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 As consumers increasingly integrate Quantified Self (QS) health and fitness 

tracking devices into their lives, the data they amass offer to not only help users live 

healthier lives, but also present opportunities for third parties to target them based on 

their health and fitness-related behaviors. The current survey-based study, utilizing a 

theoretical foundation of social cognitive theory (SCT) and technology acceptance model 

(TAM), examines perceptions about the role of self-efficacy along with the expected 

outcomes of improved health and fitness, convenient information seeking, personal 

status, gamification and monetary incentives; in tandem with concerns about cognitive 

overload, information privacy, device accuracy, perceived ease of use, and perceived 

usefulness to predict QS health and fitness tracking device use. Findings from a nested 

structural equation model analysis suggest this integrated theoretical approach offers 

helpful insights to scholars and practitioners seeking to better understand the potential 

benefits and barriers presented by QS health and fitness devices. 
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Chapter I: Introduction 

 
Rates of childhood and adolescent obesity are an increasingly serious problem in 

the United States, leading many experts to suggest it has reached epidemic proportions 

(Evans, Renaud & Kamerow, 2006). Despite recent declines in the incidence among pre-

school aged children, obesity (defined as a BMI at or above the 95th percentile) among 

adolescents aged 12-19 years remains fairly stable at nearly 17% (Centers for Disease 

Control and Prevention, 2016). A key contributor to this persistent concern is decreasing 

activity levels among American youth. While the U.S. Department of Health and Human 

Services (2008) recommends that youth partake in at least 60 minutes of moderate to 

vigorous physical activity every day, recent data indicate that only 8% of 12-19 years old 

are achieving this goal (Troiano, Berrigan, Dodd, Masse, Tiler & McDowell, 2008) and 

the statistics for college students is equally alarming (Janeway & Mistry, 2014). Given 

that overweight and obese youth are more likely to become obese adults (Ogden, Flegel, 

Carroll & Johnson, 2002), a critical challenge facing public health policymakers, 

educators and communication scholars is to develop effective childhood and adolescent 

obesity prevention interventions.  

Currently, every federally funded college and university in the U.S. implements 

one or more campus-wide education programs designed to advance the health of their 

student populations. These efforts span from reducing the incidence binge drinking and 

the use of illegal drugs and tobacco, to promoting healthy eating and exercise behaviors 

(American College Health Association, 2016). Fostering behavior change among college 
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youth is a complex, multi-step process, and motivating health and fitness behavior change 

is considered especially difficult to achieve. The average public health campaign is 

estimated to impact the behavior of only 5% to 10% of its target population, and these 

effects are often short-lived (Cugelman, 2013).  

Most experts agree that improving health outcomes involves addressing five 

critical determinants: (1) intrapersonal knowledge (an individual’s attitudes, skills, 

behaviors, and self-efficacy), (2) interpersonal processes (social networks, support 

systems and technological tools), (3) institutional factors (organization rules, incentives 

and regulations), (4) community factors (cooperation between organizations and 

community groups), and (5) public policy (local, state, and national) (ACHA, 2016). 

Health communication scholars and practitioners typically focus most of their attention 

on the first two determinants; however, given that one third of all U.S. youth can now be 

classified as either overweight or obese (Steele et al., 2011), this problem requires 

broader thinking and greater initiative. Noar (2006) found that individuals (particularly 

youth) are more impacted by the discussion of health messages than they are by their 

direct effects. Hence, the physical and social environments at U.S. college campuses offer 

unique opportunities to impact the health of millions of adolescents and young adults, as 

well as encourage the use of new forms of wearable fitness technology to help combat 

current and future health problems.  

Recent studies (e.g., Bickmore & Paasch-Orlow, 2012; Mackert et al., 2016) have 

shown that the availability of innovative technologies designed to improve health and 

fitness outcomes does not necessarily translate into widespread adoption or long-term use 
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of these tools. The purpose of this study, therefore, is to offer a fresh theoretical approach 

to the growing obesity problem in America by better understanding potential barriers to 

the benefits offered to U.S. college students by quantified self health and fitness tracking 

(QSHFT) devices; as well as to examine the intended and unintended consequences of 

promoting such use.  If wearable technologies are to contribute to better health outcomes 

on college campuses, a deeper understanding of the complex motivations associated with 

QSHFT device usage among college students is critical to harnessing the benefits offered 

by these potentially positive technologies. Previous research in this area has primarily 

focused on factors contributing to adoption and acceptance of new QSHFT technologies, 

as well as best practices for organizations seeking to capitalize on personalized health and 

fitness data collection. Few studies address the complex positive and negative 

motivations driving wearable health and fitness device and app usage among college 

students; or consider the emerging policy implications of increasing wearable health and 

fitness device use. Hence, examining the theoretical, practical and policy-related 

implications surrounding QSHFT technologies with college students will be the central 

focus of this study. 
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Chapter II: Literature Review 

