tools, making them less likely to rely on technology for their 

health-related needs. A systematic scoping review further analyzed studies on older adults' 

acceptance of digital health technologies for managing non-communicable diseases (NCDs) such 

as cardiovascular diseases, diabetes, hypertension, and cancers. The review found that TAM, 

TAM2, other extended versions of TAM, and the Unified Theory of Acceptance and Use of 

Technology (UTAUT) are the most commonly used frameworks for evaluating technology 

acceptance among this demographic (Anisha et al., 2025). Factors such as perceived usefulness, 

ease of use, social influence, and digital literacy were found to enhance adoption, while technical 

difficulties, usability issues, and privacy concerns acted as barriers. Moreover, the review 

identified a notable gap in research on AI-powered conversational agents for NCD management 

among older adults. This gap may be due to the lack of updates in existing models to fit new 

healthcare technologies, showing the need for more research on how older adults use AI-

integrated health tools.  

As indicated in existing literature, TAM2 provides a strong foundation for examining 

older adults’ health information-seeking behaviors. Factors related to technology perceptions, 

such as perceived ease of use and perceived usefulness, as well as social influences, are critical 

in understanding technology adoption. Yet, with the rise of AI-integrated search engines, 

chatbots, and other digital health innovations, traditional models like TAM2 may not fully 

capture how older adults interact with these emerging tools. The model primarily focuses on 

cognitive and social determinants of technology acceptance but does not explicitly account for 

trust in AI systems, ethical concerns, or digital literacy challenges, all of which are crucial in 

shaping how older adults use AI-integrated health platforms. On top of that, TAM2 assumes 

rational decision-making, which may not always align with how older adults process online 
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health information, especially when faced with algorithm-driven recommendations or automated 

responses. 

One limitation of TAM2 is that it does not fully account for how contemporary digital 

platforms increasingly shape information access and presentation. Unlike traditional information-

seeking environments, many online platforms now rely on algorithmic systems to organize, 

prioritize, and personalize health information. These processes may influence how users 

encounter and evaluate online health information, particularly among older adults who may vary 

in their familiarity with digital technologies. While features such as personalized 

recommendations and conversational search tools may reduce effort during information seeking, 

concerns related to credibility, reliability, and information quality may also emerge. As digital 

health environments continue to evolve, it is important to consider how platform characteristics 

and user perceptions jointly influence OHIS behaviors and intentions. 

By extending TAM2 within the context of contemporary digital health environments, this 

study seeks to provide a broader understanding of the factors associated with older adults’ OHIS 

intentions across different online platforms and technologies. 

2.3.3 Comprehensive Model of Information Seeking 

 The Comprehensive Model of Information Seeking (CMIS) is a theoretical framework 

that explains how and why people look for health-related information. Originally developed by 

Johnson and Meischke (1993), this model considers a mix of personal, social, and environmental 

factors that influence people’s decisions to seek out information. The process of information-

seeking was broken down into three parts. First, the antecedent factors - things like an 

individual’s background, past experiences, and health beliefs - shape their motivation to search 

for information. Next, information carrier factors come into play, which include characteristics 

of information sources (e.g., credibility, accessibility) and their utility (Johnson & Meischke, 
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1993; Van Stee & Yang, 2018). Finally, the model looks at the actual information-seeking 

behavior, including the specific steps they take, such as searching online, consulting doctors, or 

reaching out to friends and family for advice.  

 Previous studies have used CMIS to investigate the health information-seeking behaviors 

among people with different health conditions. For example, Xu et al. (2024) applied CMIS to 

study how periodontitis patients engage with health information. Their findings showed that age, 

self-efficacy, access to information, and satisfaction were important factors in health 

information-seeking. Older adults and those with low self-confidence, difficulty understanding 

health information, or dissatisfaction with available resources were less likely to seek out health 

information. Likewise, Zhang et al. (2020) used CMIS to examine how people with diabetes 

manage their condition and find health information. Their research found that patients mostly 

relied on doctors, nurses, and printed materials from hospitals and clinics for diabetes-related 

information. Additionally, those who experienced less emotional distress from diabetes tended to 

have better overall health, fewer worries, and stronger confidence in managing their condition.  

In the context of online cancer information seeking, Van Stee and Yang (2018) extended 

the CMIS by incorporating an additional variable: interest in online health information exchange 

with healthcare providers. Their findings suggested that SES, personal beliefs, and interest in 

online health information exchange were significant predictors of the perceived utility of online 

cancer information. Also, emotional factors like cancer-related worry can directly motivate 

individuals to seek information online. The study emphasized the need to consider a broad range 

of factors, including emotional responses and desire for interactive communication with 

healthcare providers, when examining health information-seeking behaviors.  
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While these studies demonstrate the value of CMIS in identifying key factors that 

influence health information-seeking behaviors across different patient populations, the model 

has some limitations. One major critique is its focus on individual-level factors, such as beliefs 

and motivations, without fully accounting for structural barriers, socioeconomic constraints, and 

institutional policies, which play a crucial role in shaping an individual's ability to access and use 

health information effectively (Johnson et al., 1995).  

Moreover, CMIS overlooks the influence of social networks, cultural factors, and 

interpersonal communication, all of which can significantly impact how and why people seek 

health information. Another key limitation is that CMIS was developed before the widespread 

adoption of digital health platforms and social media. As a result, it does not adequately reflect 

how individuals engage with online information, including the role of social media, 

telemedicine, and even AI-integrated health tools in shaping modern information-seeking 

behaviors. The model may need updates to incorporate the complexities of online health 

communication and evolving digital technologies to remain relevant in today's digital landscape. 

2.3.5 Gaps in Existing Theoretical Frameworks 

 While the Health Belief Model (HBM), Technology Acceptance Model 2 (TAM2), and 

the Comprehensive Model of Information Seeking (CMIS) provide important insights into online 

health information-seeking (OHIS), broader contextual conditions may also shape how 

individuals engage with digital health resources. In particular, socioeconomic factors such as 

education, income, and access to resources can influence individuals’ opportunities to access, 

evaluate, and use health information effectively (Emerson et al., 2018; McMaughan et al., 2020). 

For example, individuals with greater resources may be better positioned to navigate digital 

environments and assess information credibility, whereas those with fewer resources may face 

greater challenges in managing information overload or identifying reliable sources (Lin et al., 
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2022). While these factors are often acknowledged in prior research, they are not consistently 

incorporated into existing theoretical models of OHIS. 

 Despite the contributions of HBM, TAM2, and CMIS, several important limitations 

remain in their application to understanding how older adults engage with online health 

information in today’s technology-driven environment. First, these frameworks primarily 

emphasize individual-level factors, such as perceptions, attitudes, motivations, and cognitive 

evaluations, while giving comparatively less attention to broader contextual conditions that shape 

individuals’ opportunities to engage with online health information. As noted above, factors such 

as socioeconomic conditions and access to resources may influence how individuals navigate 

digital health environments, yet these influences are not systematically integrated into existing 

models. 

Second, these frameworks tend to capture specific dimensions of behavior rather than 

providing a fully integrated account of OHIS. For example, HBM focuses on health-related 

beliefs, TAM2 emphasizes technology acceptance and perceived usefulness, and CMIS centers 

on information-seeking processes. Each framework provides valuable insights, but none explains 

the interactive nature of multiple factors, including health status, technology perceptions, social 

pressures, contextual influence, and more, in determining an individual's use of online health 

information. 

Third, these models give limited attention to social and interpersonal influences. In 

practice, older adults often rely on both informal networks (e.g., family members and peers) and 

formal sources (e.g., healthcare professionals) when seeking health information (Chaudhuri et 

al., 2013; Flynn et al., 2006; Zhang et al., 2021). However, these social dynamics are not 
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consistently or explicitly incorporated across these frameworks, which may limit their ability to 

fully explain OHIS behaviors in real-world contexts. 

Finally, existing frameworks may not fully reflect the evolving nature of digital health 

environments. Many of these models were developed prior to the widespread use of social 

media, algorithm-driven search systems, and AI-enabled tools such as conversational agents. As 

a result, they do not fully account for factors such as trust in digital platforms, exposure to 

misinformation, or the role of literacy-related skills in shaping how individuals evaluate and use 

online health information. These considerations are particularly relevant for older adults, who 

may face additional challenges in adapting to rapidly changing digital environments. 

2.3.6 Proposed Integrated Theoretical Model of Online Information Seeking   

Based on the review of three theoretical frameworks: Health Belief Model (HBM), 

Technology Acceptance Model 2 (TAM2), and Comprehensive Model of Information Seeking 

(CMIS), I have organized the constructs, relevant to the current research context, into six 

categories: health motivational, social, psychological, instrumental, SES, and demographics (see 

Table 1). These categories are further classified into two levels of influence: individual factors 

and external factors. In addition to established constructs from the original frameworks, several 

relevant items, including perceived health status (e.g., Oh & Song, 2017; Wong & Cheung., 

2019), interest in health information (e.g., Kirk et al., 2025; Shen et al., 2024), and perceived 

competence (Arnone et al., 2009; Yu et al., 2023), based on existing literature, have also been 

incorporated into the six-category structure in the current research context.  
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Table 1. Categorization of Constructs for OHIS Intentions by Level and Factor Group 

Factor Group Level  Constructs 

Health Motivational Factors Individual  Perceived severity (HBM),  
Perceived susceptibility (HBM),   
Perceived health status,  
Interest in health information 

Social Factors External  Social Support,  
Support from Healthcare Professionals 

Psychological Factors Individual Attitude towards OHIS (TAM 2),  
Perceived social norms (TPB), 
Perceived benefits (HBM),  
Perceived cognitive barriers, 
Perceived digital navigation barriers 

Instrumental Factors External Perceived usefulness (TAM2),  
Perceived ease of use (TAM2),  
Perceived trustworthiness (CMIS), 
Perceived expertise (CMIS), 
Perceived competence 

SES Factors External Education, Income 

Other Demographic Factors Individual  Age, Gender, Race/Ethnicity 
Note. In this table, underlined variables represent newly introduced constructs incorporated into the proposed 
conceptual framework based on the literature review. For previously established variables, their original sources are 
indicated in parentheses. Socioeconomic status (SES) and other demographic factors are excluded from the 
classification of previously established versus novel variables. 

Building on this categorization, the following research question explores the extent to 

which individual and external factors are associated with older adults’ intentions to seek health 

information online.  

RQ2: How, if at all, are health motivational factors, social factors, psychological factors, 

instrumental factors, SES factors, and other demographic factors associated with OHIS 

intentions among older adults in the United States? 

2.4 Factors Influencing Older Adults’ OHIS 

To address RQ2, this section presents a focused review of the literature related to each of 

the six categories and posits hypotheses. By examining relevant constructs within each group, 
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this review aims to provide a comprehensive understanding of the factors that shape older adults’ 

OHIS intentions.   

2.4.1 Health motivational factors  

 Health motivation is a critical concept for understanding individuals’ engagement in 

health-related behaviors. Prior research defined health motivation as the inner drive or readiness 

people feel, based on their goals, that encourages them to take steps to engage in preventive 

health behaviors (Moorman & Matulich, 1993). Within this broader concept of health 

motivation, several constructs help explain how individuals assess their health needs and take 

actions accordingly. Two widely examined constructs, perceived susceptibility and perceived 

severity, can significantly shape their motivation to take preventive action. Perceived 

susceptibility (or vulnerability), refers to an individual’s perception of how likely they are to 

develop a particular disease or health condition, while perceived severity reflects beliefs about 

the seriousness of that condition - ranging from physical consequences like pain, disability, or 

death to social consequences such as disruptions to work, family, or relationship (Strecher & 

Rosenstock, 1997).  

Empirical studies have consistently shown that both perceived susceptibility and severity 

can serve as important predictors of health-promoting behavior (e.g., Fadaei et al., 2020; Kim et 

al., 2012; Nematzad et al., 2023). For instance, Kim et al. (2012) found that college students who 

felt more vulnerable to nutrition-related illnesses and believed in their severity were more likely 

to intend to eat healthier. Similarly, improving both constructs significantly enhanced 

adolescents' intentions and abilities to engage in drug abuse prevention behaviors (Fadaei et al., 

2020). In a study with hypertensive older adults, Nematzad et al. (2023) reported that individuals 

who recognized their risk of complications like stroke and understood the seriousness of 
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uncontrolled hypertension were more motivated to adopt self-care practices, such as taking 

medication, improving diet, and monitoring blood pressure. 

Beyond health-promoting behaviors, these constructs are also linked to health-preventive 

behaviors. For instance, Ali (2002) found that women’s engagement in coronary heart disease 

prevention was significantly shaped by their perceptions of susceptibility and the condition’s 

seriousness. Likewise, Tarkang and Zotor (2015) systematically reviewed the interventions on 

HIV prevention and concluded that interventions that addressed both susceptibility and severity 

were more effective in encouraging preventive action. In addition, a longitudinal study on Covid-

19 vaccine uptake revealed that young adults who felt personally at risk of infection and 

acknowledged the serious consequences of the disease, such as long-term effects or disruptions 

to daily life, were more likely to get vaccinated over a six-month period (Xu et al., 2025). 

Building on the existing literature, this study assumes that perceived susceptibility and 

perceived severity are likely to play a meaningful role in shaping older adults’ intentions to seek 

health information online. As the internet increasingly serves as a primary source for health-

related content (Finny Rutten et al., 2019; Lee et al., 2021; Maon et al., 2017), older adults who 

perceive themselves to be at risk for certain health conditions (susceptibility) or recognize the 

potential consequences of those conditions as significant (severity) may be more inclined to 

search for relevant health information to better manage or prevent illness. Therefore, I posit the 

first hypothesis: Health motivation factors are positively related to older adults’ intentions to 

seek online health information. Specifically, 

H1a: Perceived susceptibility increases older adults’ intentions to seek online health 

information. 
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H1b: Perceived severity increases older adults’ intentions to seek online health 

information. 

 Two additional factors, perceived health status and interest in health information, are not 

explicitly addressed in existing theoretical frameworks but are likely to influence older adults’ 

health information-seeking intentions. Perceived health status refers to an individual’s 

subjective evaluation of their overall health, including physical, mental, and emotional well-

being (Wilson & Cleary, 1995). While it is self-reported, perceived health status has consistently 

been strongly associated with actual health outcomes and behaviors (e.g., Haddock et al., 2006; 

Lin et al., 2023; Olapeju et al., 2023). Among older adults, this perception is particularly 

important due to its influence on health-related behaviors, including information seeking. Studies 

have shown that adults aged 65 and older, especially women and racial or ethnic minority 

populations, are more likely to report poor self-rated health (Escalera et al., 2022). However, 

there is often a disconnect between perceived and objective health in this population. Research 

has found that older adults, individuals with higher socioeconomic status, and minority groups 

are more likely to have health perceptions that differ from clinical evaluations (Ely et al., 2011; 

Loprinzi, 2015). 

The discrepancies between perceived and objective health are common in this population, 

often shaped by psychological and social influences. For instance, some older adults may 

interpret symptoms as part of the normal aging process (Pavlou et al., 2008), leading to 

underestimation of health concerns (Cockerham et al., 1983). Others may downplay poor health 

as a coping strategy to maintain autonomy or avoid burdening family members (Langmann, 

2023). While such interpretations may mask the need for clinical intervention, they can also 
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contribute to feelings of uncertainty or vulnerability, especially when symptoms persist without 

resolution. 

This sense of vulnerability may act as a psychological trigger for health information-

seeking behavior. When older adults perceive their health as poor, they may feel a greater need 

to regain control or reduce anxiety by independently accessing health information (Garcia Reyes 

et al., 2023. In such cases, online health resources can serve as convenient and private tools for 

reassurance, decision-making, or self-management. On the other hand, individuals who perceive 

their health as good may feel less compelled to seek additional information, as they do not view 

themselves as at risk. 

From a theoretical standpoint, the Risk Information Seeking and Processing (RISP) 

model (Griffin et al., 1999) supports this interpretation. The model posits that individuals who 

perceive themselves as vulnerable are more likely to experience information insufficiency. This 

insufficiency motivates information-seeking behavior to close that gap. In this context, the 

perceived health status may serve as a risk indicator that can either stimulate or reduce the 

motivation to search for health information online. 

Although perceived health status is not a central construct in widely used theoretical 

models of OHIS, such as the Health Belief Model (HBM) or the Technology Acceptance Model 

(TAM), empirical research consistently shows that it plays a meaningful role in shaping 

individuals' health information-seeking behavior. For example, Shim (2008) found that 

individuals with lower perceived health status were more likely to spend time searching for 

health-related information online. Building on this, Oh and Song (2017) reported that those with 

poor self-rated health and high levels of psychological distress actively sought online health 

information as a coping mechanism to manage both physical concerns and emotional discomfort. 
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Similarly, Wang and Cheung (2019) identified self-rated poor or fair health status, the presence 

of chronic conditions, frequent internet use, and higher levels of eHealth literacy as significant 

predictors of online health information-seeking behaviors. 

These findings suggest that perceived health status may serve as a motivational factor in 

online health information-seeking, particularly among older adults. Accordingly, the following 

hypothesis is proposed: 

H1c: Perceived health status decreases older adults’ intentions to seek online health 

information. 