QUANTIFIED SELF 
 

Americans are increasingly turning to a variety of quantified self (QS) health and 

fitness tracking devices (including smart watches, wearable fitness-trackers, and 

smartphone applications) to collect their personal health and fitness data in an effort to 

learn more about their everyday habits, as well as motivate themselves toward healthier 

behaviors. Currently, over 60% of U.S. consumers (up from 21% in 2014) own a 

dedicated wearable fitness tracking device (PWC, 2016) and/or one of nearly 100,000 

apps (Van Dijck & Poell, 2016) designed to track their health and fitness activities. The 

growing “QS movement” is believed to be the result of an integration of three important 

forces occurring in modern American society: technological advances (allowing the 

ubiquitous collection and communication of personal data), an increased awareness and 

concern about healthy living, and the cultural trend toward self-awareness and the need to 

publically express oneself for social validation, especially among younger populations 

(Barcena, Wueest, & Lao 2014).  

The majority of quantified self health and fitness tracking (QSHFT) device users 

monitor their number of steps taken, distance traveled, and dietary habits; although some 

also choose to track the quality of their sleep, their alcohol and nicotine consumption, 

heart rate, blood glucose levels, menstruation/fertility cycles and even their stress levels 

and moods (IHS, 2013). Some medical professionals suggest the continuous feedback on 

physical activity, biometrics, and dietary behavior afforded by these technologies will 

prompt a shift towards better quality healthcare by enabling healthcare practitioners to 
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monitor their patients’ health metrics, behaviors and outcomes in real time (Bose & 

Elfenbein, 2016). Indeed, a recent study indicated the primary motivations reported by 

users who collect and share their personal data via QS health and fitness tracking devices 

include improved communication and treatment from health care providers (65%), 

facilitating their efforts toward better health and fitness (45%), reduced health insurance 

rates and/or other monetary rewards (54%), as well as various competitive (45%) and 

social status (36%) incentives (eMarketer, 2015; PWC, 2016).  

Given their potential to improve health and fitness, wearable technologies are 

beginning to acquire a receptive audience on college and university campuses. 

Administrators view these technologies as an opportunity to facilitate positive health 

behaviors in students as well as enhance the learning process by streamlining inter-

campus communication (Mintel, 2016). For example, Oral Roberts University (ORU) 

recently instituted a requirement that all incoming freshmen purchase and wear a Fitbit as 

part of its “Whole Person Education” program (Chuck, 2016). In order to monitor and 

evaluate student fitness levels, ORU requires new students to purchase a special Fitbit 

device, which logs their heart rate data along with the number of steps they take daily. 

Those who do not make satisfactory progress toward meeting mandatory fitness 

requirements (a minimum of 10,000 steps per day) as well as regularly synchronize their 

devices with the university’s data tracking platform could ultimately put their graduation 

status at risk. Voluntary usage rates of these technologies among college students are also 

on the rise, as younger demographics appear to be much more willing to experiment with 

new technologies in an effort to improve their health and fitness. Recent studies (e.g., 
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Mintel, 2016; Lister, West, Cannon, Sax & Brodegard, 2014) indicate a key factor in 

engaging younger audiences with wearable technologies is to position device usage as a 

fun, competitive activity rather than something to be endured for the sake of good health.  

USER MOTIVATIONS 
 

An important determinant in realizing the positive outcomes associated with 

wearable health and fitness technologies is the actual behavior of those who own them. 

Researchers McGinnis, Williams-Russo and Knickman (2002) found that the largest 

contributor to an individual’s health status is their lifestyle, yet 46% of individuals cite a 

lack of motivation as a key barrier to their ability to improve their health and fitness 

behaviors (Mitskavets, 2014). Motivation is broadly defined as a predisposition to behave 

in a purposeful manner to achieve specific, unmet needs, and the inner force that drives 

individuals to accomplish personal goals (Kleinginna & Kleinginna, 1981). Extant 

research suggests the gap between users’ knowledge of their health metrics and 

corresponding changes in their health behavior appears to be substantial (e.g., Ettema, 

Brown & Luepker, 1983; Flora & Schooler, 1995; Rimal, 2000; Brannon, Feist & 

Updegraff, 2013). Consequently, while the quantitative data reported by QSHFT 

technologies provide a wealth of helpful information, users’ motivation to analyze their 

increasingly complex data and make qualitative behavioral changes in order to obtain 

better health outcomes varies considerably across populations and over time.  
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Knowledge-Behavior Gap 
 The primary factors contributing to this so called “knowledge-behavior gap” are 

an individual’s perceived ability to make the requisite behavior changes to improve their 

health and fitness (referred to as self-efficacy), in conjunction with some type of 

emotional trigger (Rimal, 2000). Some experts purport that new QSHFT technologies 

decrease the perceived self-efficacy barriers for choosing a healthier lifestyle, dubbing 

these devices “persuasive” (Telenor, 2012; Whitson, 2013) and “positive” technologies 