Interest in health information refers to an individual's personal curiosity, attentiveness, 

or desire to learn more about health-related topics. While not commonly emphasized in 

traditional health behavior models, interest has been consistently recognized in the fields of 

information science and interactive information retrieval as a critical motivational driver of 

information-seeking behavior (Eschmann et al., 2023; Grasso, 2014; Kirk et al., 2025; 

Savolainen, 2008; Shen et al., 2024; Sinnamon et al., 2021). Specifically, interest influences both 

the initiation and the depth of engagement during information searches.   

Sinnamon et al. (2021) conceptualize interest as a cognitive-emotional state that not only 

activates motivation but also promotes persistence, deeper engagement, and satisfaction during 

the information search process. They distinguish among three forms of interest: individual 

interest (long-term, personally meaningful), state interest (temporary and situation-specific), and 

situational interest (triggered by environmental features such as novelty or interactivity). Among 

these, individual interest is most relevant to sustained health-related information seeking, as it 

drives ongoing and goal-directed engagement over time. 
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This conceptualization aligns with Savolainen’s (2008) broader motivational framework, 

which differentiates between autonomous motivation, such as curiosity and personal interest, and 

controlled motivation, driven by external demands or obligations. Findings revealed that 

information seeking driven by autonomous motivation is perceived as more meaningful and 

enjoyable, whereas information seeking under pressure is experienced as stressful and less 

effective. Grasso (2014) similarly found that health-related information-seeking is frequently 

motivated by intrinsic curiosity, particularly when the health concern is perceived as personally 

relevant.  

Recent empirical studies further reinforce the role of interest and curiosity in digital 

health contexts. For instance, Eschmann et al. (2023) demonstrated that curiosity, rather than 

anxiety, was the primary predictor of engagement with Covid-19-related health information. 

Likewise, Kirk et al. (2025) found that students with greater interest in COVID-19 topics 

exhibited more persistent and effortful information-seeking behaviors. Shen et al. (2024) 

extended these findings by showing that personal interest significantly shaped health information 

engagement during the pandemic, even in contexts marked by uncertainty and emotional stress.  

In the context of the current study, which focuses on older adults, interest in health 

information most closely corresponds to the concept of individual interest - a stable, personally 

relevant inclination toward seeking health-related content. Older adults with a higher interest in 

health information may be more proactive in looking up symptoms, treatments, or preventive 

care online, especially when they perceive information as relevant to maintaining or improving 

their well-being. On the other hand, those with low interest may be less inclined to engage with 

online resources, even when information is easily accessible. As such, individual interest may 
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play an important role not only in determining whether older adults seek health information 

online but also in how actively and consistently they engage with it. 

 H1d: Interest in health information increases older adults’ intentions to seek online health 

information. 

2.4.2 Social factors  

 Humans have always relied on social connections - not only to survive, but also to 

support healthy development across cognitive, emotional, hormonal, and immune systems (de 

Figueiredo et al., 2021). These deep-rooted social needs help explain why the social 

environments surrounding individuals consistently influence human behavior and decision-

making. Social factors, such as conditions, structures, and relationships that people are part of, 

can shape how they form attitudes, make choices, and act in daily life. In health contexts 

specifically, factors like social support and support from healthcare professionals help shape how 

individuals seek information, evaluate options, and make decisions about their health.  

 Social support, by definition, is a multidimensional concept encompassing various forms 

of assistance an individual receives from their social networks (Wills, 1991). This support can be 

categorized into different types, including emotional support, instrumental support, informational 

support, and appraisal support. Building on this, perceived social support refers to an 

individual’s view of care, protection, and emotional connection within their relationships with 

family, friends, and peers, which gives them a sense of social belonging and reassurance (Zimet 

et al., 1988). 

Previous studies have shown that social support has a significant influence on 

individuals’ health behaviors and outcomes (Uchino, 2006; Uchino, 2009). It has been associated 

with reduced morbidity and mortality (Wang et al., 2024), better self-management of chronic 

conditions (Lin & Kishore, 2021), improved mental health and well-being (Schug et al., 2021), 
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and increased engagement in physical activity (McDonough et al., 2021). Beyond these direct 

health benefits, social support can also influence how individuals seek, interpret, and act on 

health information. For instance, Zhao et al. (2022) found that informational support, such as 

advice, guidance, and shared resources, can enhance perceived benefits of online health 

information seeking (OHIS), making individuals more likely to engage in it. Similarly, emotional 

support, through empathy, encouragement, and reassurance, boosts individuals’ confidence and 

motivation to search for health information online. Among older patients with coronary heart 

disease, social support, including emotional and informational support, has been found to 

directly enhance OHIS behavior and indirectly do so by improving self-efficacy (Zhu et al., 

2023). McKinley and Wright (2014) demonstrated that OHIS mediates the relationship between 

informational support and healthy eating intentions, highlighting that such support not only 

encourages information seeking but also strengthens the translation of that information into 

positive health behaviors. 

Based on findings from existing studies (e.g., Zhao et al., 2022; Zhu et al., 2023), the 

current project assumes that feeling supported by others is especially important for older adults 

when they seek and interact with health information across digital platforms. As they face age-

related health issues and may struggle with using digital tools, having emotional or practical 

support can make a big difference. Support from family, friends, and peers can potentially boost 

their confidence, ease their uncertainty, and encourage them to search for health information 

online more often. The assumption is that older adults’ perceived social support not only 

facilitates their access to health information but also shapes how they interpret and apply that 

information in their decision-making.  
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Another dimension of support centers around healthcare professionals. Numerous studies 

have shown that older adults are especially likely to seek advice from these professionals (e.g., 

Chaudhuri et al., 2013; Flynn et al., 2006; Oh & Lim, 2021; Turner et al., 2018; Zhang et al., 

2021). Turner et al. (2018) highlighted that this preference is largely driven by trust in the 

healthcare professionals' expertise, the value placed on personal connection, and the opportunity 

for two-way communication.  

However, while healthcare professionals remain highly trusted, they are not always 

accessible, especially between appointments. A study by Medlock et al. (2015) focusing on older 

adults who regularly use the Internet found that while healthcare professionals remain the most 

trusted and frequently used source of health information, they are not always readily accessible. 

As a result, the Internet becomes the preferred option when older adults need immediate 

information, particularly between medical visits.  

The type of information sought also differs by source: older adults tend to use the Internet 

to search for symptoms, prognosis, and treatment options, whereas they rely on healthcare 

professionals for more specific guidance, such as medication use, side effects, caregiving 

strategies, and advice on nutrition and exercise (Medlock et al., 2015). This pattern suggests that 

support from healthcare professionals extends beyond simply providing medical facts; it also 

meets psychological and communication needs that contribute to a more holistic sense of 

support. Therefore, in the current research context, support from healthcare professionals 

refers not only to the provision of accurate health information but also to personalized guidance 

and meaningful two-way communication that fosters trust and understanding.  

Although prior research has demonstrated that professional support can improve health 

awareness and promote information-seeking behavior (Ma et al., 2023), less is known about the 
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specific ways in which such support influences older adults' intentions to seek health information 

online. To address this gap, the current study examines the role of both informal and formal 

social support in shaping OHIS intentions among older adults. In particular, it considers how 

perceived support from family, friends, peers, and healthcare professionals may contribute to 

older adults’ intention to engage in online health information seeking. Taken together, the second 

set of hypotheses is proposed as follows: 

H2: Social factors are positively related to older adults’ intentions to seek online health 

information. Specifically,  

H2a: Perceived social support increases older adults’ intentions to seek online health 

information. 

H2b: Support from healthcare professionals increases older adults’ intentions to seek 

online health information. 

2.4.3 Psychological factors   

 Understanding why individuals choose to engage in certain behaviors often involves 

examining the psychological factors that shape their intentions. These factors include how people 

evaluate the behavior itself, how they perceive social expectations, and how they weigh potential 

advantages and disadvantages. Psychological frameworks such as the Theory of Planned 

Behavior (TPB) the Health Belief Model (HBM) suggest that behavior is typically shaped by 

intentional and reflective thinking. Within these models, constructs such as attitudes, beliefs, and 

perceptions influence whether a person feels motivated to act. 

 Among various psychological constructs, attitude towards the behavior is often regarded 

as one of the most influential predictors of behavioral intentions (Ajzen & Fishbein, 1977). 

Attitudes are considered as an individual’s overall judgment or evaluation of an object of thought 

(Bohner & Wänke, 2011), typically described as either favorable or unfavorable in nature (Eagly 
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& Chaiken, 1993). Rosenberg and Hovland (1960) conceptualized attitudes as comprising three 

components: the affective component, which reflects emotional responses; the behavioral 

component, referring to the tendency to act in certain ways; and the cognitive component, 

involving beliefs and knowledge related to the attitude object.  

 Building upon the Theory of Planned Behavior (TPB), attitudes in the health context 

refer to an individual’s evaluation of a specific health-related behavior - whether they view it 

positively or negatively. Research across various health contexts has consistently shown that 

attitudes toward health behavior are significantly associated with health-related intentions. For 

example, a meta-analysis by Sheeran et al. (2016) reviewed 204 experimental studies examining 

health interventions targeting psychological constructs such as attitudes, norms, and self-

efficacy. The analysis found that positive changes in attitudes were associated with significant 

increases in individuals’ intentions to engage in a range of health behaviors, including 

prevention, risk reduction, and treatment adherence.  

Similar findings have emerged in the context of COVID-19. Attitudes toward vaccines, 

particularly concerns about safety, effectiveness, and trust in pharmaceutical sources, were found 

to significantly predict individuals’ intentions to receive the vaccine (Paul et al., 2021; Gill et al., 

2022). Negative attitudes, such as mistrust and skepticism, were closely linked to lower 

willingness to get vaccinated. In cancer prevention research, attitudes have also consistently 

emerged as a key determinant of intentions to engage in preventive actions (e.g., Bhandari et al., 

2021; Shubayr et al., 2021; Özdemir et al., 2023). 

In the current research context, attitudes are examined in relation to older adults’ 

intention to seek health information online. Specifically, attitudes refer to older adults’ overall 

evaluation of seeking health information online, whether they view this behavior positively or 
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negatively. The assumption is that older adults with more favorable attitudes toward online 

health information seeking (OHIS) will be more likely to intend to engage in it, while those with 

negative attitudes may be less inclined to do so. 

In addition to attitudes, subjective norms are also considered as a key psychological 

factor that influences behavioral intentions (Ajzen, 1991). Subjective norms describe individuals’ 

perceptions of whether significant others believe they should or should not engage in a particular 

behavior (Ajzen, 1991). These “significant others” may include family members, friends, peers, 

and caregivers - people who those individuals are close to and whose opinions they value and 

may be motivated to follow. The influence of subjective norms depends not only on the 

perceived expectations of others but also on the individuals’ willingness to comply with those 

expectations.  

Empirical research has demonstrated that subjective norms can influence behavioral 

intentions across a range of contexts. For example, during the COVID-19 pandemic, individuals 

who believed that significant others expected them to follow preventive measures were more 

likely to intend to comply with health protocols (Jandawapee et al., 2022). Similarly, in a study 

of women diagnosed with low-risk HPV, subjective norms were shown to influence health 

behavior at different stages (Yarmohammadi et al., 2021). Before an educational intervention on 

HPV-related health behaviors, subjective norms had a moderate impact on participants’ 

intentions to engage in health-promoting actions. Following the intervention, which provided 

more comprehensive information and support, the influence of subjective norms on behavioral 

intention increased significantly. Moreover, behavioral intention partially mediated the 

relationship between subjective norms and actual health behaviors, suggesting both direct and 

indirect impacts. 
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Yet, subjective norms are not universally predictive of behavioral intentions. In the 

context of organic food consumption, Hasan and Suciarto (2020) found that subjective norms did 

not significantly influence individuals’ purchase intentions. They argued that external social 

pressure may have a limited impact when it is not aligned with personal beliefs or perceived 

behavioral control, highlighting the limits of subjective norms when internal motivation is 

lacking. To address inconsistencies like this, scholars have emphasized the need to distinguish 

between different types of normative influence (e.g., Cialdini et al., 1990). Xu et al. (2022) added 

empirical support by separately measuring injunctive norms (perceptions of what others 

approve or disapprove of), typically associated with subjective norms, and descriptive norms 

(perceptions of what others actually do). Their findings showed that descriptive norms had a 

stronger influence on green product purchasing intentions than injunctive norms. This 

differentiation underscores the importance of greater conceptual precision when studying social 

norms. When studies fail to account for the different types of normative influence, they may 

underestimate the true impact of subjective norms on behavioral intentions (Kim et al., 2019). 

In the context of health information-seeking online among older adults, perceived social 

norms refer to older adults’ beliefs about whether important others approve of them seeking 

health information online and whether those others engage in the behavior themselves. This 

includes both injunctive norms, such as perceived encouragement or disapproval from others, 

and descriptive norms, such as observing peers or loved ones using digital platforms for health 

purposes. The assumption is that when older adults perceive people's approval of such behavior 

or observe that others around them commonly engage in OHIS, they may be more motivated to 

adopt similar behaviors. On the other hand, if they sense disapproval or rarely observe others in 

their social circles using digital health resources, they may be less inclined to form the intention 
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to seek health information online. By examining both types of norms, this study seeks to gain a 

more nuanced understanding of how social influence shapes OHIS intentions among older 

adults. 

To summarize, the psychological factors reviewed above are expected to influence how 

older adults form intentions to seek health information online. Thus, the following hypotheses 

are proposed:  

H3: Psychological factors are positively related to older adults’ intentions to seek online 

health information. Specifically,  

H3a: Favorable attitudes toward OHIS behaviors increase older adults’ intentions to seek 

online health information. 

H3b: Favorable perceived social norms increase older adults’ intentions to seek online 

health information. 

Another two common predictors of behavioral intentions originated from the HBM are 

perceived benefits and perceived barriers. By definition, perceived benefits describe a person’s 

beliefs about the value and usefulness of reducing the risk of developing a disease. In contrast, 

perceived barriers involve a person’s assessment of the challenges or obstacles that may 

prevent them from adopting a new behavior (Strecher & Rosenstock, 1997). These two 

constructs function as an internal cost-benefit analysis, where individuals weigh the potential 

advantages of taking actions against the perceived difficulties of doing so. When the perceived 

benefits of a behavior outweigh the barriers, people are more likely to form the intention to act. 

In contrast, when perceived barriers appear too high, the intention to engage in the behavior may 

diminish, even if the benefits are acknowledged.  
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Research has consistently shown that perceived benefits and perceived barriers play 

important roles in shaping health-related intentions and behaviors. In a study on diabetes self-

care, Mohebi et al. (2013) found that perceived benefits were positively associated with the 

adoption of self-care behaviors, whereas perceived barriers had a negative effect. Similar 

patterns have been observed across a range of health contexts, including physical exercise 

(Grubbs & Carter, 2002), cancer screening (Tung et al., 2017), and vaccine uptake (Luo & Song, 

2022). Collectively, these studies confirm that perceived benefits tend to enhance health behavior 

intentions, while perceived barriers serve as obstacles.  

In the current research context, perceived benefits refer to individuals’ beliefs about the 

value or usefulness of engaging in OHIS. This includes how older adults view the advantages of 

obtaining, understanding, and using health information from the internet via different platforms. 

Prior research has identified several dimensions of perceived benefits in the context of health 

information-seeking. For example, Ren et al. (2019) classified perceived benefits into four 

categories: learning benefits, functional benefits, personal integrative benefits, and social 

integrative benefits—each of which significantly predicted OHIS intentions. 

Learning benefits involve acquiring knowledge and advice to better understand health 

issues, eliminate unhealthy habits, adopt healthier lifestyles, and raise health awareness (Calder 

et al., 2009). Functional benefits reflect the belief that OHIS offers practical value or efficiency, 

such as saving time or facilitating decision-making (Choi & Choo, 2016). Social integrative 

benefits refer to the idea that OHIS can strengthen social connections by helping individuals 

maintain communication with family, friends, or online communities (Kuo & Feng, 2013). 

Lastly, personal integrative benefits reflect broader perceptions that OHIS contributes to one’s 

self-worth, health status, and overall quality of life (Alnawas & Aburub, 2016).  
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While understanding the motivational role of perceived benefits is essential, it is equally 

important to consider the perceived barriers that may discourage older adults from engaging in 

online health information seeking (OHIS). In this context, perceived barriers refer to the 

psychological, informational, or practical challenges that older adults believe may hinder their 

ability to locate, understand, or use health information from online sources. 

Previous research has identified various barriers to information seeking, with Savolainen 

(2015) offering a conceptual framework focused on cognitive barriers - the internal mental 

constraints that restrict the information-seeking process. He organizes these barriers into two 

stages: the first stage involves difficulties in identifying and articulating information needs, such 

as the unwillingness to acknowledge a need or the inability to express it. The second stage 

includes challenges in locating and evaluating information, such as low self-efficacy, poor search 

skills, unawareness of sources, and difficulty managing information overload. Each barrier not 

only reflects a specific cognitive limitation but also impacts how effectively individuals engage 

with information.  