(Botella, Riva, Gaggioli, Wiederhold, Alcaniz & Baños, 2012). Indeed, wearable fitness 

devices are credited by some advocates with increasing users’ emotional engagement, 

social connectedness, and goal actualization by transforming personal experiences into 

tools for building new and enduring personal habits (Whitson, 2013). Additionally, Rimal 

(2000) found that providing ample information about the means available to improve an 

individuals’ various health outcomes could mediate the knowledge-behavior relationship 

by enhancing users’ perceived abilities.  

However, while the wealth of health and fitness apps associated with QSHFT 

devices and smartphones significantly expand the volume of information and resources 

available to their users, Rimal (2000) cautions that efforts to improve health and fitness 

behaviors solely through knowledge enhancement may induce stress among individuals 

who are not able to convert their new knowledge into meaningful behavior modifications. 

Further, a number of medical experts note that some users allow these technologies to 

become an overriding presence their life, which can lead to cognitive overload, obsessive 

behaviors and/or abandonment of their health and fitness regimens (Petti, 2016). Also 
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concerning to some QSHFT device users (particularly older demographics) is the 

vulnerability of the personal health data collected by their QSHFT device (Albrecht, 

Pramann & von Jan, 2014; Armerding, 2014). Information about a user’s activity level, 

biometrics, sleep patterns, moods and location can potentially be revealed in real time to 

anyone with the technological expertise to acquire it. Given the limited effectiveness of 

most behavioral change interventions targeted to those seeking to improve their health 

and fitness, (Baranowski et al., 2008), addressing each of these potentially negative 

motivations associated with QSHFT devices is critical to narrowing the knowledge-

behavior gap and ultimately improving health and fitness outcomes. 

Intrinsic and Extrinsic Motivation 
 Researchers (e.g., Malone & Lepper, 1987; Ryan & Deci, 2000) recognize two 

types of emotional triggers found to influence human behavior in a variety of contexts: 

intrinsic and extrinsic motivation. Intrinsic motivation is the self-motivated desire to seek 

out new challenges and gain knowledge driven by an interest or enjoyment in the task 

itself. This emotional trigger exists within the individual rather than relying on external 

pressures or a desire for a reward. Intrinsic motivation has been shown to foster deeper 

conceptual understanding, creativity, involvement and preference for a challenge among 

college students (Pintrich & Garcia, 1991). Moreover, it typically develops over time, and 

thus, is more deeply seated in an individual’s psyche.  

Conversely, extrinsic motivation refers to the performance of an activity in order 

to attain a desired outcome, and it is rooted in influences outside of the individual. 

Common extrinsic motivations are rewards for performing a desired behavior (e.g., 
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awards, recognition or financial incentives), or a threat of punishment for misbehavior. 

Extrinsic rewards may be particularly useful when intrinsic motivation is lacking, such as 

during the early stages of acquiring a new behavior, and they are most beneficial when 

they contain informative feedback that enables users to focus on improvement. 

Competition introduced via the so-called “gamification” features of health and fitness 

apps is considered a key extrinsic motivator because it encourages individuals to out 

perform others, rather than simply enjoy the intrinsic rewards of the activity (Cugelman, 

2013; King, Greaves, Exeter & Darzi, 2013; Ledger, 2014).  

Gamification 
 A term originally coined by Nick Pelling, gamification is conceptualized as the 

use of game thinking and mechanics in non-game contexts to increase users’ motivation 

and self-control (Marczewski, 2012). The underlying purpose of gamification is to reduce 

stress levels produced by attempts to progress toward a goal and to make the process 

seem more attainable and fun. Among the most popular health and fitness apps 

downloaded in 2015 were Daily Showdown, Nike+ Running, Atari Fit, FitRPG, 

Fitocracy, Strava and Map My Fitness (Krol, 2016). These apps offer a variety of 

incentives to motivate users to be more active and support them in believing they can 

achieve improved health and fitness. Features such as cheers from celebrity athletes, 

competitions between friends and co-workers, tracking personal best performances, and 

offering badges and prizes from a variety of sponsors for completing various challenges 

are the most common incentives offered (Trent, 2015). College students, like other 

“Digital Natives” (those born since 1990), purportedly thrive on instant gratification and 
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frequent rewards for their efforts, preferring their tasks to be presented in the form of a 

game as opposed to “serious work” (Prensky, 2001). Also, given the inherently social 

aspects of gamification, college students are more likely to engage in these activities 

without consideration of the negative implications associated with sharing their personal 

health and fitness data with app developers and other interested third parties (Lwin, et al., 

2012). 

These top selling fitness apps, along with the technologies that enable them have 

received a great deal of attention from the mainstream media as well as commercial 

entities seeking to capitalize on their popularity. Among these are fashion designer, Tory 

Burch, who recently designed an array of fitness bracelets for Fitbit; Swarovski, with 

their Shine Vio crystal fitness pendant line; and Rebecca Minkoff, who recently launched 

a gold wearable notification bracelet (Stables, 2016). Consumers regularly look to 

various forms of interactive media (including wearable fitness devices) to reinforce their 

personal status; both by gaining insight into themselves, as well as identifying with 

valued others (LaRose & Eastin, 2004). Other status-oriented motivations found to be 

associated with interactive media include self-expression, coolness, and novelty (Sundar 

& Limperos, 2013), all of which have been associated with wearable fitness devices by a 

number of mainstream media sources (Ockerman, 2013). Moreover, the reported desire 

for social identification and self-expression via interactive media is found to be especially 

prevalent among teens and young adults (Miyazaki, Stanaland & Lwin, 2009).  



 11 

Monetary Rewards 
 The majority (65%) of QSHFT device owners say their willingness to use and 

share their health and fitness data with interested parties appears to be driven by access to 

a variety of external incentives (PWC, 2016). As a result, an increasing number of 

employers, health insurers, and colleges and universities now offer voluntary “wellness 

programs”, which encourage the use of QSHFT devices to help employees and/or 

students monitor their progress with a variety of health and wellness activities. Many of 

these programs require participants to link their devices to company portals, which 

provide data analysis and encouragement, offer incentives and rewards, and even spur 

friendly competition (Associated Press, 2016). A study by Springbuk recently highlighted 

the increasing number of wellness programs offering incentives for their members who 

wear QS health and fitness trackers, noting employees enrolled in these programs saved 

the average employer $1,000 annually in human resources-related costs (Martin, 2016b).  

CHALLENGES AND CONCERNS 
 

The use of wearable technologies to effectively motivate individuals toward 

healthy behavior change is considered a complex, multi-step process (Patel, Asch & 

Volpp, 2015). An individual must (1) desire to own such a device and have the resources 

to acquire it, (2) be motivated to consistently wear the device and be comfortable with 

monitoring the complex data it provides, and (3) the output must be presented in a 

manner that can be understood and acted upon by the user. Even when all of these 

requirements align, experts recognize that motivation for health and fitness behavior 

change is not directly driven by these technologies alone (e.g. Conroy, Yang & Maher, 
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2014; Powell, Landman & Bates, 2014). Recent studies indicate that over half of QSHFT 

technology users are abandoning their devices soon after acquiring them, with younger 

demographics reporting the highest levels of attrition (e.g., Gandhi & Wang, 2015; Patel, 

Asch & Volpp, 2015; Krol, 2016). Some attribute this to the naturally occurring “hype” 

that occurs with any new technology that typically recedes as a result of increasing levels 

of failure, frustration and/or boredom experienced by users (Ferrara, 2013). Moreover, 

Etkin (2016) found that while QSHFT device measurement allows for ample extrinsic 

motivation, it could detract from a user’s intrinsic motivation. By highlighting the 

quantitative outcome of enjoyable health and fitness activities, measurement potentially 

makes such activities seem more like work than play, which could undermine a user’s 

perception of intrinsic rewards, thereby reducing continued engagement (particularly 

among younger users).  

Thus, harnessing the potential benefits associated with QSHFT devices depends 

on understanding the full spectrum of motivations driving users’ health and fitness 

behaviors, and designing strategies that inspire them with the right mix of internal and 

external incentives to reach goals that they consider to be achievable. Given the first step 

in connecting QSHFT users with possible incentives is their willingness to track and 

share their personal health and fitness data with interested groups, college students’ 

attitudes about the sharing of highly personal health and fitness information with third 

parties requires deeper examination. 
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Health Information Sensitivity 
 As consumers increasingly integrate these QSHFT technologies into their lives, 

the data they amass offer to not only help users live healthier lives, but also present 

opportunities for interested third parties to identify and target them based on their health 

and fitness-related behaviors. An expanding array of platforms, apps and mobile devices 

solicit a broad range of health information – clinical data, performance data, and 

experiential data – that deliver unprecedented personal information to users, doctors and 

other interested parties (Adibi, 2015). Moreover, information collected from various 

wearable sources is increasingly being combined to create profiles of individual users and 

draw inferences about their future actions (Hamblen, 2015). Thus, the intended and 

unintended consequences associated with the aggregation of personal health and fitness 