McCloud et al. (2016) further delved into the health context and identified barriers 

preventing individuals from seeking health information online. Those perceived barriers are 

technical difficulties, residential instability, and emotional frustration. Among those, for people 

with medical problems, frequent residential moves were linked to significantly lower OHIS 

engagement. It is worth noting that among those with medical conditions, frustration while 

seeking information was a strong barrier, while those without medical condition, frustration had 

the opposite effect, which motivated them to have a stronger desire to resolve uncertainty or 

confusion.  
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Building on this, the present study will examine older adults’ perceived barriers to OHIS 

by focusing on two main categories: cognitive barriers and digital navigation barriers. From the 

cognitive perspective, it will explore older adults’ awareness of their information needs, 

confidence in their ability to search, familiarity with available sources, ability to construct 

effective search queries, and responses to information overload (Savolainen, 2015). While some 

of these dimensions overlap with general digital literacy, cognitive barriers extend beyond 

technical ability by highlighting internal viewpoints of the challenges such as uncertainty, low 

self-efficacy, and psychological resistance. 

In terms of digital navigation barriers, the focus is on older adults' perceived challenges 

while interacting with digital platforms, i.e., traditional search engines, social media, AI-

integrated tools, and chatbots, to find health information. These barriers are expected to reflect 

real-time difficulties they encounter during the information-seeking process, such as when the 

search task feels mentally or physically demanding, when technical issues disrupt progress, or 

when unclear interfaces make it difficult to stay engaged. This perspective aims to capture how 

the design and complexity of digital platforms may influence older adults' willingness or ability 

to seek health information online. Accordingly, the following hypotheses are posited:  

H3c: Perceived benefits increase older adults’ intentions to seek online health 

information. 

H3d: Perceived cognitive barriers decrease older adults’ intentions to seek online health 

information. 

H3e: Perceived digital navigation barriers decrease older adults’ intentions to seek online 

health information. 
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2.4.4 Instrumental factors 

 While digital navigation barriers emphasize the subjective difficulties older adults may 

face during the process of searching, these experiences also point to broader evaluations about 

the tools and resources themselves. Specifically, beyond real-time obstacles, older adults form 

their perceptions about whether the platforms they use and the information they encounter are 

useful, easy to navigate, reliable, and trustworthy. These instrumental factors reflect individuals’ 

perceptions of both the functionality of digital platforms and the quality of the health information 

accessed through them. Drawing on constructs from the Technology Acceptance Model 2 

(TAM2) and the Comprehensive Model of Information Seeking (CMIS), instrumental factors 

such as perceived usefulness, ease of use, credibility, and trustworthiness are expected to shape 

older adults’ willingness to engage with online health information sources. 

Among the instrumental factors influencing OHIS, perceived usefulness and perceived 

ease of use are two of the most widely studied and foundational constructs in technology 

adoption research (e.g., Hussain et al., 2016; Luo et al., 2024; Röcker & Kurosu, 2009; Samuel et 

al., 2018; Schnall et al., 2015; Susanto & Aljoza, 2015). According to the Technology 

Acceptance Model (TAM), perceived usefulness refers to “the degree to which a person 

believes that using a particular system would enhance his or her job performance,” while 

perceived ease of use is defined as “the degree to which a person believes that using a particular 

system would be free of effort” (Davis, 1989, p. 320). 

These constructs have been shown to be critical in shaping users’ acceptance and 

engagement with health technologies. For example, Schnall et al. (2015) found that people living 

with HIV and healthcare providers were more likely to adopt a mobile health app when they 

believed it could support private communication, provide timely medication reminders, and offer 

accessible health information - all of which reflect perceived usefulness. Meanwhile, participants 
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emphasized that the app must be simple and intuitive, reinforcing the importance of ease of use 

for adoption. Similarly, Luo et al. (2024) examined health information system adoption among 

hospital staff and found that both perceived usefulness and ease of use significantly influenced 

system adoption, with usefulness having a stronger effect. Yan et al. (2021) further showed that 

these two constructs promote user satisfaction, which in turn increases the likelihood of 

continued use of health-related apps. 

In the OHIS context, perceived usefulness refers to the extent to which older adults 

believe that seeking health information online will help them better understand their health, make 

informed decisions, or manage their health more effectively. Perceived ease of use, meanwhile, 

refers to their perception that accessing and navigating health information on the digital platform 

is simple and manageable. It is assumed that when older adults perceive OHIS platforms as both 

useful and easy to use, they will be more inclined to form intentions to engage in OHIS. 

Conversely, if they view the process as overly complex or of little value, their intention to 

engage will likely decrease. Building on the previous literature, I propose the fourth hypothesis 

as follows:  

H4: Instrumental factors are positively related to older adults’ intentions to seek health 

information online. Specifically,  

H4a: Perceived usefulness increases older adults’ intentions to seek online health 

information. 

H4b: Perceived ease of use increases older adults’ intentions to seek online health 

information. 

Beyond perceived usefulness and ease of use, older adults’ intention to seek health 

information online may also depend on how much they trust the platform and believe in the 
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credibility of the information it provides. This reflects the broader construct of perceived 

credibility, which Fogg and Tseng (1999) define as an individual’s subjective judgment of the 

believability of a source or content. Notably, credibility should be understood as a user-driven 

perception, shaped by how individuals interpret and evaluate the information or platform, rather 

than as a fixed attribute of the source itself (Fogg & Tseng, 1999; Liao, 2023; Ngo et al., 2024). 

Communication scholars such as Metzger et al. (2003) conceptualized credibility in 

digital environments across three levels: source credibility, message credibility, and media 

credibility. More recently, Hanimann et al. (2023) introduced a dual-model framework that 

distinguishes only between sources (the origin or channel delivering the information) and 

messages (the actual content). They argue that the concept of media credibility is redundant, as 

broad judgments about platforms like the internet are better understood as expressions of general 

trust, while evaluations of specific outlets, such as The New York Times or NBC News, are 

more accurately classified as assessments of the source itself rather than the medium.  

In this study, perceived credibility refers to how believable and reliable they find both 

the source of the information, i.e., traditional search engines, social media platforms, AI-

integrated search tools, and AI chatbots, and the information itself. Given that older adults may 

encounter a variety of digital channels with differing levels of familiarity, professionalism, and 

design, their perceptions of credibility may vary widely across platforms. For example, trust in a 

well-known health website accessed via a traditional search engine may differ significantly from 

trust in content delivered by an AI chatbot.  

Research has shown that perceived credibility is a multidimensional concept, composed 

primarily of two components: trustworthiness and expertise (Fogg & Tseng, 1999; McGinnies & 

Ward, 1980; Metzger et al., 2003). According to Hovland et al. (1953), trustworthiness refers to 
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the perceived honesty, integrity, and motivation of a communicator to convey truthful 

information, while expertise reflects perceptions of the communicator’s knowledge or 

qualifications related to the subject matter. However, the relative influence of these two 

dimensions may vary depending on the context. In domains requiring technical or medical 

knowledge, expertise may carry more weight, whereas in situations involving interpersonal or 

ethical judgment, trustworthiness often becomes more influential (Metzger et al., 2003). For 

example, McGinnies and Ward (1980) found that people often care more about whether a source 

seems honest and trustworthy than whether the source is highly knowledgeable. This means even 

accurate information might be ignored if the person sharing it does not seem trustworthy or 

relatable. Similarly, Willemsen et al. (2011) showed that in online settings, people’s judgments 

of credibility are shaped by the type of source, such as experts versus peers, but depending on 

what they value more, people may focus on either trust or expertise. They further noted that 

merging trustworthiness and expertise into a single credibility measure can mask their distinct 

effects, potentially leading to misleading conclusions. As a result, it is advised to assess these 

dimensions separately, especially when examining credibility in digital or online communication 

settings. 

To examine perceived credibility more precisely, this study will assess two core 

dimensions: perceived trustworthiness and perceived expertise. These constructs reflect whether 

the source is seen as honest and motivated to provide accurate information (trustworthiness), and 

whether it is seen as qualified and knowledgeable (expertise). It is expected that higher levels of 

perceived credibility, whether in the source or the content, will positively influence older adults’ 

intention to seek health information online. When older adults view a source as both trustworthy 

and knowledgeable, they may feel more confident in the accuracy of the information and more 



                                                                                           
 

53 
 

motivated to engage with it. In contrast, if they question either the honesty or expertise of a 

platform or content, they may be less likely to rely on it for health-related decisions. Therefore, 

the following hypotheses are proposed:  

H4c: Perceived trustworthiness, as a dimension of perceived credibility, increases older 

adults’ intentions to seek online health information. 

H4d: Perceived expertise, as another dimension of perceived credibility, increases older 

adults’ intentions to seek online health information. 

In addition to evaluating the credibility of online sources and information, older adults’ 

intention to seek health information online may also depend on how confident they feel in their 

own abilities, referred to as perceived competence. Whereas credibility involves external 

judgments about the reliability of platforms and content, perceived competence reflects an 

internal self-assessment of one’s digital and informational skills. The concept of perceived 

competence was first introduced by White (1959) in his foundational work on motivation. He 

proposed that people are not driven solely by the need to solve problems or obtain rewards, but 

also by the intrinsic satisfaction that comes from building skills, mastering tasks, and feeling 

effective in their actions. This view helped establish perceived competence as a core 

psychological need and a key driver of motivation. According to Deci and Ryan (2000), 

perceived competence reflects a person’s belief in their ability to succeed at personally 

meaningful or challenging tasks and is closely tied to intrinsic motivation and psychological 

well-being. Hence, it is concerned with motivation quality and personal growth (Rodgers et al., 

2014). 

In the context of information seeking, perceived competence serves as a particularly 

fitting construct for capturing how individuals’ approach and engage with information-related 
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behaviors. Several empirical studies have demonstrated the important role of perceived 

competence in shaping both behavioral intentions and actual performance. For instance, Arnone 

et al. (2009) found that students’ perceived competence in information skills was positively 

related to both their actual information literacy and their intrinsic motivation to engage in 

research. Similarly, Yu et al. (2023) reported that adolescents who felt more competent in using 

digital tools demonstrated stronger digital reading performance. Findings also indicated that 

perceived competence influenced not just outcomes, but engagement patterns as well - students 

with higher perceived competence used digital tools more frequently and for more purposeful 

tasks, which in turn improved performance. However, it is important to note that people’s 

perceived competence does not always reflect their actual skill level. Gross (2005) highlighted 

this misalignment in a study of information literacy, finding that individuals with the weakest 

information skills often reported the highest confidence. This overconfidence created false 

perceived competence, leading individuals to overlook their need for support, misjudge 

information quality, and avoid skill-building opportunities. As a result, their information-seeking 

efforts were often ineffective, yet they remained unaware of these shortcomings. 

In the current research context, perceived competence refers to older adults’ self-

assessed ability to locate, evaluate, and apply health-related information from digital sources. 

This includes confidence in knowing where to search, how to assess credibility, and how to 

apply information to their health decisions. Accordingly, this study posits that when older adults 

have higher perceived competence, they are more likely to form stronger intentions to seek 

health information online. Therefore, the following hypothesis is proposed: 

H4e: Perceived competence increases older adults’ intentions to seek online health 

information. 
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2.4.5 Socioeconomic (SES) factors 

 According to Fundamental Cause Theory (FCT), socioeconomic status (SES) serves as a 

persistent determinant of health behaviors and outcomes, as it grants individuals access to 

flexible resources such as knowledge, money, and social capital that could be used to avoid risks 

and adopt protective strategies (Link & Phelan, 1995). In the context of older adults’ health 

information seeking, SES, typically assessed through education, income, and occupation, may 

influence not only access to digital technologies but also the ability, confidence, and motivation 

to search for, understand, and use online health information effectively.  

Among the SES indicators, education has consistently been found to play a significant 

role in shaping OHIS behaviors. For instance, Myrick and Willoughby (2019) found that 

individuals with higher levels of education were more likely to engage in OHIS than their less-

educated counterparts. Education enhances both cognitive and digital skills, making it easier for 

individuals to navigate online platforms, assess the quality of the information, and apply it to 

their health concerns. Similarly, Demirci et al. (2021) confirmed a strong, positive relationship 

between educational attainment and OHIS behavior. Their study showed that the odds of seeking 

health information online increased with each level of educational achievement; individuals with 

a high school diploma were over six times more likely to engage in OHIS than those without 

formal schooling; those with associate or bachelor’s degrees were over ten times more likely; 

and those with postgraduate degrees were nearly thirteen times more likely. 

Income is another crucial SES factor influencing OHIS intentions and behaviors. 

Financial resources often determine access to the necessary infrastructure for engaging in online 

health activities, such as devices, internet connectivity, and subscription-based services. Chang et 

al. (2024) found that higher household income was significantly associated with greater OHIS 

engagement, with wealthier individuals being more likely to seek health information online than 
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those with lower incomes. Beyond engagement levels, income also impacts the ease with which 

individuals navigate online health environments. For example, Finney Rutten et al. (2019) 

reported that people earning less than $75,000 annually were significantly less likely to access 

health information online without frustration, and those earning under $20,000 had 34% lower 

odds of doing so with ease compared to higher-income individuals. 

Given this, the current study treats education and income as key SES indicators and 

examines their relationship with OHIS intentions among older adults. This expectation is 

grounded in the idea that individuals with more education and income often have greater health 

and digital literacy (Estrela et al., 2023), better access to technology (Tappen et al., 2022), and 

more confidence in navigating online health information (Van Heel et al., 2023). In this study, 

however, occupational status is not considered in predicting OHIS intentions, as many older 

adults may be retired or no longer actively engaged in the workforce. In later life, occupational 

roles may become less relevant in shaping day-to-day routines, access to digital resources, or 

social networks that support technology use. Unlike income and education, which can have 

enduring effects on digital literacy, health knowledge, and access to information, occupational 

status may lose its predictive power for OHIS once individuals transition out of the labor force. 

Thus, a set of hypotheses is posited as: 

H5: SES factors relate to older adults’ intentions to seek health information online. 

Specifically,  

H5a: Older adults with higher education levels are more likely to seek health information 

online.  

H5b: Older adults with higher household incomes are more likely to seek health 

information online.  
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2.4.6 Other demographic factors 

Although socioeconomic status (SES) is often considered part of demographic 

information, this study intentionally examines SES as a separate category rather than grouping it 

with other demographic characteristics. This decision is informed by both theoretical and 

practical considerations regarding how structural and identity-based variables should be 

conceptualized and analyzed (e.g., Cole, 2009; Link & Phelan, 1995). 

In the current research context, SES, including education and income, reflects access to 

resources that can shape older adults’ ability and motivation to seek health information over 

time. In contrast, demographic characteristics such as gender and race/ethnicity are more closely 

tied to social identity and lived experience. Grouping SES with these identity-based traits could 

make it harder to distinguish how each type of factor contributes to health information-seeking 

behaviors. While SES and other demographic characteristics may interact, analyzing them 

separately helps clarify their unique roles. This approach also follows current recommendations 

to use demographic variables carefully and thoughtfully in research (e.g., Call et al., 2023; Cole, 

2009; Noroña-Zhou & Bush, 2021). 

Building on the distinction between structural characteristics (captured by SES) and 

identity-based demographic traits, prior research has shown that factors such as gender and 

race/ethnicity also influence online health information-seeking (OHIS) behaviors. To name a 

few, Demirci et al. (2021) found that variables like age, gender, and place of residence 

significantly impacted OHIS behavior. Fareed et al. (2021) noted persistent differences across 

racial groups in levels of trust toward information sources. Hassan and Masoud (2021) observed 

that female college students reported more frequent OHIS behavior and higher health literacy 

than their male peers. Yoon et al. (2020) showed that older individuals from racial/ethnic 
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minority groups with lower SES had significantly lower odds of using the internet for health 

information. 

These findings suggest that, in addition to SES factors, other identity-based demographic 

characteristics may also play a role in shaping OHIS intentions and behaviors among older 

adults. However, given the variability in how these traits influence behavior across contexts, this 

study does not propose a specific hypothesis. Instead, the relationship between demographic 

factors (excluding SES) and OHIS intentions is explored through the following research 

question: 

RQ3: How are other demographic characteristics (excluding SES) associated with older 

adults’ intentions to seek health information online? 

Based on RQ2 and R3, along with H1 through H5, this study proposes an integrated 

conceptual framework, as shown in Figure 1.  
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Figure 1. Conceptual Framework of Factors Influencing Older Adults’ OHIS Intention 

2.5 Summary of Research Questions and Hypotheses 

Up to this point, I have defined key concepts of this dissertation, reviewed existing 

theoretical approaches and literature, and proposed research questions and hypotheses. To find 

out whether there are differences in OHIS behaviors among older adults who are already 

digitally connected, the first research question was proposed:  

RQ1: Among older adults with internet access, do differences exist in how they seek 

online health information? If so, what factors are associated with these differences?    

Then, to provide a comprehensive integrated model in influencing OHIS among older 

adults, this prospectus proposes the following research questions and hypotheses:  
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RQ2: How, if at all, are health motivational factors, social factors, psychological factors, 

instrumental factors, SES factors, and other demographic factors associated with OHIS 

intentions among older adults in the United States? 