data collected by wearable devices impact aspects of individual, social, cultural and even 

legal life. Youth are especially vulnerable in this context as they are being targeted with 

messages promoting the benefits of QS health and fitness tracking by non-profit entities 

such as ORU’s compulsory “Whole Person Education” program and UNICEF’s 

voluntary “Kid Power” program (UNICEF, 2016); as well as by commercial entities 

seeking to profit from the growing QS movement, including X-Doria’s “Kid Fit Activity 

and Sleep Tracker”, and the Octopus Smartwatch for toddlers (Singer-Vine & 

Troianovski, 2013). Moreover, the proliferation of location-tracking apps targeting 

children and adolescents, such as Pokémon Go (Olivarez-Giles, 2016) suggest the need 

for a more robust understanding of these emerging phenomenon and how they potentially 

impact users’ privacy rights and information sharing behaviors. 
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Recent studies indicate that personal health is a topic perceived to be significantly 

more sensitive than others when individuals are asked to disclose or share information 

with others (e.g., Behrooz & Marsh, 2016; Caine & Hanania, 2013; Jin, 2012). Thus, it is 

assumed that the personal health-oriented nature of the data collected by QSHFT devices 

will negatively impact consumer attitudes about their adoption and use. Yet, willingness 

to track and share personal health data is considered by many as critical to improving 

health outcomes as it allows access to individual health metrics by concerned parties such 

as health practitioners, in addition to providing a conduit to channel incentives to users 

from a variety of sources (Jin, 2012; Ledger, 2014). While some wearable fitness device 

and app users are reportedly open to sharing certain types of health and fitness-related 

data in exchange for various incentives, this attitude is not universal; nor are youth 

perceptions about this practice well understood.  

Privacy Paradox 
 One industry study found that although a surprisingly high number (59%) of 

QSHFT device users are connecting them with smartphone applications that access their 

data to provide additional benefits, less than half (43%) are willing to share their data to 

receive more relevant marketing messages (Ledger, 2014). Conversely, 75% say they 

would be likely to share their data when presented with the opportunity to receive 

rewards, discounts and coupons (Rocket Fuel, 2014). These divergent attitudes about 

sharing personal data (often referred to as the “privacy paradox”) reflect the complex 

nature of concern about information privacy management in the modern age. Incentives 

such as giveaways, lower prices, convenience and better selection, combined with 
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consumers’ reported feelings of powerlessness to protect their personal data have all been 

advanced as explanations for this phenomenon (Metzger, 2007). Others argue that users’ 

openness to sharing their personal data online reflects a lack of awareness about this 

practice or inaccurate perceptions of vulnerability (Jensen, Potts & Jensen, 2005). Indeed, 

national surveys consistently suggest that although most adults are aware that companies 

are using their personal data for a variety of purposes and have concerns about this 

practice, their understanding of exactly how their data are being collected and used is 

severely lacking (Pew, 2014; Turow, 2011). This scenario is even more likely in the 

context of QSHFT device and app usage, particularly among younger populations, who 

are generally less knowledgeable about such practices (Messenger-Davies, 2010). 

An examination of the comparative literature on generational groups and data 

privacy suggests that college students’ perceptions tend to differ widely from their adult 

counterparts as well as each other when considering how their health and fitness 

behaviors are being quantified and used (Barnes, 2006). As purported by 25 years of 

socialization research, youth generally lack the cognitive skills and life experiences 

necessary to understand the motives of those interested in collecting their behavioral data 

(John, 1999). Moreover, adolescents are driven by a different set of motivations when 

interacting with various forms of online media, with boys primarily seeking achievement, 

while girls focus more on social rewards (Baranowski, Buday, Thompson, & 

Baranowski, 2008). Consequently, critics assert that QSHFT data collection aimed at 

youth not only violates normative privacy expectations, but can also trigger feelings of 

discontent and inadequacy (Cook, 2004).  
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Among adult populations, concerns about information privacy associated with 

QSHFT devices have been shown to inhibit patients’ willingness to track and share their 

data with healthcare providers seeking to manage their chronic health conditions 

(eMarketer, 2015); and these concerns are expected to escalate with the advancement of 

QSHFT technologies. Younger populations are being driven by a different set of social 

norms, where concern over personal data privacy is generally lacking, unless it is related 

to drug, alcohol use or sexual activity (Messenger-Davies, 2010). That said, the scant 

research available on youth perceptions about QS health and fitness data collection and 

sharing hardly affords the needed information to draw strong conclusions. Consequently, 

this study seeks to bridge a growing gap in the literature by surveying college students 

regarding their attitudes, privacy expectancies and behavior intentions related to QS 

health and fitness data tracking, with a goal of gaining greater insights about the 

conditions where QS health information sensitivity becomes paramount, as well as how 

any perceived privacy concerns may influence behavior. 