H1: Health motivation factors are positively related to older adults’ intentions to seek 

online health information. Specifically, perceived susceptibility (H1a), perceived severity 

(H1b), and interest in health information (H1d) increase older adults’ intentions to seek 

online health information, while perceived health status (H1c) decreases older adults’ 

intentions to seek online health information.  

H2: Social factors are positively related to older adults’ intentions to seek online health 

information. Specifically, perceived social support (H2a) and support from healthcare 

professionals (H2b) increase older adults’ intentions to seek online health information. 

H3: Psychological factors are positively related to older adults’ intentions to seek online 

health information. Specifically, favorable attitudes towards OHIS behaviors (H3a), 

favorable perceived social norms (H3b), and perceived benefits (H3c) increase older 

adults’ intentions to seek online health information. In contrast, perceived cognitive 

barriers (H3d) and perceived digital navigation barriers (H3e) decrease older adults’ 

intentions to seek online health information.  

H4: Instrumental factors are positively related to older adults’ intentions to seek health 

information online. Specifically, perceived usefulness (H4a), perceived ease of use 

(H4b), perceived trustworthiness (H4c), perceived expertise (H4d), and perceived 

competence (H4e) increase older adults’ intentions to seek online health information.  
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H5: SES factors are associated with older adults’ intentions to seek health information 

online, such that older adults with higher levels of education (H5a) and higher household 

income (H5b) will report stronger intentions to seek health information online. 

The final research question investigates how other demographic factors influence OHIS 

intentions among older adults:  

RQ3: How are other demographic characteristics (excluding SES) associated with older 

adults’ intentions to seek health information online?
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Chapter 3: Preliminary Study: A Secondary Analysis 
3.1 Overview 

To address RQ1, “Among older adults with internet access, do differences exist in how 

they seek online health information? If so, what factors are associated with these differences?”, 

this preliminary study conducts a secondary analysis of data from the Health Information 

National Trends Survey (HINTS) 7. Collected by the National Cancer Institute (NCI) between 

March and September 2024, HINTS 7 provides nationally representative data on U.S. adults’ 

health communication behaviors, including internet use and online health information-seeking 

practices. 

HINTS is particularly well-suited for this analysis because it includes validated measures 

of internet access, OHIS behaviors, and key demographic and contextual variables. Although the 

survey was not specifically designed to examine variation within older adult populations, its 

breadth allows for the identification of meaningful differences in OHIS behaviors across 

subgroups. 

3.2 Participants/Procedure 

 The target population for HINTS 7 includes U.S. adults aged 18 and older within the 

civilian, noninstitutionalized population. Data was collected by the National Cancer Institute 

(NCI) between March and September 2024 using a nationally representative sampling strategy 

and a dual-mode survey design (paper and web).  

HINTS 7 also incorporated methodological features aimed at improving response quality 

and representativeness. For example, a commitment statement was included at the beginning of 

the survey to encourage thoughtful and accurate responses, and additional incentives were used 

to increase participation among groups with historically lower response rates (NCI, 2024).  
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To define the analytic sample for this preliminary study, respondents were first 

categorized by age to identify older adults, defined as individuals aged 65 and older. Among this 

group, individuals who reported not using the internet were excluded from subsequent analyses. 

As a result, the analytic sample focuses on older adults with internet access.  

 

Figure 2. Audience Segmentation 

3.3 Measures  

 After reviewing the items included in HINTS 7, variables relevant to OHIS were selected 

for analysis. While HINTS includes a general indicator of whether individuals have looked for 

health or medical information online, this study incorporates multiple measures to capture 

variation in information-seeking behavior. Table 2 summarizes the variables and corresponding 

survey items included in the analysis. 

To examine differences in OHIS behavior, respondents were categorized based on their 

level of activity, distinguishing between more active and less active information seekers using 
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these behavioral indicators. In addition, variables related to individual characteristics and 

contextual conditions (e.g., sociodemographic factors, health status, technology experience, and 

perceptions) were included to explore factors associated with differences in OHIS behavior.  

Table 2. Operationalization of Variables in HINTS 71   
Construct Sample Questions Operationalization  Notes 

Age How old are you? Retain respondents aged ≥ 65 Segmentation 

Internet Use How often do you use the 
internet? 

Exclude “Never” (6); retain 
values 1- 5 

Segmentation  

OHIS behavior Use internet to look for health 
or medical information 

Yes = 1; No = 0 Segmentation  

 
 
 
Active OHIS 
behavior 
(classification) 

Shared personal health 
information  

 
 
 
Each item coded 1 = yes, 0 = 
never; Summed. ≥ 1 = active, 0 
= not active 

 
 
 
Binary grouping 
variable 

Shared general health 
information 
Interacted with others with 
similar issues 
Discussed online information 
with doctor 

Social media 
exposure 

Visiting social media Frequency measures (1 = never 
to 5 = frequently),  
analyzed descriptively to assess 
content exposure among 
respondents. 

Contextual (not 
used for 
classification) Watching health-related videos 

 
 
Health 
information 
use 
 

Use social media information 
for health decisions 

 
 
4-point scale; recoded so higher 
values indicate greater use 

 
 
 
Outcome variables 

Discuss health information 
found on social media with 
provider 

 
 
 
 
Active OHIS 
engagement 
(index) 

Shared personal health 
information  

Items standardized (z-scores) 
and averaged to create a 
continuous index; higher values 
indicate greater engagement  

Primary dependent 
variable  

Shared general health 
information 
Interacted with others with 
similar issues 
Discussed online information 
with doctors 

 
1 Note: Gender-related questions (R2 and R3) were removed from HINTS 7 following the January 20, 2025 
Executive Order. 
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Education Highest education level 
completed 

Categorical (5 levels: < HS to 
post-baccalaureate) 

Sociodemographic 
factor 

Financial 
comfort  

How difficult is it to live on 
current household income? 

4-point scale; reverse-coded; 
higher values indicate greater 
financial comfort  

Sociodemographic 
factor 

Race/ethnicity Race and Hispanic origin Binary: Non-Hispanic White 
vs. all others  

Sociodemographic 
factor 

Perceived 
general health 

Self-rated health status 5-point scale; reverse-coded; 
higher values indicate better 
health 

Health-related 
factor 

Psychological 
health status 

Ever told you had depression Yes = 1; No = 0 Health-related 
factor 

Physical health 
status 

Ever told you had high blood 
pressure 

Yes = 1; No = 0 Health-related 
factor 

Self-efficacy 
of health 
management  

Confidence in managing own 
health 

5-point scale; reverse-coded; 
higher values indicate greater 
self-efficacy 

Health-related 
factor 

Digital skills  Confidence in searching for 
health information online 

5-point scale; reverse-coded; 
higher values indicate greater 
skill 

Digital factor 

Digital 
frustration 

Feeling frustrated using 
technology 

5-point scale; Reverse-coded; 
higher values indicate greater 
frustration 

Digital factor 

Trust in 
healthcare 
system 

How much do you trust the 
healthcare system? 

4-point scale; Reverse-coded; 
higher values indicate greater 
trust 

Institutional factor 

Perceived 
support from 
provider  

Doctors open to discussing 
information you found on the 
internet 

4-point scale; Reverse-coded; 
higher values indicate greater 
trust 

Social factor 

Perceived 
social support  

Talked with friends or family 
members about your health? 

Yes = 1; No = 0 Social factor 

 

3.4 Results 

This secondary analysis was conducted using R (Version 4.5.3) with the survey package 

to account for the complex sampling design of HINTS 7. Survey weights were applied to 

produce nationally representative estimates. Standard errors were estimated using Taylor series 

linearization, which adjusts for stratification, clustering, and unequal probabilities of selection, as 

recommended by the HINTS 7 Methodology Report (2025).  
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3.4.1 Analytic Sample  

The analytic sample for RQ1 was constructed using an audience segmentation approach 

to identify meaningful subgroups of older adults relevant to OHIS. Audience segmentation is 

widely used in health communication to capture heterogeneity within populations and to support 

more targeted and equitable understanding of health behaviors (e.g., Flood-Grady et al., 2019; 

Purtle et al., 2018; Stalgaitis et al., 2022). In this study, segmentation allows for the examination 

of variation in OHIS behaviors among older adults who differ in their levels of digital 

engagement. 

The initial sample (N = 7,278) was restricted to respondents aged 65 and older (n = 

2,469). Respondents who reported not using the internet were excluded to focus on digitally 

connected older adults (N =2,211).  

3.4.2 Descriptive Characteristics 

Within the analytic sample, the weighted mean age was 73.2 years (SE = 0.13). The 

sample was predominantly non-Hispanic White (70.7%), with 29.3% representing all other racial 

and ethnic groups. Educational attainment was relatively high, with 35.4% reporting some 

college education, 21.9% holding a bachelor’s degree, and 20.6% reporting post-baccalaureate 

education. Smaller proportions reported completing high school (16.7%) or having less than a 

high school education (5.1%). 

In terms of financial comfort, nearly half of the respondents (46.6%) reported living 

comfortably on their present income, while 35.7% indicated they were getting by. A smaller 

proportion reported financial strain, with 12.68% finding it difficult and 5.1% finding it very 

difficult to live on their current income. 
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  Table 3. Weighted Descriptive Characteristics of Older Adult Online Health Information Seekers  

Characteristic Category Weighted % or Mean SE 

Age Mean age 73.2 0.13 

Education 

Less than high school 5.1 0.56 

High school graduate 16.7 0.92 

Some college 35.4 1.04 

Bachelor’s degree 21.9 0.84 

Post-baccalaureate 20.6 0.82 

Financial comfort 

Very difficult 5.1 0.49 

Difficult 12.68 0.76 

Getting by 35.7 1.11 

Comfortable 46.6 1.08 

Race/ethnicity 
Non-Hispanic White 70.7 1.11 

All others 29.3 1.11 

3.4.3 Factors that Influence OHIS Behaviors 

Among digitally connected older adults (N = 2,211), descriptive results indicated that 

28% (N = 482) did not seek health information online in the past 12 months, while 72% reported 

engaging in online health information seeking.  

To provide an initial understanding of differences between older adults who did and did 

not seek health information online, descriptive and bivariate analyses were conducted. These 

comparisons offer context for interpreting the multivariate models that follow. 

Bivariate analyses 

Results from bivariate analyses (see Table 4) revealed several meaningful differences 

between the two groups. Individuals who engaged in OHIS were younger (M = 72.71, SE = 

0.22) than non-seekers (M = 74.16, SE = 0.96; t = -4.14, p < .001). They also reported higher 

levels of perceived digital skills (M = 4.35, SE = 0.03), lower levels of digital frustration (M = 
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3.58, SE = 0.04), and greater perceived provider openness to discussing online health 

information (M = 3.40, SE = 0.03 vs. M = 3.02, SE = 0.14; t = 2.52, p = .013).  

In contrast, no significant differences were observed in self-efficacy (t = 0.11, p = .909), 

trust in the healthcare system (t = 1.42, p = .158), or general health (t = 1.51, p = .134), with 

mean levels comparable across groups. Overall, these results suggest that digital capabilities, 

perceived barriers, and patient-provider communication are more closely associated with OHIS 

than general confidence, system-level trust, or overall self-reported health. 

Table 4. Bivariate Comparisons between Health Information Seekers vs. Non-Seekers 

Variable Non-seekers M (SE) Seekers M (SE) t p 

Age 74.16 (0.96) 72.71 (0.22) -4.14 < .001*** 

Digital skills 3.52 (0.13) 4.35 (0.03) 13.64 < .001*** 

Digital frustration 4.14 (0.12) 3.58 (0.04) -9.11 < .001*** 

Provider openness 3.02 (0.14) 3.40 (0.03) 2.52 .013** 

Self-efficacy 3.78 (0.11) 3.79 (0.03) 0.11 .909 

Trust in healthcare  3.19 (0.13) 3.36 (0.03) 1.42 .158 

General health 3.24 (0.13) 3.13 (0.04) 1.51 .134 
Note: Values are survey-weighted means with standard errors in parentheses. Positive and negative t-values reflect 
the direction of group differences based on the coding of the outcome variable. 

Multivariate analyses 

Building on these bivariate patterns, multivariate analyses were conducted to examine 

whether these differences persist after accounting for multiple factors simultaneously and to 

better understand the underlying drivers of OHIS behavior.  

Using available measures from HINTS 7, a baseline model including demographic and 

socioeconomic variables was estimated to examine who is more likely to seek health information 

within this group. Results showed that age was negatively associated with OHIS (b = -0.03, SE = 

0.01, p < .001), indicating that older individuals, among digitally connected older adults, were 
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less likely to seek health information online. Education was also positively associated with 

OHIS, with significant effects observed for high school (b = 0.55, p = .042), some college (b = 

0.98, p < .001), bachelor’s degree (b = 1.35, p < .001), and post-baccalaureate education (b = 

1.92, p < .001). This shows that individuals with higher levels of education are more likely to 

seek health information online. 

To further examine why these differences emerge, a second model incorporating health-

related, psychological, and digital factors from existing measures was estimated. In this full 

model, the effects of age and most education categories were no longer statistically significant. 

This pattern suggests that the demographic differences observed in the baseline model are largely 

accounted for by individuals’ digital capabilities, health-related needs, and engagement with 

healthcare providers. 

Specifically, digital skills emerged as the strongest predictor of OHIS (b = 0.92, SE = 

0.19, p < .001), indicating that greater digital competence substantially increased the likelihood 

of seeking health information online. Digital frustration was negatively associated with OHIS (b 

= -0.45, SE = 0.22, p = .044), indicating that perceived barriers to technology use reduce 

engagement. The mental health indicator: depression, was positively associated with OHIS (b = 

0.97, SE = 0.45, p = .032), and general health showed a marginal negative association (b = -0.43, 

SE = 0.22, p = .056), which shows that individuals with greater health concerns may be more 

likely to seek information online. In addition, perceived openness of healthcare providers to 

discussing information patients found online was positively related to OHIS (b = 0.61, SE = 

0.20, p = .002), suggesting that when providers are receptive to these conversations, individuals 

are more likely to engage in seeking health information online. 
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3.4.4 Differences in OHIS Behaviors among Health Information Seekers 

  While the previous analyses focused on identifying who is more likely to seek health 

information online and the factors that explain this behavior, this section examines variation 

within health information seekers themselves. Although all respondents in this subset (N = 

1,717) reported seeking health information online, their level of involvement in participatory 

behaviors varied. To capture this variation, differences in OHIS behaviors were operationalized 

using a composite measure of active engagement. This measure reflects the extent to which 

individuals participate in higher-order activities beyond basic information seeking, such as 

sharing health information, interacting with others, and incorporating online information into 

conversations with healthcare providers. 

Based on this measure, respondents were categorized into two groups: those with 

minimal engagement and those with active engagement. Survey-weighted t-tests were then 

conducted to examine differences between these groups in their interaction with online health 

information. Results indicated statistically significant differences across all outcomes. 

Compared to those with minimal engagement, individuals with active engagement 

reported more frequent exposure to health-related video content (ΔM = 0.65, 95% CI [0.56, 

0.74], t = 13.91, p < .001) and more frequent visits to social media (ΔM = 0.77, 95% CI [0.60, 

0.94], t = 8.74, p < .001), with higher values indicating greater frequency. 

These differences were also reflected in health-related outcomes. Active seekers were 

significantly more likely to use online information in health decision-making (ΔM = 0.39, 95% 

CI [0.31, 0.47], t = 9.88, p < .001). They were also more likely to discuss health information 

found on social media with their healthcare providers (ΔM = 0.68, 95% CI [0.59, 0.77], t = 

14.80, p < .001). 
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At the same time, variation was observed within groups. Among respondents classified as 

minimally engaged, approximately 38% reported daily social media use, while nearly 60% 

reported never watching health-related videos. These patterns highlight that engagement varies 

not only in level but also in form, suggesting that multiple factors may shape how individuals 

engage with online health information. 

Table 5. Actively Engaged vs. Minimally Engaged Group Comparisons 

Outcome 
No Active 
Engagement 
Mean (SE) 

Active 
Engagement 
Mean (SE) 

Mean 
Differenc
e 

t p 

Frequency of watching health-
related videos 1.61(0.03) 2.26(0.03) 0.65 13.91 < .001*** 

Frequency of visiting social 
media for health content 3.11(0.07) 3.93(0.05) 0.77 8.74 < .001*** 

Use of social media information 
for health decisions 1.32(0.03) 1.70(0.03) 0.39 9.88 < .001*** 

Discussion of online health 
information with providers 1.33(0.03) 2.01(0.04) 0.68 14.80 < .001*** 

Note: Estimates are survey-weighted and account for the HINTS 7 complex sampling design. Standard errors were 
calculated using Taylor series linearization. P-values are based on two-tailed survey-weighted t-tests. ***p < .001, 
**p < .01, *p < .05 

 To better understand the factors associated with differences in OHIS, a series of survey-

weighted hierarchical regression models was tested. While binary classification was used 

descriptively, engagement is more appropriately treated as a continuous construct; thus, the 

following analyses use the active engagement index as the outcome. Across all model analyses, 

traditional R² is not reported due to the use of survey-weighted regression models. Model 

evaluation is based on coefficients, standard errors, and statistical significance. 