Cognitive Overload 
Cognitive load refers to the total amount of mental effort an individual uses to 

perform a goal-oriented task (Miller, 1956). Employing aspects of information processing 

theory, cognitive load theory (Sweller, 1988) recognizes the inherent limitations of multi 

tasking and concurrent working memory load on learning and comprehension. A heavy 

cognitive load has been shown to interfere with an individual’s ability to achieve certain 

tasks, particularly among youth, since, due to developmental increases in processing 

efficiencies, they do not typically have the full cognitive capacity of adults (McCutchen, 
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1996; Kyllonen & Christal, 1990). That said, some scholars argue (e.g., Palfrey & Gasser, 

2013; Prensky, 2001) that Digital Natives have generally acclimated to receiving multiple 

sources of information quickly and concurrently, and, as a result, are better able to 

parallel process and multi-task than older generations. When it does occur, cognitive 

overload has been shown to lessen an individual’s ability to make a confident choice 

(e.g., Gathercole, et al., 2004; Milte et al., 2014; O’Keefe et al., 2014). Schwartz (2004) 

refers to this phenomenon as the “tyranny of abundance”, and documents its impact in a 

variety of contexts – from shopping for groceries or cars, comparing insurance companies 

or mobile phone providers, and even choosing a mate via online dating. In the context of 

QSHFT device use, presenting an abundance of personal health and fitness data to a user 

who is does not fully comprehend its meaning has the potential to discourage continued 

use of such technology. 

Device Accuracy 
Another important concern raised by recent researchers (e.g., Cugelman, 2013; 

King et al., 2013) is related to the accuracy of QSHFT data due to a lack of industry 

standards for health and fitness application development. Currently, there is no official 

government certification process to standardize collection procedures in order to ensure 

that these devices and apps report precise information (Powell, Landman & Bates, 2014). 

The assumed accuracy of these data is essential to users as well as the best practices of 

those clinicians, employers, health insurers, and/or university administrators who may 

wish to access it. Recently, Martin (2016a) found that device accuracy is a key factor 

impacting the frequency of QSHFT device use, and the most cited reason why users 
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abandon engagement with the device.  These findings suggest the need for further 

examination of the positive and negative motivating factors impacting the use of 

wearable health and fitness tracking devices and apps from a theoretical perspective. 

Specifically, which motivations (rooted in health behavioral theory) are most likely to 

drive college students to change their health and fitness behaviors in both the short and 

long term? Also, a better understanding of college students’ perceptions about the 

accuracy and vulnerability of the data reported by their wearable devices and apps will 

illuminate any trust-related barriers preventing them from securing the benefits of these 

promising technologies. 

Behavioral Theory Integration 
Organizations have widely adopted a variety of strategies and tactics designed to 

increase initiation and retention of desired behaviors in a variety of contexts (Ferguson, 

2012). While QSHFT devices have the capacity to provide for easy collection of personal 

health and fitness data along with delivery of timely behavioral cues to trigger extrinsic 

motivation, many of the apps associated with these devices do not currently integrate 

important elements from appropriate behavioral theory to maximize their effectiveness. 

In a detailed content analysis of 261 of the most popular health and fitness apps, 

researchers Lister et al. (2014) found that 52.5% contained at least one element of 

extrinsic motivation (e.g., gamification), and 28% contained three of more elements. Of 

these, social or peer pressure was the most common tactic used (45.2%), followed by 

digital rewards (24.1%), competition (18.4%), leaderboards (14.2%), level of 

achievement or rank (13.4%), and real world prizes (10.0%). More importantly, while a 
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few (11.5%) of the apps were designed to be primarily educational in nature, the majority 

(88.5%) claimed to be dedicated to promoting changes in the health and fitness behavior 

of users. Given their stated focus on motivating healthier behaviors, these researchers 

(Lister et al., 2014) anticipated the rigorous incorporation of behavioral theory in the 

design of the apps they examined. Accordingly, the coding of the app features examined 

was based on the most cited theories in health communication focused on behavior 

change: the Health Belief Model, Transtheoretical Model, Theory of Planned Behavior, 

Social Cognitive Theory and the Preceded-Proceed Model. However, their findings 

indicate that the inclusion of motivational elements rooted in any of these health behavior 

theory constructs was less than 50% (Lister et al., 2014). Similarly, in an analysis of the 

top 25 video games targeting adolescent health and fitness behavior change, Baranowski, 

et al. (2008) noted the lack of any consistent theoretical models underpinning the 

development or strategy of these interventions. Given the overall poor success rate of the 

games examined, the authors concluded that behavioral scholars would be wise to 

collaborate with game design professionals to employ proven theoretical frameworks 

rooted in behavior change in order to enhance future outcomes. 
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Chapter III: Theoretical Foundation 