Sociodemographic Factors (Model 1) 

Sociodemographic characteristics showed limited explanatory power. Age, education, 

and race/ethnicity were not significantly associated with OHIS active engagement. However, 
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financial comfort emerged as a significant predictor. Compared to respondents who reported it 

was very difficult to live on their current income (reference group), all other groups exhibited 

lower levels of engagement, including those reporting financial difficulty (B = -0.408, p = .017), 

getting by (B = -0.343, p = .043), and feeling comfortable (B = -0.390, p = .023). 

Health-Related Factors (Model 2) 

With the inclusion of health-related variables, financial difficulty remained negatively 

associated with engagement (B = -0.350, p = .041). Depression was positively associated with 

engagement (B = 0.151, p = .019), whereas self-efficacy was negatively associated (B = -0.072, 

p = .010). Perceived general health and physical health condition - high blood pressure were not 

significant. 

Digital Factors (Model 3) 

Adding digital factors substantially improved the model. Financial comfort and health-

related variables remained significant. Notably, digital skill emerged as the strongest predictor of 

active engagement (B = 0.083, p < .001), while digital frustration was negatively associated (B = 

-0.064, p = .007). These results highlight the central role of digital capability in shaping active 

OHIS engagement. 

Additional Factors (Model 4) 

 In Model 4, the inclusion of social and institutional factors attenuated several previously 

significant associations observed in earlier models. This pattern suggests that these factors may 

overlap with earlier predictors, particularly digital and psychological variables, thereby reducing 

their independent contributions. Despite this attenuation, mental health status - depression (B = 

0.232, p = .035) and digital skill (B = 0.092, p = .011) remained significantly associated with 

active OHIS engagement, indicating that these variables are robust predictors even after 
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accounting for a broader set of influences. All other variables were not statistically significant in 

the fully adjusted model. 

Overall, the hierarchical regression results suggest that differences in active OHIS 

engagement among older adults are shaped by a combination of digital capacity and 

psychological factors. While perceived digital skill, digital frustration, mental health status, and 

self-efficacy were significant in earlier models, only digital skill and mental health status 

remained significant in the fully adjusted model, indicating that these are the most robust 

predictors of engagement. 

In summary, the findings from RQ1 show that not all older adults with internet access use 

online health information in the same way. Some are more actively engaged than others, even 

though they all report seeking health information online. This variation is mainly explained by 

differences in digital skill and psychological factors, with digital skill and mental health status 

emerging as the most consistent predictors. 
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Table 6. Hierarchical Regression Analysis Predicting Active Engagement in OHIS (N=1,717) 

 
Note. Entries are unstandardized coefficients (B) with standard errors in parentheses. Estimates are based on survey-
weighted linear regression models accounting for the HINTS 7 complex sampling design. R² values represent 
approximate survey-weighted explained variance estimates. ΔR² reflects the increase in explained variance relative to 
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the previous model. Standard errors were estimated using jackknife replicate weights. †p < .10. *p < .05. **p < .01. 
***p < .001. 
 
3.5 Limitations  

 These findings should be interpreted in light of several limitations. First, the use of 

secondary data limits control over measurement, as the HINTS 7 survey was not designed 

specifically to align with the conceptual framework of this study. As a result, some constructs 

may be underrepresented or only partially captured. For example, non-active OHIS behaviors 

were measured using a limited number of items, which constrains the ability to fully 

operationalize passive engagement as a distinct category. In addition, certain demographic 

variables, such as gender, were not available in the dataset, limiting the ability to examine 

potential differences across all population groups.  

Building on the insights from the preliminary study, the main study extends this work by 

examining the factors associated with OHIS intentions within a proposed conceptual framework. 

While RQ1 focuses on observed behavioral differences using secondary data, in the main study, 

RQ2 explores a broader set of health motivational, social, psychological, instrumental, and 

socioeconomic factors that may explain why individuals intend to engage in online health 

information seeking, offering a more comprehensive and theory-driven understanding of OHIS 

intentions among older adults. 
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Chapter 4: Main Study: A Survey 

 Surveys are widely used in public health and communication research as an effective 

method for collecting data from large and hard-to-reach populations (e.g., Kilpeläinen et al., 

2019; Morgan et al., 2014; Shoaf & Peek-Asa, 2000). As noted by Babbie (2016), surveys are 

particularly appropriate when direct observation of an entire population is not feasible. In this 

study, a customized survey was used to capture online health information-seeking (OHIS) 

intentions among older adults who already use the internet, with particular attention to emerging 

digital platforms not fully represented in existing datasets. This approach enabled the targeted 

measurement of theoretical constructs, including health motivational, psychological, social, 

instrumental, and structural factors. Rather than focusing on message effects, the study examined 

how individual and contextual factors jointly shape older adults’ intentions to seek health 

information online. 

4.1 Survey Design  

 The study employed a cross-sectional quantitative design using an online survey to 

examine (1) factors influencing online health information-seeking (OHIS) intentions among 

older adults and (2) the interaction between individual and external factors across different 

digital platforms. Guided by an integrated conceptual framework drawing from the Health Belief 

Model (HBM), Technology Acceptance Model 2 (TAM2), and the Comprehensive Model of 

Information Seeking (CMIS), reviewed in Chapter 2, the survey included measures across six 

construct groups: health motivational, social, psychological, instrumental, socioeconomic status 

(SES), and demographic factors. 

The survey assessed participants’ perceptions and intentions across multiple online 

environments, including search engines, health websites, social media platforms, AI-enhanced 
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search tools, and AI chatbots. Items were adapted from prior validated scales where available 

and modified to fit the context of digital health information-seeking. 

Data were collected via Prolific between March 19 and March 20, 2026. The median 

completion time was 11 minutes. The questionnaire was administered in English and optimized 

for both desktop and tablet devices. To ensure data quality, multiple procedures were 

implemented. Three attention-check items were embedded throughout the survey to identify 

inattentive responses. In addition, response duration was monitored, and cases with 

unrealistically short completion times (e.g., less than 3 minutes) were excluded from analysis. 

The study received institutional review board (IRB) approval prior to data collection.  

4.2 Participants  

 Participants were U.S. residents aged 65 and older, a threshold commonly used in health 

communication and public health research that aligns with Medicare eligibility and reflects a life 

stage associated with increased health needs and engagement with healthcare systems (Anderson 

& Perrin, 2017). 

Data were collected through Prolific, an online research panel platform that supports 

targeted participant recruitment. Prolific’s prescreening tools were used to ensure eligibility 

criteria were met, and participants received $3.00 in compensation upon completing the survey. 

Because the survey was administered online, the sample consisted of older adults with internet 

access. This focus aligns with the study’s objective of examining variation in OHIS intentions 

among digitally connected older adults. Prior research suggests that internet access alone does 

not guarantee active or effective engagement with digital health resources (Fitzpatrick, 2023). 

A total of 465 responses were collected. Cases that failed attention checks (n = 2) or 

could not be matched to valid Prolific participant IDs (n = 6) were excluded, resulting in a final 

analytic sample of 457 participants. The sample had a mean age of 70.5 years (SD = 4.45). In 
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terms of gender, 60.6% identified as women and 39.0 identified % as men. The racial2 

composition of the sample was predominantly White (87.5%), followed by Black (8.9%), 

Latino/Hispanic (1.3%), Asian (1.3%), Native American (0.2%), two or more races (0.4%), and 

other or unknown (0.2%).  

4.3 Measures 

Dependent Variable (or endogenous variable): Online health information seeking intention.  

The measurement of health information-seeking intentions and behaviors varies across 

the existing literature. In a meta-analysis of OHIS behaviors, Wang et al. (2021) criticized the 

use of binary (yes/no) measures, arguing that they fail to capture the complexity and variability 

of individuals’ information-seeking efforts. Drawing on the Comprehensive Model of 

Information Seeking (CMIS), which conceptualizes health information seeking as a 

multidimensional process (Johnson & Meischke, 1993), this study assesses OHIS intentions with 

a focus on general intention as the primary outcome.  

OHIS intention was operationalized using a general intention measure that captures 

participants’ overall likelihood of seeking health information online. Items were adapted from 

prior OHIS behavior scales (Ünal & Deniz, 2024) and primarily focused on physician-related 

information-seeking behaviors. These items were reformulated to assess intention rather than 

past behavior and were generalized to reflect broader, everyday contexts of OHIS. Participants 

rated each item on a 7-point Likert scale ranging from 1 (extremely unlikely) to 7 (extremely 

likely). The four-item scale demonstrated good internal consistency reliability (Cronbach’s α = 

.83, CI [.80, .85]). This general intention measure serves as the primary outcome variable in the 

structural equation modeling (SEM) analyses. 

 
2 Percentages for race do not sum to 100% because some participants did not respond to the race question. 
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To provide additional context, two supplementary dimensions were also examined. The 

first captures content-oriented intention, reflecting the types of health information individuals 

intend to search for. Items were adapted from the Electronic Patient Engagement Behaviors 

(EPEB) scale developed by Hou et al. (2024), which includes participants’ intentions to search 

for disease-related information, self-care content, provider information, and medical records. 

Following measurement evaluation, three items were retained, demonstrating acceptable internal 

consistency (Cronbach’s α = .72, 95% CI [.67, .76]). 

The second supplementary dimension focuses on platform-oriented intention and assesses 

the digital channels older adults intend to use. Participants reported their likelihood of using 

various platforms, including search engines, health websites, social media, AI-enhanced search 

tools, and AI chatbots on a 7-point Likert scale (1 = Extremely unlikely; 7 = Extremely likely). 

Because these items represent distinct platforms rather than interchangeable indicators of a single 

construct, they were analyzed individually rather than combined into a composite scale. 

Independent Variable (or exogenous variable): Health motivational factors 

Perceived severity, perceived susceptibility, perceived health status, perceived 

information sufficiency, and interest in health information were considered as health 

motivational factors. These constructs capture different aspects of individuals’ health perceptions 

and motivations that are theoretically linked to engagement in online health information seeking.  

Perceived severity and perceived susceptibility were measured using items adapted from 

prior studies grounded in the HBM. Drawing on established measures from Çapık and Gözüm 

(2011) and Saunders et al. (2013), each construct was assessed using three items reflecting 

individuals’ beliefs about health risks and potential consequences. 
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Specifically, perceived severity was measured using three items that captured 

participants’ perceptions of the seriousness of potential health problems (e.g., “If I developed a 

serious health condition, it would have a major impact on my daily life”). Responses were 

recorded on a 7-point Likert scale (1 = strongly disagree, 7 = strongly agree). Internal 

consistency was α = .91, 95% CI [.89, .92]). 

Perceived susceptibility was measured using three items capturing individuals’ perceived 

likelihood of developing a health problem in the future (e.g., “I believe I am at risk for 

developing a serious illness”). All items were rated on a 7-point Likert scale ranging from 1 

(strongly disagree) to 5 (strongly agree). Internal consistency was α = .84, 95% CI [.78, .84]). 

Perceived health status is adapted from Roland et al. (2022) and modeled as a latent 

construct indicated by six self-reported items assessing participants’ current condition across key 

domains, including sleep, diet, mood, concentration, memory, and overall health. Participants 

rated each item on a 7-point Likert scale ranging from 1 (very poor) to 7 (very good). Internal 

consistency was α = .80, 95% CI [.77, .83].  

Interest in health information was measured by six items adapted from Van Stee and 

Yang (2018). Participants rated their level of interest in different types of health information 

(e.g., general health tips, illness or disease, medical records, etc.) on a 7-point Likert scale (1 = 

extremely uninterested, 7 = extremely interested). Internal consistency was α = .86, 95% CI [.84, 

.88]. The inclusion of multiple health information categories allowed the construct to capture 

variation across different health-related interests while also assessing participants’ broader 

orientation toward engaging with health information online. Consistent with the study’s focus on 

general OHIS intention, the construct was operationalized as a composite measure reflecting 

overall interest in obtaining health information. 
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Independent Variable (or exogenous variable): Social factors 

Perceived social support from family, friends, and peers, as well as support from 

healthcare professionals, were included as social factors in the proposed conceptual framework. 

These measures capture both informal (i.e., interpersonal) and formal (i.e., professional) sources 

of support relevant to online health information seeking. Items were adapted from the 

Multidimensional Scale of Perceived Social Support developed by Zimet et al. (1998) and 

revised to reflect the context of online health information seeking.  

Perceived social support was assessed with four 7-point Likert scale items focusing on 

the extent to which participants feel supported by family, friends, or peers in finding, evaluating, 

and understanding health information online. Sample items include: ‘I can count on my family to 

help me find reliable health information online’ and ‘I feel supported by my peers when I 

encounter challenges in accessing online health information’. Each item was rated on a scale 

from 1 (strongly disagree) to 7 (strongly agree). Internal consistency was α = .88, 95% CI [.86, 

.89]). 

Support from healthcare professionals was measured with four 7-point Likert items that 

capture participants’ perceptions of informational and emotional support received from 

healthcare providers in the context of online health information. Example items include: ‘I trust 

my healthcare provider to guide me in finding accurate online health information’ and 

‘Healthcare professionals assist me in understanding and evaluating the health information 

available online’. Responses were recorded on a 7-point Likert scale (1 = strongly disagree, 7 = 

strongly agree). Internal consistency was α = .94 (95% CI [.93, .95]). 

Independent Variable (or exogenous variable): Psychological factors 
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Attitudes, perceived social norms, perceived benefits, and perceived barriers were 

included as psychological factors in the proposed conceptual framework, capturing individuals’ 

cognitive evaluations and beliefs related to online health information seeking (OHIS). 

Attitudes toward OHIS were measured using eight items adapted from Rosen et al. 

(2013).  Items were revised to reflect the context of health information seeking and included both 

positively and negatively worded statements. Negatively worded items were reverse coded prior 

to analysis. Participants rated each item on a 7-point Likert scale (1 = strongly disagree, 7 = 

strongly agree). Sample items included “I believe it is important to be able to find health 

information online whenever I need it” and “Looking for health information online often leaves 

me feeling more confused than informed.” Internal consistency was α = .93 (95% CI [.92, .94]). 

Perceived social norms captured the extent to which individuals felt influenced by others 

in their decision to seek health information online. Following the 2 × 2 framework proposed by 

Park & Smith (2007), the measure incorporated personal and societal levels of influence, as well 

as descriptive and injunctive norms. Each of the four dimensions was assessed using two items 

adapted and tailored to the OHIS context. Sample items included “Most people who are 

important to me search for health information online” and “A majority of people in the United 

States approve of using the internet to find health information.” Responses were recorded on a 7-

point Likert scale (1 = strongly disagree, 7 = strongly agree). Internal consistency for each sub-

dimension was as follows: personal descriptive norms (α = .90, 95% CI [.87, .91]) , personal 

injunctive norms (α = .76, 95% CI [.72, .80]), societal descriptive norms (α = .90, 95% CI [.88, 

.92]), and societal injunctive norms (α = .86, 95% CI [.84, .89]). 

Perceived benefits were assessed using a shortened version of the scale developed by Ren 

et al. (2019), capturing four dimensions: learning, functional, social, and personal integrative 
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benefits. Items were selected based on conceptual relevance and empirical performance. 

Learning and functional benefits were each measured with two items, social benefits with two 

items, and personal integrative benefits with three items. Sample items included “Online health 

information seeking can help me make important health decisions” and “Searching for health 

information online can help me obtain solutions to health problems and diseases.” All items were 

rated on a 7-point Likert scale (1 = strongly disagree, 7 = strongly agree). Internal consistency 

estimates for each sub-dimension were as follows: learning benefits (α = .87, 95% CI [.84, .89]), 

functional benefits (α = .90, 95% CI [.88, .92]), social benefits (α = .69, 95% CI [.63, .74]), and 

personal integrative benefits (α = .87, 95% CI [.84, .89]). 

Perceived barriers were measured across two dimensions: cognitive barriers and digital 

navigation barriers, reflecting internal and external challenges associated with OHIS. This 

approach was adapted from Savolainen (2015). Cognitive barriers captured difficulties in 

identifying, articulating, and processing health information needs (e.g., “I don’t feel confident in 

my ability to find health information online”), whereas digital navigation barriers reflected 

challenges in using online platforms (e.g., “It takes too much effort to search for health 

information online”). All items were rated on a 7-point Likert scale (1 = strongly disagree, 7 = 

strongly agree). Internal consistency was α = .84 (95% CI [.82, .87]) for cognitive barriers and α 

= .83 (95% CI [.80, .85]) for digital navigation barriers. 

Independent Variable (or exogenous variable): Instrumental factors  

 Perceived usefulness, perceived ease of use, perceived credibility, and perceived 

competence were considered as instrumental factors, capturing individuals’ evaluations of the 

functionality, usability, and trustworthiness of online health information environments. 
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 Perceived usefulness and perceived ease of use were measured using items adapted from 

Subramanian (1994) and tailored to the context of online health information seeking. Both 

variables were measured using a 7-point Likert scale (1 = strongly disagree, 7 = strongly agree). 

Perceived usefulness was assessed with three items reflecting the extent to which individuals 

believe that OHIS supports understanding, decision-making, and health management (α = .94, 

95% CI [.93, .95]). Perceived ease of use was measured with four items capturing the perceived 

simplicity of accessing and navigating online health information (α = .92, 95% CI [.91, .93]). 

 Perceived credibility of online health information and its sources was assessed using a 

nine-item scale adapted from Ohanian (1990). The measure captures two dimensions: 

trustworthiness and expertise, applied to both the information content and the platforms through 

which it is accessed (e.g., search engines, social media, AI-enhanced tools, and chatbots). 

Trustworthiness reflects the extent to which information is perceived as honest, accurate, and 

unbiased, whereas expertise refers to perceptions of knowledgeability and qualification. Sample 

items included “I believe the platform I use to find health information is honest” and “The health 

information I find online appears to come from expert sources.” All items were rated on a 7-

point Likert scale (1 = strongly disagree, 7 = strongly agree). Internal consistency was α = .91 

(95% CI [.90, .92]) for the trustworthiness dimension and α = .93 (95% CI [.92, .94]) for the 

expertise dimension. 

Perceived competence was measured using four items adapted from the Perceived 

Competence Scale developed by Williams et al. (1998). Sample items included “I feel confident 

in my ability to search for health information online” and “I feel able to evaluate whether health 

information I find online is accurate and trustworthy.” Responses were recorded on a 7-point 

Likert scale (1 = strongly disagree, 7 = strongly agree). This construct reflects individuals’ self-
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assessed ability to search for, evaluate, and apply health information from digital sources (α = 

.90, 95% CI [.88, .91]).  

Independent Variable (or exogenous variable): SES factors  

 Socioeconomic status (SES) was operationalized using two indicators: educational level 

and household income. These variables capture key dimensions of participants’ social and 

economic positioning. Educational level was measured by asking participants to report the 

highest level of education completed, with response options ranging from “less than high school” 

to “Doctorate or professional degree (e.g., PhD, MD, JD).” Household income was assessed 

using a categorical item in which participants selected their total annual household income 

before taxes from a set of predefined income brackets. Higher values on both indicators reflect 

greater socioeconomic advantage. 

In addition to SES, demographic characteristics, including gender identity, race, and 

ethnicity, were collected. The full survey instrument, including all measurement items, is 

provided in the Appendix. 

4.4 Analysis 

The hypothesized model was analyzed using Structural Equation Modeling (SEM), a 

statistical approach suitable for examining complex relationships among observed variables and 

latent constructs (Stein et al., 2017). A key advantage of SEM is its ability to account for 

measurement error, thereby improving the accuracy of estimated relationships among variables 

(Savalei, 2019).  

Given the multidimensional nature of the proposed model, a stepwise modeling strategy 

was adopted. Initially, separate measurement models were evaluated for each conceptual block, 

including health motivational, social, psychological, and instrumental variables, to establish 

construct validity and identify potential issues such as poor model fit, multicollinearity, and 
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construct overlap. Based on these preliminary analyses, several constructs were re-specified as 

observed composite variables where latent structures were not supported, which reflected a more 

parsimonious and empirically grounded measurement framework. 

Following the evaluation of individual blocks, a full structural model was specified to 

examine the relationships among predictors of online health information-seeking (OHIS) 

intentions. Structural paths were interpreted as standardized regression coefficients, and model 

refinement was guided by both theoretical considerations and empirical evidence, including 

modification indices and parameter estimates. Redundant predictors were removed or re-

specified to improve model parsimony and interpretability. 

All analyses were conducted in R (Version 4.1.3) using the lavaan package. Model 

parameters, including factor loadings, regression paths, and covariances, were estimated using 

maximum likelihood estimation. Model fit was evaluated using multiple indices, including the 

Comparative Fit Index (CFI), Tucker–Lewis Index (TLI), Root Mean Square Error of 

Approximation (RMSEA), and Standardized Root Mean Square Residual (SRMR), following 

recommendations by Hu and Bentler (1999). Conventional cutoff criteria were applied, with CFI 

and TLI values of .90 or higher, and RMSEA and SRMR values of .08 or lower indicating 

acceptable fit (Hu & Bentler, 1999) 

The distribution of observed variables was examined to assess assumptions of normality, 

and robust estimation methods were considered where appropriate. The proportion of variance 

explained in key endogenous variables was assessed using R² values. 

Demographic variables, including education and household income, were included as 

observed predictors to examine their associations with OHIS intentions. Additional demographic 

characteristics (e.g., gender, race, and ethnicity) were also examined as covariates in the model. 
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Chapter 5: Results for Main Study 
5.1 Participant Characteristics  

The basic demographic information for the main study participants is presented in Table 

7. The sample consisted primarily of women (60.6%) and was relatively well educated, with over 

three-quarters reporting at least some college education. Most participants identified as White 

(87.5%) and non-Hispanic (96.1%). Income levels varied, with the largest group reporting annual 

incomes between $20,000 and $49,999 (37.9%).  

Table 7. Participant Characteristics (Main Study) 

Variable Category N % 
 
 
Gender 

Woman 277 60.61 
Man 178 38.95 
Other 2 0.44 

 
 
 
 
 
 

Education 

Less than high school 2 0.44 
High school diploma or GED 57 12.47 
Some college, no degree 89 19.47 
Associate degree (2-year) 50 10.94 
Bachelor’s degree (4-year) 147 32.17 
Master’s degree  89 19.47 
Doctorate or professional degree  23 5.03 

 
Race 

White 400 87.47 
Non-White 57 12.47 

 
Ethnicity 

Hispanic 18 3.89 
Non-Hispanic 445 96.11 

 
 
 
 
 
Income 

$0 to $19.9k 28 6.13 
$20k to $49.9k 173 37.86 
$50k to $89.9k 130 28.45 
$90k to $129.9k 71 15.54 
$130k to $149.9k 29 6.35 
$150k + 26 5.69 
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5.2 Descriptive Statistics for Study Variables  

Descriptive statistics for all composite variables are presented in Table 8. Overall, 

participants reported high levels of OHIS intention (M = 5.91, SD = 1.04), indicating a strong 

general tendency to seek health information online among older adults in the sample. 

Instrumental factors were also rated highly, suggesting that participants viewed online 

health information as accessible, credible, and useful. Health-related perceptions were moderate 

to high, with relatively high perceived severity (M = 5.55, SD = 1.12) and health status (M = 

5.41, SD = 0.89), but lower perceived susceptibility (M = 4.29, SD = 1.27). 

Social factors reflected moderate levels of support overall, with higher support from 

healthcare professionals (M = 5.25, SD = 1.40). Psychological factors also indicated favorable 

orientations toward OHIS, as reflected in positive attitudes (M = 5.90, SD = 0.86). In contrast, 

perceived barriers were relatively low, including cognitive barriers (M = 2.94, SD = 1.20) and 

digital navigation barriers (M = 2.38, SD = 1.04). 

Table 8. Means and Standard Deviations of Composite Variables 
Construct M SD Construct M SD 
General OHIS intention 5.91 1.04 Perceived learning benefits 5.58 1.02 
Perceived susceptibility  4.29 1.27 Perceived functional benefits 5.79 1.05 
Perceived severity  5.55 1.12 Perceived social benefits  4.24 1.32 
Perceived health status 5.41 0.89 Perceived personal integrative benefits  4.64 1.28 
Interest in health information 5.00 1.21 Perceived cognitive barriers 2.94 1.20 
Perceived social support 4.45 1.44 Perceived digital navigation barriers 2.38 1.04 
Support from healthcare professionals  5.25 1.40 Perceived usefulness  5.70 0.97 
Attitudes 5.90 0.86 Perceived ease of use 5.82 0.93 
Personal descriptive norms 5.19 1.19 Perceived expertise 5.76 0.85 
Personal injunctive norms 5.27 1.11 Perceived trustworthiness 5.61 0.85 
Societal descriptive norms 5.29 1.10 Perceived competence  5.96 0.80 
Societal injunctive norms 5.17 1.02    

 
The correlations of the main study constructs are presented in Table 9 (see next page).  
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5.3 Measurement Model Evaluation (CFA) 

 Following the examination of descriptive statistics, confirmatory factor analyses (CFA) 

were conducted to evaluate the measurement properties of all first-order constructs included in 

this study.  

 The measurement model for health motivational related constructs, including perceived 

susceptibility, perceived severity, health status, and health interest, demonstrated suboptimal fit 

(χ²(284) = 1452.26,  p < .001, CFI = .84, TLI = .81, RMSEA = .11, SRMR = .08), which 

suggests that the proposed factor structure may not fully capture the relationships among the 

indicators. Despite the overall fit, all indicators loaded significantly onto their respective 

constructs (all p < .001), with standardized factor loadings ranging from .52 to .94. Inter-

construct correlations were moderate in magnitude, such as the association between perceived 

susceptibility and perceived severity (r = .48) and between perceived susceptibility and interest 

in health information (r = .38), indicating that the constructs are related but remain distinct. 

Health status was negatively associated with other constructs (e.g., r = -.49 with susceptibility), 

suggesting it captures a conceptually different dimension of health-related perception: 

individuals who perceived themselves as healthier tend to report reduced susceptibility to health 

risks.  

 Following the evaluation of health motivational-related constructs, CFA was conducted 

to assess the measurement properties of social variables, including perceived social support and 

support from healthcare professionals. The model demonstrated mixed fit to the data, χ²(19) = 

187.19, p < .001, CFI = .94, TLI = .91, RMSEA = .14, and SRMR = .04. While CFI, TLI, and 

SRMR indicated acceptable fit, the elevated RMSEA suggests potential model misfit and should 

be interpreted with caution. Despite this, standardized factor loadings were consistently high and 
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statistically significant (all p < .001), indicating that the indicators adequately represent their 

respective constructs. 

 Next, the CFA results of psychological variables, including attitudes, perceived social 

norms, perceived benefits, and perceived barriers, demonstrated an acceptable fit (χ²(461) = 

1301.46, p < .001, CFI = .92, TLI= .91, RMSEA = .06, SRMR = .05). All indicators loaded 

significantly onto their respective constructs (all p <.001), with standardized loadings ranging 

from .58 to .95. Positive attitudes and perceived benefits exhibited particularly strong loadings 

(e.g., positive attitudes: .76 - .91; benefits: .66 - .95), while cognitive and digital barriers also 

demonstrated acceptable loadings (.58 - .85). 

            However, modification indices suggested substantial overlap among several constructs, 

particularly between favorable attitudes and perceived benefits, as well as cognitive barriers and 

digital barriers, with large suggested cross-loadings (e.g., MI > 40). While these findings 

provided empirical evidence of conceptual overlap among the constructs, the re-specification of 

the model was also theoretically grounded in broader theories of attitude formation and 

technology evaluation. Although perceived benefits and favorable attitudes are conceptually 

distinct constructs in prior theories, frameworks such as the Theory of Reasoned Action and the 

Technology Acceptance Model suggest that favorable attitudes toward a behavior are closely 

shaped by beliefs regarding its anticipated benefits and positive outcomes (Ajzen & Fishbein, 

1980; Davis, 1989; Venkatesh & Davis, 2000). In the context of OHIS, older adults who 

perceive online health information seeking as beneficial may also be more likely to hold 

favorable attitudes toward engaging in OHIS, suggesting that these constructs function as closely 

related evaluative dimensions of OHIS engagement. Similarly, perceptions related to cognitive 

difficulties and digital barriers may collectively reflect broader negative evaluations of engaging 
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in OHIS. Accordingly, perceived benefits and favorable attitudes toward OHIS were modeled as 

dimensions of a broader higher-order positive evaluation construct, whereas cognitive barriers 

and digital barriers were modeled as dimensions of a broader higher-order negative evaluation 

construct. 

The CFA results for instrumental variables, including perceived usefulness, ease of use, 

trustworthiness, expertise, and competence, indicated good fit (χ²(160) = 563.95, p <.001, CFI = 

.95, TLI = .95, RMSEA = .07, SRMR = .04), supporting the adequacy of the first-order factor 

structure. Standardized factor loadings were consistently strong across all constructs, ranging 

from .74 to .90 for perceived trustworthiness, .82 to .88 for perceived ease of use, .86 to .90 for 

perceived expertise, .76 to .87 for perceived competence, and .90 to .91 for perceived usefulness 

(all p < .001). At the same time, the latent correlations suggested substantial overlap among 

several instrumental variables. In particular, perceived trustworthiness was very strongly 

correlated with perceived expertise (r = .94), and perceived ease of use was strongly correlated 

with perceived competence (r = .84). Correlations between perceived usefulness and the other 

instrumental constructs were also moderate to strong, ranging from .58 to .68. This pattern 

indicates that, although the constructs were measured reliably, some instrumental variables 

captured closely related perceptions, which, later on, informed subsequent model specification.  

Finally, as the endogenous variable (outcome), the OHIS intention construct was 

modeled as a single latent factor. The scale was initially measured using four items; however, 

one item was excluded due to a relatively low factor loading (λ = .48), which suggests that it did 

not adequately represent the underlying construct. The final measurement model, therefore, 

retained three items, all of which loaded significantly onto the latent construct (all p < .001), with 
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standardized factor loadings ranging from .67 to .97. These results indicate good measurement 

validity for the OHIS intention construct. 

5.4 Block-Wise Structural Results 

5.4.1 Health motivational factor block 
 

Consistent with the CFA results, which did not support a higher-order health motivational 

factor, a block-wise modeling strategy was adopted to examine the contribution of each construct 

to OHIS intentions. 

Perceived health status was first examined as a standalone predictor. After refining the 

measurement model by removing weak indicators, the model demonstrated good fit (χ²(19) = 

82.63, p < .001, CFI = .97, TLI = .95, SRMR = .05), but perceived health status was not a 

significant predictor of OHIS intentions (β = −.06, p = .234). This suggests that general health 

conditions alone do not predict engagement in online health information seeking.  

Next, risk perception variables, including perceived susceptibility and perceived severity, 

were examined jointly. This model demonstrated excellent fit (χ²(24) = 86.24, p < .001, CFI = 

.98, TLI = .97, RMSEA = .08, SRMR = .04). Both constructs were significant predictors of 

OHIS intentions, with perceived susceptibility (β = .15*, p = .02) and perceived severity (β = 

.19***, p = .001) positively associated with OHIS. These findings indicate that individuals are 

more likely to seek health information when they perceive themselves to be at risk and believe 

the consequences to be serious. 

Interest in health information was then examined. With the consideration of the previous 

measurement limitation identified in the CFA, interest in health information was operationalized 

as an observed composite. In this specification, interest in health information emerged as the 

strongest predictor of OHIS intentions (β = .43***, p < .001), highlighting the importance of 

internal motivation in shaping information-seeking intentions.  
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When all health-related predictors were examined simultaneously, health interest 

remained the strongest predictor of OHIS intentions (β = .39***, p < .001), followed by 

perceived severity (β = .17**, p = .005). In contrast, perceived susceptibility was no longer 

significant (β = .05, p = .423), and perceived health status remained non-significant. These 

findings indicate that OHIS intentions among older adults are more strongly associated with 

evaluative and motivational factors, specifically, interest in health information and perceived 

severity, than with perceptions of susceptibility or overall health condition.  

5.4.2 Social factor block 

The social factor block was examined to assess how different forms of social influence, 

specifically, perceived social support and support from healthcare professionals, relate to online 

health information-seeking (OHIS) intentions. A confirmatory factor analysis indicated that the 

measurement model demonstrated a generally acceptable fit (χ²(41) = 211.52, CFI = .96, TLI = 

.94, SRMR = .03), although RMSEA was high (.095). Results indicated that neither perceived 

social support (β = .02, p = .72) nor support from healthcare professionals (β = -.08, p = .19) was 

significantly associated with OHIS intentions. These findings suggest that access to support, 

whether from personal networks or healthcare providers, does not independently predict older 

adults’ intentions to seek health information online. Rather than serving as direct motivators, 

support-related factors may function as contextual resources that do not necessarily translate into 

proactive health information-seeking intentions.  

5.4.3 Psychological factor block 

The psychological factor block was examined to assess how evaluative and normative 

processes shape OHIS intentions. Building on the measurement model established in the CFA, 

psychological constructs were operationalized as broader evaluative dimensions, including 
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positive evaluation and negative evaluation, alongside perceived social norms. A mediation 

model was estimated to examine whether the association between social norms and OHIS 

intentions operates through positive evaluation. 

 The model demonstrated acceptable overall fit (χ²(18) = 189.78, CFI = .94, TLI = .90, 

SRMR = .06), although RMSEA remained suboptimal (.123), suggesting some residual model 

misfit. Results indicated that social norms were positively associated with positive evaluation (β 

= .57***, p < .001), and positive evaluation was strongly associated with OHIS intentions (β = 

.65***, p < .001). The direct effect of social norms on OHIS intentions remained significant (β = 

.14***, p = .001), indicating partial mediation. The indirect effect of social norms on OHIS 

intentions through positive evaluation was substantial and statistically significant (β = .37***, p 

< .001), while the total effect was also significant (β = .51***, p < .001). 