SOCIAL COGNITIVE THEORY (SCT) 
  Considering the various psychological forces at play influencing an individual’s 

potential QSHFT device use (i.e., intrinsic and extrinsic motivation, self-efficacy, 

positive and negative expected outcomes, and cognitive overload), Bandura’s Social 

Cognitive Theory (1986, 1997) provides an interesting foundation from which to examine 

the effects of these devices, particularly among youth. Credited as the first unidirectional 

theory of behavior, SCT posits that individuals do not simply observe and respond to 

environmental influences, rather they actively seek and interpret information, then 

modify their behavior based on their outcome expectations and actual experiences 

(Nevid, 2009). As such, individuals “function as contributors to their own motivation, 

behavior, and development within a network of reciprocally interacting influences” 

(Bandura, 1999, p. 169). According to Bandura (1997), some of the positive outcomes 

motivating human behavior include the intrinsic rewards of self-satisfaction, pride, and 

self-worth, along with extrinsic rewards such as social approval, recognition, and 

monetary benefits. Conversely, negative outcomes from modeled behavior reflect the 

potential for undesirable experiences, such as being cognitively overwhelmed, incapable 

of performing to normative expectations, or feeling a loss of control. Many of these 

potential outcomes (both positive and negative) have been directly attributed to behaviors 

prompted by health and fitness-oriented websites and apps, competitive video games, and 

wearable fitness tracking devices in recent literature (e.g., Voskuil & Robbins, 2015; 

Steele, Daratha, Bindler & Power, 2011).  
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As shown in figure 1, SCT’s Triadic Reciprocal Determinism model posits that 

three sets of factors – personal, environmental and behavioral – interact to determine an 

individual’s motivation and future behavior in a variety of contexts, including health and 

fitness (Crothers, Hughes & Morine, 2008). Personal factors include individual 

characteristics (such as self-image, demographic or cultural background, and perceived 

self-efficacy); environmental factors include externally rooted influences (such as 

rewards, punishments, and mentoring); and behavioral factors encompass an individual’s 

communication practices in addition to their actual behavior. 

 

Figure 1: Bandura’s Triadic Reciprocal Determinism Model 
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Self-Efficacy 
Perhaps the most significant motivator for QSHFT technology users is the 

expectancy to improve their overall health based on such key measures as weight loss and 

increased fitness levels. Social cognitive theory (SCT) predicts that the power of self-

efficacy is the underlying motivation driving this and other types of behavior change 

(Bandura, 1986, 1997). In the context of health and fitness, self-efficacy is defined as the 

belief in one’s ability to participate in an activity and to choose physical activity despite 

existing barriers (Voskuil & Robbins, 2015), and it emphasizes the role of an individual’s 

perceived ability to successfully perform certain tasks. Perceived self-efficacy has been 

used to consistently predict behavior in a number of health-related contexts including 

weight loss, smoking cessation, and heart attack recovery (Weinberg & Gould, 2007); as 

well as cancer, chronic illness, diabetes care and physical activity (Voskuil & Robbins, 

2015).  

Overall, individuals with high self-efficacy in a given situation are confident of 

their ability to carry out recommended actions, and are more likely to attempt and sustain 

efforts to change their behavior based on outcome expectancies (Bandura 1977, 1982). 

Likewise, those with low self-efficacy in a given situation tend to be less confident in 

their ability to perform the necessary steps to change their behavior, which can lead them 

to avoid taking on challenging tasks all together. According to Bandura (1993), four 

primary sources of information contribute to an individual’s self-efficacy judgments – 

performance outcomes, verbal persuasion, vicarious experiences and physiological 

feedback (figure 2). While each of these influencing factors potentially plays a role in 
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enhancing QSHFT device users’ health self-efficacy, they are not considered to be of 

equal strength, nor do they all occur concurrently (Wood & Bandura, 1989). 

 

Figure 2: Factors Influencing Self-Efficacy Judgments (Bell & McNabb, 2016) 

Considered the most important source of self-efficacy, performance outcomes 

encompass an individual’s positive and negative experiences based on previous attempts 

at performing a given task. Bandura (1977) notes that those who attain so-called “mastery 

experience” at a given task are not only more likely to feel competent about that task, but 

will perform well at similarly associated tasks as well. One way mastery experience can 

be enhanced is by encouraging individuals to achieve simple goals (such as increasing the 

number of steps taken per day or cutting out sugary soft drinks) that contribute to more 
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complex objectives (such as losing weight or improving overall health). Some health and 

fitness apps are designed to contribute to mastery experiences (e.g., Couch to 5K and 

Runkeeper Track-Run-Walk) by encouraging users to meet achievable daily or weekly 

goals, with the ultimate goal of significantly improving their health and fitness over the 

long term. 