 In contrast, negative evaluation (i.e., perceived cognitive and digital barriers) was not 

significantly related to OHIS intentions, suggesting that perceived difficulties do not strongly 

discourage engagement in this context. Overall, the findings indicate that social norms influence 

OHIS intentions both directly and indirectly by shaping how positively individuals view online 

health information seeking. The model explained a substantial portion of variance in OHIS 

intentions (R² = .55), highlighting the important role of both evaluations and social expectations 

in shaping older adults’ information-seeking intentions.  

5.4.4 Instrumental factor block 

The instrumental factor block was examined to assess how technology-related 

perceptions influence OHIS intentions. Building on the CFA results, which indicated substantial 

overlap between perceived trustworthiness and expertise, as well as between ease of use and 

competence, these constructs were combined into broader factors in the structural model. 
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Specifically, trustworthiness and expertise were modeled as a unified construct (trust–expertise), 

and ease of use and competence were combined into a single factor (ease–competence). The 

model demonstrated acceptable fit (χ²(224) = 1032.43, CFI = .92, TLI = .91, RMSEA = .09, 

SRMR = .05), indicating that the revised structure adequately captured the relationships among 

instrumental factors. 

Results revealed that perceived usefulness was the strongest predictor of OHIS intentions 

(β = .59***, p < .001), indicating that individuals are more likely to engage in online health 

information seeking when they perceive it as beneficial and valuable. The combined trust-

expertise construct was also positively associated with OHIS intentions (β = .13*, p = .02), 

suggesting that perceptions of how reliable and trustworthy the information or source also 

contribute to engagement, but to a lesser extent. In contrast, the ease-competence construct was 

not significantly related to OHIS intentions (β = .12, p = .10), suggesting that how easy the 

system is to use and how capable individuals feel do not directly influence their intention to seek 

health information online. 

5.4.5 SES factor block 

A structural model was estimated to examine the effects of socioeconomic status (SES) 

factors, including education level and household income, on OHIS intention among digitally 

connected older adults. The model demonstrated excellent fit to the data (CFI = 1.00, TLI = 1.00, 

RMSEA = 0.00, SRMR = 0.006, χ²(4) = 3.32, p = .506). Results indicated that neither education 

level (β = 0.01, p = .873) nor household income (β = 0.03, p = .581) was significantly associated 

with OHIS intention.  

5.5 Final Structural Model: To Propose an Integrated Model 

 Building on the block-wise analyses, a final integrated structural model was estimated to 

examine the combined influence of key predictors of OHIS intentions. This model included 
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health motivational factors (health interest and perceived severity), psychological processes 

(perceived social norms and positive evaluation), and instrumental factors (perceived usefulness 

and perceived trust-expertise).  

           To ensure parsimony and model stability, alternative model specifications were tested. 

Variables that were not significant in prior analyses (e.g., perceived susceptibility, perceived 

health status, perceived social support, and perceived ease–competence) were removed, as their 

exclusion did not alter the overall pattern of results.  

 The final structural model demonstrated acceptable fit (χ²(239) = 845.64, CFI = .94, TLI 

= .93, RMSEA = .075, SRMR = .091), following the addition of a small number of theoretically 

justified residual correlations among indicators within the same constructs. Results indicated that 

perceived usefulness was the strongest predictor of OHIS intentions among older adults (β = 

.45***, p < .001), followed by positive evaluation (β = .20*, p = .039), perceived trust-expertise 

(β = .16**, p = .003), and perceived severity (β = .13***, p < .001). Interest in health 

information also showed a smaller but significant association (β = .09*, p < .041).  

Social norms were strongly associated with positive evaluation (β = .95***, p < .001), 

indicating that older adults who perceive greater social expectations to engage in online health 

information seeking are more likely to view such behavior positively. In turn, positive evaluation 

was a significant predictor of OHIS intentions, supporting a mediated relationship. Notably, the 

direct effect of social norms on OHIS intentions was not significant, which indicates that social 

influence does not directly motivate behavioral intentions. Instead, its impact operates primarily 

by shaping how individuals evaluate the value and usefulness of seeking health information 

online. In other words, social norms influence behavior indirectly by fostering more favorable 

perceptions of OHIS, which then translate into stronger intentions to engage in it.  
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This finding is consistent with previous research suggesting that social norms may 

indirectly influence behavioral intentions through evaluative and attitudinal processes. For 

example, prior research examining consumers’ willingness to purchase cultured food products 

found that perceived social norms exerted indirect effects on purchase intentions through 

perceived effectiveness and attitudes toward the behavior (Wang & Chu, 2021). Similarly, the 

present findings suggest that positive evaluation functions as an important mechanism through 

which social norms shape older adults’ OHIS intentions. The importance of this mediating 

mechanism was further reflected in the explanatory power of the final model. A closer 

examination of the R² values showed that the model explained a substantial proportion of 

variance in OHIS intentions (R² = .60), indicating strong overall explanatory power. In addition, 

perceived social norms accounted for a large share of variance in positive evaluation (R² = .90), 

further underscoring the central role of positive evaluation in linking social influence to OHIS 

intentions. 

5.6 Evaluation of Research Hypotheses  

 Based on the results of the final structural model, the proposed hypotheses were 

evaluated as follows.  

H1: Health motivational factors 

 H1 proposed that health motivational factors would influence OHIS intentions. In the 

final model, perceived severity (β = .13***, p < .001) and health interests (β = .09*, p = .041) 

were both positively associated with OHIS intentions. However, perceived susceptibility and 

perceived health status were not retained in the final model due to non-significant effects. Thus, 

H1b and H1d were supported, while H1a and H1c were not.  

H2: Social factors  
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 H2 proposed that social factors, including perceived social support and support from 

healthcare professionals, would positively influence OHIS intentions. However, these variables 

were not retained in the final model due to non-significant effects in earlier analyses. Therefore, 

H2 was not supported.  

H3: Psychological factors 

 H3 proposed that psychological factors would influence OHIS intentions. In the final 

model, positive evaluation (β = .20*, p = .039), a higher-order construct encompassing positive 

attitudes and perceived benefits, was a significant predictor of OHIS intentions. In addition, 

perceived social norms were strongly associated with positive evaluation (β = .95***, p < .001), 

indicating an indirect effect on OHIS intentions. Although this strong association suggests 

substantial shared variance, the constructs were retained as theoretically distinct, reflecting 

external social influence versus individuals’ internal evaluations. Negative evaluations, including 

perceived cognitive barriers and perceived digital navigation barriers, were not retained due to 

non-significant effects. Thus, H3a and H3c were supported, while others in H3 were not.   

H4: Instrumental factors  

 H4 proposed that instrumental factors would positively influence OHIS intentions. In the 

final model, perceived usefulness (β = .45***, p < .001) emerged as the strongest predictor, 

followed by perceived trust–expertise (β = .16**, p = .003). The trust-expertise construct 

represents a higher-order dimension combining perceptions of source trustworthiness and 

expertise, reflecting participants’ overall confidence in online health information. By contrast, 

the ease-competence construct, integrating perceived ease of use and digital navigation 

competence, was not retained due to non-significant effects. Therefore,  

H5: SES factors   
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H5 proposed that socioeconomic status factors would influence OHIS intentions. 

However, neither education nor income was significantly associated with OHIS intentions and 

were not retained in the final model. Therefore, H5 was not supported. 

To provide a visual summary of these relationships, the final structural model with 

standardized path coefficients is presented in Figure 3.  

 

Figure 3. Final SEM Model of OHIS Intention 

5.7 Analysis of Other Demographic Factors  

To address RQ3, a supplementary multiple regression analysis was conducted to examine 

the associations between demographic characteristics and OHIS intentions. Results indicated that 

gender, race, and ethnicity were not significantly associated with OHIS intentions. In addition, 

the overall model was not statistically significant, F(8, 446) = 0.22, p = .987, and explained 
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minimal variance in OHIS intentions (R² = .004). These findings suggest that demographic 

characteristics do not meaningfully contribute to differences in OHIS intentions among older 

adults in this sample. 

5.8 Additional Findings: Content and Platform-Oriented OHIS Intentions 

As mentioned earlier, in addition to the general OHIS intention, two supplementary 

dimensions were examined to provide a more nuanced understanding of how older adults intend 

to engage with online health information. Specifically, content-oriented intention captures the 

types of health information individuals intend to seek, while platform-oriented intention reflects 

the digital channels through which they plan to access such information. These dimensions were 

analyzed separately from the main structural model to offer additional descriptive insights into 

patterns of OHIS intention 

First, content-oriented intention was examined as a composite measure reflecting the 

breadth of health information types that individuals intend to seek, with minimally acceptable 

internal consistency (Cronbach’s α = .69). Overall, participants reported a high level of intention 

to engage with a wide range of health information (M = 5.84, SD = 0.90). Among different types 

of health information sought, viewing health-related images or videos was the most frequently 

endorsed behavior (M = 6.16, SD = 1.25), followed by searching for disease- or treatment-

related information (M = 5.90, SD = 1.11). Intentions to seek provider-related information (M = 

5.68, SD = 1.27) and self-care content (M = 5.63, SD = 1.33) were also relatively high, though 

slightly lower in comparison. 

Correlation analysis further indicated a strong positive association between content-

oriented intention and general OHIS intention (r = .71, p < .001, 95% CI [.66, .75]), suggesting 

that individuals with stronger overall intentions to seek health information are also more likely to 

engage with a broader range of health-related content.  
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Second, platform-oriented intention was examined at the item level, as each platform 

represents a distinct channel rather than interchangeable indicators of a single construct. 

Descriptive results indicated substantial variation in platform preferences among older adults. 

Participants reported the highest likelihood of using social media platforms (M = 6.09, SD = 

1.16), followed by traditional search engines (M = 5.67, SD = 1.25). In contrast, lower levels of 

intention were observed for AI chatbots (M = 4.06, SD = 1.84), and particularly for AI-integrated 

search engines (M = 2.78, SD = 1.82), which exhibited the lowest level of intention overall. 

Paired-sample t-tests further confirmed that these differences were statistically 

significant. Intentions to use social media platforms were significantly higher than all other 

platforms (all p < .001). Traditional search engines were also rated significantly higher than both 

AI chatbots and AI-integrated search engines (all p < .001).   

To summarize, these findings indicate a clear hierarchy of platform preferences, with 

older adults demonstrating strong engagement with social media and traditional search engines, 

while showing comparatively lower intention to use emerging AI-based tools.  
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Chapter 6: Discussion 
 
6.1 Overview 

 This dissertation investigates the factors influencing online health information-seeking 

(OHIS) among digitally connected older adults by distinguishing between observed behaviors 

and behavioral intentions. Drawing on secondary data from HINTS 7, the preliminary analysis 

examines patterns of existing OHIS behaviors among older adults. Building on these insights, the 

main study, a survey, focuses on behavioral intentions, exploring how health motivational, 

social, psychological, instrumental, SES, and other demographic factors shape older adults’ 

intentions to seek health information online. By integrating behavioral evidence with intention-

based analysis and incorporating both established theoretical frameworks and newly introduced 

constructs, this research provides a more comprehensive understanding of OHIS among adults 

aged 65 and older.  

6.2 Summary of Key Findings  

 Across the two studies, the findings collectively demonstrate that OHIS among digitally 

connected older adults is shaped not primarily by demographic characteristics, but by a 

combination of digital capabilities, psychological evaluations, and perceived value of online 

health information. 

 A key distinction that emerges across the two studies is the difference between 

capability-driven behavior and motivation-driven intention. Findings from the preliminary study 

highlight the critical role of digital capabilities in shaping actual OHIS behaviors. In particular, 

digital skills emerged as the strongest predictor of engagement, while digital frustration acted as 

a significant barrier, indicating that the ability to effectively navigate digital environments is 

fundamental to whether older adults engage in OHIS at all. In contrast, the main study shifts the 
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focus from capability to motivation, demonstrating that OHIS intentions are primarily driven by 

evaluative and perceptual factors. Perceived usefulness was the strongest predictor of intention, 

followed by positive evaluation (i.e., positive attitudes and perceived benefits) and trust-related 

perceptions. The results of both studies indicate a two-step process: digital skills are necessary 

for a person to participate in OHIS, but their psychological and practical assessments are what 

finally determine their plan to do so. 

 In addition, across both studies, the role of sociodemographic factors was limited. 

Although age and education initially appeared to influence OHIS behavior in the preliminary 

analysis, these effects diminished once digital and psychological variables were taken into 

account. Similarly, in the main study, education, income, gender, race, and ethnicity were not 

significant predictors of OHIS intentions. Such patterns suggest that differences in OHIS among 

older adults are less attributable to demographic characteristics and more closely tied to 

differences in digital capacity and perceptual processes.  

However, these findings should be interpreted within the context of the study sample. 

Both the HINTS subsample and the primary survey focused on older adults who were already 

digitally connected, and the survey sample consisted largely of individuals with relatively high 

educational attainment and prior experience using digital technologies. As a result, structural 

differences associated with socioeconomic status may have been partially reduced within this 

population. In broader populations that include individuals with lower digital access, limited 

internet experience, or lower levels of technological engagement, SES-related disparities may 

remain more pronounced. Thus, the present findings may reflect the characteristics of digitally 

connected older adults rather than the absence of broader structural inequalities in OHIS. 
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 Social factors also demonstrated a more nuanced role than initially expected. In the 

preliminary study, perceived openness of healthcare providers was positively associated with 

OHIS behavior, suggesting that supportive communication environments may encourage 

engagement. However, in the main study, social support variables did not directly predict OHIS 

intentions. Instead, social influence operated indirectly through perceived social norms, which 

strongly shaped positive evaluation. This indicates that social context may not directly motivate 

behavior but rather influences how individuals evaluate the value and relevance of engaging in 

OHIS. 

Another important finding concerns the role of barriers. In the main study, perceived 

cognitive and digital navigation barriers, represented as a higher-order negative evaluation 

construct, were not significant predictors of OHIS intentions. In contrast, in the preliminary 

study, digital frustration was negatively associated with actual engagement. This divergence 

suggests that barriers may function differently across behavioral stages. Specifically, barriers 

appear to play a stronger role in constraining actual behavior than in shaping behavioral 

intentions, whereas perceived benefits and usefulness are more central to motivational processes. 

A related insight emerges when comparing perceived barriers in the main study with 

behavioral indicators from the preliminary analysis. In the main study, perceived cognitive (M = 

2.94, SD = 1.20) and digital navigation barriers (M = 2.38, SD = 1.04) were reported as 

relatively low and were not significantly associated with OHIS intentions. However, in the 

preliminary study, digital frustration remained a significant constraint on actual engagement. 

Although these findings are based on different samples and measures, this contrast suggests a 

potential gap between perceived and experienced barriers. Older adults may not explicitly 

identify cognitive or navigation challenges at the perceptual level, yet still encounter difficulties 
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during actual interaction with digital technologies. This highlights the importance of 

distinguishing between perceived and experienced barriers in understanding digital health 

behaviors. 

Moreover, the findings provide important insight into the conceptualization of credibility-

related constructs in OHIS contexts. Prior literature has offered differing perspectives regarding 

whether trustworthiness and expertise should be examined as distinct dimensions or as 

components of a broader credibility construct. While some scholars conceptualize perceived 

credibility as a multidimensional construct encompassing both trustworthiness and expertise 

(Fogg & Tseng, 1999; Metzger et al., 2003), others argue that these dimensions may operate 

differently depending on the communication context and therefore should be assessed separately 

(McGinnies & Ward, 1980; Willemsen et al., 2011). Consistent with this perspective, the present 

study initially conceptualized and measured trustworthiness and expertise as separate constructs 

in order to capture their potentially distinct influences on OHIS intentions. 

However, the analyses revealed a substantial degree of overlap between the two 

dimensions, and the final structural model supported a higher-order factor combining 

trustworthiness and expertise. This finding suggests that, in the context of OHIS among older 

adults, perceptions of expertise and trustworthiness may not function as entirely separate 

evaluative processes. Instead, older adults may assess credibility more holistically when 

interacting with online health information. In digital environments, users may have limited 

ability to independently verify technical accuracy, professional qualifications, or source quality. 

As a result, information perceived as trustworthy may also be viewed as knowledgeable or 

expert, leading these dimensions to become closely intertwined. 
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These findings contribute to ongoing discussions regarding the measurement and 

conceptualization of credibility in digital communication environments. While separating 

trustworthiness and expertise may remain theoretically valuable in some contexts, the present 

results suggest that, among digitally connected older adults engaging in OHIS, these dimensions 

may operate together as part of a broader credibility perception. 

Beyond the overall patterns, several additional insights emerge from these analyses. First, 

older adults reported high levels of intention across different types of health information, 

suggesting that they are broadly interested in a wide range of health topics rather than focusing 

on just one type. Second, visually oriented content, such as images and videos, was the most 

preferred, indicating that format plays an important role in how older adults engage with health 

information. This pattern aligns with platform preferences, as social media, one of the most 

preferred platforms, often features visual and easy-to-consume content. Also, platform 

preferences show differences in the adoption of digital technologies. Older adults reported higher 

intention to use more established platforms, such as traditional search engines and social media, 

and lower intention to use newer AI-based tools. The larger variation in responses for AI 

platforms also suggests that older adults differ in their willingness to use these technologies, with 

some being more open to them and others more hesitant. 

6.3 Theoretical Implications  

This research has several theoretical implications. First, it advances the understanding of 

older adults’ OHIS intentions by adopting a comprehensive, integrative framework that brings 

together key perspectives from established theories, including the Health Belief Model (HBM), 

Technology Acceptance Model 2 (TAM2), and the Comprehensive Model of Information 

Seeking (CMIS). The value of the present study lies not only in combining constructs from 

multiple theoretical traditions but also in examining how these factors operate simultaneously 
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within a single explanatory framework. Prior OHIS studies have frequently examined 

demographic, technological, social, or health-related predictors in isolation. In contrast, the 

integrated model used in this study makes it possible to identify which factors remain robust 

once competing explanations are considered together. The findings suggest that some 

relationships previously attributed to demographic characteristics, such as age and education, 

become substantially reduced when more proximal digital and evaluative factors are included.  

Meanwhile, building on this integrative approach, the findings highlight the central role 

of evaluative and instrumental processes, particularly perceived usefulness and positive 

evaluation, in shaping OHIS intentions. This provides empirical support for the relevance of 

TAM-related constructs in the context of health information seeking, while also extending prior 

work by demonstrating that these evaluative factors may outweigh traditional health belief 

variables in predicting behavioral intentions. In doing so, the study refines existing theoretical 

applications by suggesting that, in digitally connected older populations, perceptions of value 

and utility may be more influential than perceived risks or barriers.  

More importantly, this study contributes to theory by clarifying the role of social 

influences in shaping OHIS intentions. Although prior research has frequently emphasized the 

importance of social support (Kim et al., 2013, Lin et al., 2016; Yang et al., 2017), the present 

findings showed that perceived support from family and friends, as well as support from 

healthcare professionals, did not significantly predict OHIS intentions. In contrast, perceived 

social norms demonstrated a significant indirect pathway through positive evaluation, a higher-

order construct reflecting perceived benefits and favorable attitudes toward OHIS, which in turn 

predicted OHIS intentions. This pattern suggests that older adults may be influenced less by the 
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availability of supportive resources themselves and more by whether OHIS is perceived as 

socially encouraged, accepted, or commonly practiced within their social environments.  

Positive evaluation was modeled specifically as a mediator between perceived social 

norms and OHIS intentions because social norms were conceptualized as an external social 

influence rather than an evaluative belief itself. In contrast, constructs such as perceived 

usefulness and trust-expertise already reflect evaluative judgments regarding OHIS and digital 

health information sources. As a result, modeling these constructs through an additional 

evaluative mediator may have introduced conceptual redundancy within the structural model. 

This distinction suggests that social norms may shape OHIS intentions indirectly by influencing 

individuals’ overall favorable perceptions of OHIS, whereas usefulness and credibility 

perceptions operate more directly as evaluative determinants of intention. 

6.4 Practical Implications  

 Beyond its theoretical contributions, this research offers several practical implications for 

the design and communication of online health information aimed at older adults. 

First, among older adults who are already digitally connected, the focus has shifted from 

access to meaningful use of online health information. Even when access is established, there is 

considerable variation in how older adults evaluate and engage with such information. This 

suggests a need to improve the quality, clarity, and usability of online health resources to better 

support effective engagement. 

Second, perceived usefulness and overall positive evaluation emerged as key drivers of 

OHIS intentions. This suggests that online health information should emphasize relevance, 

clarity, and perceived value. The role of higher-order constructs, such as positive evaluation and 

trust-expertise, further indicates that users form holistic judgments, highlighting the importance 

of presenting information in ways that support both credibility and ease of use. 
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Finally, the findings related to platform preferences suggest the need for careful 

interpretation of reported use of emerging technologies. Older adults indicated lower intention to 

use AI-based tools, namely, AI chatbots and AI-integrated search engines, compared to more 

established platforms - social media and traditional search engines. However, given the 

increasing integration of AI features within commonly used search environments, reported 

intention may not fully capture all forms of interaction with these technologies. For example, 

when an older adult uses a search engine to look up symptoms or treatments, the results page 

may already include AI-generated summaries or highlighted answers at the top. In this case, the 

individual is interacting with AI-generated content, even though they may not recognize it as an 

AI feature or report using an AI-based tool. This highlights the importance of presenting 

information transparently so that older adults can better understand how content is generated and 

delivered, particularly when interacting with increasingly complex digital features. 

6.5 Limitations  

 One important limitation concerns the representativeness of the sample. The main study 

relied on participants recruited through an online platform, which may attract individuals who 

are more digitally experienced and comfortable with technology. This is further reflected in the 

educational profile of the sample, where approximately 76% of participants reported at least 

some college education. Similarly, the digitally connected subsample from HINTS 7 also 

exhibited relatively high educational attainment. These patterns are consistent with the study’s 

focus on digitally connected older adults; however, they suggest that the findings are most 

applicable to older adults who are already engaged with digital technologies and may not fully 

generalize to those with lower levels of digital access or experience. 

 The second limitation concerns the measurement of emerging technologies. While 

participants reported lower intention to use AI-based tools, such as chatbots and AI-integrated 
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search engines, many commonly used platforms already incorporate AI-generated features. As a 

result, self-reported measures may not fully capture actual exposure to or interaction with AI-

enabled systems. It is worth noting that participants’ responses may reflect their understanding or 

recognition of these technologies, rather than their actual usage. 

Another limitation relates to sample size in relation to model complexity. Although the 

final sample size was sufficient for estimating the retained structural model, it may have been 

more limited for testing highly complex models with a larger number of constructs and 

parameters. This may have influenced model refinement decisions and the exclusion of non-

significant variables and should be considered when interpreting the final model. 

6.6 Future Research  

Beyond acknowledging its limitations, this research suggests several directions for future 

investigation. First, future studies may further refine the conceptualization and measurement of 

key constructs in OHIS. In particular, additional research may examine whether interest in health 

information functions as a multidimensional construct across different OHIS contexts. Although 

the present study operationalized interest in health information as a composite measure reflecting 

an overall orientation toward engaging with health information online, different types of health 

interests may involve distinct motivational processes. Future studies could therefore explore 

other approaches to investigate whether specific domains of health information interest 

differentially influence OHIS behaviors and intentions. The present findings suggest that higher-

order constructs, such as positive evaluation and trust-expertise, capture broader evaluative 

processes that integrate multiple dimensions. Additional research could examine how these 

higher-order factors are structured and how they interact with other predictors, contributing to a 

more nuanced understanding of how individuals form behavioral intentions. 
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Second, future research should further examine the relationship between behavioral 

intentions and actual behavior. While the current study explored both constructs across two 

complementary analyses, they were not tested within a unified framework. Longitudinal or 

behavior-based studies could provide deeper insight into how intentions translate into real-world 

engagement, particularly by examining the roles of digital capabilities and digital frustration in 

shaping actual information-seeking behavior over time. 

Third, the findings related to content and platform preferences suggest the need for more 

context-specific investigations of OHIS. Future studies could explore how different types of 

health information and digital platforms influence engagement, as well as how individuals 

navigate across platforms and content formats. Such work may provide a more detailed 

understanding of how online health information seeking unfolds in everyday contexts. 

More importantly, future research should continue to examine the role of emerging 

technologies in shaping OHIS. Given the lower reported intention to use AI-based tools 

alongside the increasing integration of AI features into commonly used platforms, further 

research is needed to better understand how older adults perceive, interpret, and interact with AI-

enabled systems. In addition, the variations in platform preferences demonstrate that older adults 

are not a homogeneous group. Investigating individual differences in technology use may 

provide a more nuanced understanding of how older adults engage with online health 

information. 
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Appendix: Survey Questions 

Health Motivational Factors  

Instructions: Please indicate how much you agree or disagree with the following 
statements. Response scale: 1 = Strongly Disagree → 5 = Strongly Agree 

Perceived susceptibility  
1. I believe I am at risk for developing a serious illness. 
2. It is likely that I will experience a health problem in the future. 
3. Compared to others my age, I think I am more likely to develop a health condition. 

 
Perceived severity  

4. If I developed a serious health condition, it would have a major impact on my daily life. 
5. A serious illness would significantly affect my ability to care for myself. 
6. The consequences of having a major health problem would be very severe for me. 

 
Instructions: Please rate your current condition in each of the following areas by selecting the 
response that best describes your experience. Response scale: 1 = Very Poor  → 5 = Very Good 
 
Perceived health status  

How would you rate your _____over the past week? 
1. sleep quality  
2. diet/nutrition  
3. mood/emotional well-being 
4. concentration (ability to focus)  
5. memory  
6. overall health? 

 

Instructions: Please indicate how much you agree or disagree with the following 
statements. Response scale: 1 = Strongly Disagree → 5 = Strongly Agree 

Interest in health information 
How interested are you in _________? 

1. looking for general health tips (e.g., wellness advice, prevention strategies) 
2. searching for information about illnesses or disease (e.g., diagnosis, treatment options) 
3. accessing your electronic medical records (e.g., test results, visit summaries) 
4. learning about healthy lifestyle behaviors (e.g., physical activity, food intake, sleep) 
5. finding information about symptoms (e.g., nausea, pain, dizziness) 
6. viewing health-related images or videos (e.g., photos of skin conditions, medical visuals) 
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Social Factors 

Instructions: Please indicate how much you agree or disagree with the following statements.  
Response Scale: 1 = Strongly Disagree →  5 = Strongly Agree 
 
Perceived social support (from family, friends, and peers)  

1. I can count on my family to help me find reliable health information online. 
2. My friends offer useful advice when I search for health information online. 
3. I feel supported by my peers when I encounter challenges in accessing online health 

information. 
4. I can rely on family and friends to help me evaluate the accuracy of health information I 

find online. 
 
Support from Healthcare Professionals  

5. I trust my healthcare provider to guide me in finding accurate online health information. 
6. My doctor or nurse offers helpful advice about the health information I access online. 
7. I receive adequate support from healthcare professionals when I have questions about 

online health information. 
8. Healthcare professionals assist me in understanding and evaluating the health information 

available online. 

Psychological Factors  
 
Instructions: Please indicate how much you agree or disagree with the following statements. 
Response scale: 1 = Strongly Disagree →  5 = Strongly Agree 

Attitudes Toward OHIS: 
- Positive Attitudes 
1. I believe it is important to be able to find health information online whenever I need it. 
2. I feel that having access to health information online helps me make better decisions 

about my health. 
3. I think seeking health information online empowers me to take control of my well-being. 
4. I feel more informed about health issues because I can access information online. 
5. I believe technology makes it easier to understand health topics that concern me. 

 
- Negative Attitudes 
6. Looking for health information online often leaves me feeling more confused than 

informed. 
7. I think there is too much unreliable health information online. 
8. Searching for health information online takes more effort than it’s worth. 

 
Perceived social norms:   
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- Personal descriptive norms 
1. Most people who are important to me search for health information online. 
2. Most people whose opinion I value have looked for health information using the 
internet. 

- Personal injunctive norms 
 3. Most people who are important to me would approve of me searching for health 
information online. 
 4. Most people whose opinion I value think I should use the internet to learn more about 
my health. 

- Societal descriptive norms 
 5. A majority of people in the U.S. search for health information online. 
 6. A majority of people in the U.S. use digital platforms to learn more about health 
topics. 

- Societal injunctive norms 
 7. A majority of people in the U.S. approve of using the internet to find health 
information. 
 8. A majority of people in the U.S. believe that individuals should search online for 
information about their health. 

 
Perceived Benefits:  

- Learning Benefits 
1. Searching for health information online can help me obtain solutions to health problems 

and diseases. 
2. Online health information seeking can help me make important health decisions. 
- Functional Benefits 
3. I benefit from the convenience that online health information seeking provides. 
4. I benefit from the time saving that online health information seeking provides. 
- Social Benefits 
5. By searching for health information online and sharing it with family and friends, I can 

strengthen my relationship with other people. 
6. I can obtain assistance and support from other patients during online health information 

seeking. 
- Personal Integrative Benefit 
7. By searching for health information online, I feel that my health improves. 
8. The behavior of searching for health information online makes a difference in my life. 
9. The behavior of searching for health information online reinforces my health-related 

credibility or authority. 

Perceived barriers: 

- Cognitive Barriers 
1. I sometimes find it difficult to recognize what kind of health information I need.  
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2. I’m not always sure how to describe the health information I’m looking for.  
3. I don’t feel confident in my ability to find health information online. 
4. I am not familiar with reliable websites or sources for health information.  
5. I often feel overwhelmed by the amount of information I find online.  

 
- Digital Navigation Barriers 
6. It takes too much effort to search for health information online.  
7. Technical issues often prevent me from completing my online health searches.  
8. I have difficulty using online platforms that are not designed clearly.  
9. I find AI-powered tools (like ChatGPT or health chatbots) hard to use when searching for 

health information.  
10. I often lose interest when searching for health information because the platforms are 

confusing. 
 

Instrumental Factors  
 

Instructions: Please indicate how much you agree or disagree with the following statements. 
Response scale: 1 = Strongly Disagree → 5 = Strongly Agree 
 
Perceived usefulness 

1. Searching for health information online helps me better understand my health. 
2. Searching for health information online helps me make more informed health decisions. 
3. Searching for health information online helps me manage my health more effectively. 

 
Perceived ease of use 

4. Learning to search for health information online has been easy for me. 
5. I find online platforms for health information easy to navigate. 
6. It was easy for me to become comfortable using the internet to find health information. 
7. I find it simple to interact with websites or apps that provide health information. 

 
Perceived credibility  

Instructions: Please indicate how much you agree or disagree with the following statements 
about the online platforms (e.g., search engines, social media, or AI chatbots) you use to find 
health information and the information itself. Response Scale: 1 = Strongly Disagree; 5 = 
Strongly Agree 

- Perceived Trustworthiness 
            (Source-level trustworthiness) 

1. I believe the platform I use to find health information is honest. 
2. I feel that the platform is motivated to provide accurate health information. 
3. I trust the platform not to mislead me when presenting health information. 

            (Information-level trustworthiness) 
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4. The health information I find online seems dependable. 
5. The health information I find online is sincere and unbiased. 

 
- Perceived Expertise   

            (Source-level expertise) 
6. The platform I use to search for health information seems knowledgeable about health 

topics. 
7.  believe the platform is qualified to deliver health-related content. 

            (Information-level expertise) 
8. The health information I find online appears to come from expert sources. 
9. The information is well-informed and shows professional-level understanding of health 

issues. 
 

Perceived competence 
Instructions: Please indicate how true each of the following statements is for you. Response 
Scale: 1 = Not at all true → 5 = Very true 

1. I feel confident in my ability to search for health information online. 
2. I am capable of identifying reliable sources of health information on the internet. 
3. I am able to apply the health information I find online to make informed decisions. 
4. I feel able to evaluate whether health information I find online is accurate and 

trustworthy. 

Online Health Information Seeking Intentions 
 

Instructions: Please indicate how likely you are to engage in the following activities. Response 
scale: 1 = Extremely Unlikely  →  5= Extremely Likely 
 
How likely are you to __________? 
 

- General OHIS intention  
1. seek health information online when I have a health concern 
2. use the internet to obtain health-related information in the near future 
3. look for health inforamtion if I need it 
4. use online sources as one of my primary ways to obtain health information? 
- Type of health information sought  
5. search online for information about disease diagnosis and treatment?  
6. browse online for self-care information (e.g., home remedies, personal wellness)?  
7. look up information online about well-known hospitals and doctors?  
8. browse your electronic medical reports online (e.g., lab results, imaging summaries)?  

 
- Preferred platforms for health information seeking  
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I would like to search for health information through the following online platforms: 

9. Traditional search engines (e.g., Google, Firefox, Safari) 
10. Social media platforms (e.g., Facebook, YouTube, Reddit, TikTok) 
11. AI-integrated search engines (e.g., Copilot with Microsoft Edge, Mozilla with Firefox) 
12. AI chatbots (e.g., ChatGPT, health-specific virtual assistants) 

 
SES Factors 

Education Level 
What is the highest level of education you have completed? 

a. Less than high school 
b. High school diploma or GED 
c. Some college, no degree 
d. Associate degree (2-year) 
e. Bachelor’s degree (4-year) 
f. Master’s degree 
g. Doctorate or professional degree (e.g., PhD, MD, JD) 

 
Household Income  

What is your total annual household income before taxes?  
a. $0 to $19,999 
b. $20,000 - $49,999 
c. $50,000 - $89,999 
d. $90,000 - $129,999 
e. $130,000 - $149,000 
f. $150,000+ 

Other Demographic Factors 
 

What gender do you identify as____?  
a. Woman 
b. Man 
c. Transgender 
d. Non-binary/non-conforming 

 
Please specify your race.  

a. Caucasian 
b. African American 
c. Latino or Hispanic 
d. Asian 
e. Native American 
f. Native Hawaiian/Pacific Islander 
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g. Two or More 
h. Other/Unknown 

 
Are you of Hispanic or Latino/a origin?  

a. No 
b. Yes 
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