According to Bandura (1993, 1982, 1977) an individual’s self-efficacy is also 

influenced by verbal persuasion, defined as encouragement and/or discouragement 

pertaining to his or her ability to perform a task as expressed by respected others. 

Although considered a weaker source of self-efficacy than performance outcomes 

(Redmond, 2010), verbal persuasion is widely used in the health and fitness context as is 

evidenced by the ready availability of health and fitness coaches offered via a variety of 

media, including television, books, exercise videos, and QS health and fitness apps (e.g., 

My Pocket Coach and Runtastic PRO coaching).  

A third way individuals can theoretically bolster their self-efficacy is through 

vicarious experiences. By watching a relatable role model successfully perform a task 

(such as sticking with a regular exercise program or healthy eating regimen), an 

individual’s own competence to perform a similar task is purportedly enhanced (Bandura, 

1977). While vicarious role models have been proven to be an effective motivator in the 

context of QSHFT devices (e.g., Healthy Heroes and the Big Welsh Walking Challenge 

apps), it is important to note that, according to SCT, the opposite reaction is also possible. 

Observing a respected peer or mentor fail at performing a health and fitness goal can 
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lower an individual’s perceived self-efficacy, leading to an increased likelihood of their 

abandoning efforts to improve their own health and fitness (Bandura, 1977).  

Lastly, physiological feedback purportedly plays an important role in an 

individual’s self-efficacy judgments; and arguably, even more so in this context due to 

advances in QS health and fitness tracking technologies. Bandura (1977) suggests that 

when attempting to perform a task, individuals experience bodily sensations that can 

stimulate their self-efficacy beliefs. The physiological feedback offered by QSHFT 

devices (expressed as both actual performance data as well as the emotions triggered by 

that performance) has the potential to enormously impact self-efficacy. For example, 

some of the more popular health and fitness apps include features designed to reduce 

stress levels produced by attempts to progress toward a goal and make the process seem 

more attainable and fun (e.g., Zombies, Run! and Pact).  

These anticipated enhancements to self-efficacy potentially offered by QSHFT 

technologies and their resulting impact on attitudes and behavior suggest the first set of 

hypotheses for this study: 

H1a: Positive performance outcomes reported by users’ QSHFT devices will 

increase their perceived health and fitness self-efficacy.  

H1b: Positive vicarious experiences associated with users’ QSHFT devices will 

increase their perceived health and fitness self-efficacy. 

H1c: Positive verbal persuasion provided by users’ QSHFT devices will increase 

their perceived health and fitness self-efficacy. 
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H1d: Positive physiological feedback reported by users’ QSHFT devices will 

increase their perceived health and fitness self-efficacy. 

H2: The perceived health and fitness self-efficacy that users associate with their 

QSHFT device will increase their device use. 

Expected Outcomes 
While previous studies have examined the relationship between self-efficacy and 

behaviors that encourage health and fitness, significant gaps still exist in the literature, 

particularly related to outcomes associated with QSHFT device use among college 

students. According to SCT, the degree to which an individual can be expected to enact a 

particular behavior is directly related to his or her expected outcomes from that behavior 

combined with the degree of his or her motivation (Bandura, 1977). Given the reciprocal 

relationship between personal (self-efficacy) factors, environmental factors and actual 

behavior suggested by SCT (Bandura 1986, 1997), the use of QSHFT technologies 

should theoretically impact students’ health and fitness behaviors based on a set of 

expected outcomes.  

Social cognitive theory frames behavioral motivations and expected outcomes 

around six broad incentives for human behavior: novel sensory, social, status, monetary, 

enjoyable activity and self-reactive incentives (Bandura, 1986). In the context of this 

study, the use of QSHFT technology influences users’ outcome expectations in a variety 

of ways. First, by allowing them to more easily and accurately monitor their daily health 

and fitness outcomes via the metrics provided by the QSHFT device (rather than relying 

on traditional measures such as weight loss and improved overall fitness levels), users 
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may more readily perceive the intrinsic rewards for their efforts. Secondly, expected 

outcomes related to extrinsic factors, such as convenient information, social status, 

gamification, and monetary rewards, may also be expected to impact health and fitness 

self-efficacy and device use, depending on the user’s motivations and past experiences. 

Consequently, each of the following five individual outcome expectancies contributes to 

an overall set of expected outcomes users associate with the use of their QSHFT device. 

Health and Fitness 
Considered the most critical expected outcome of QSHFT device use suggested 

by recent literature (e.g., Gandhi & Wang, 2015; Volpp & Mohta, 2016) is the desired 

improvement to the user’s health and fitness levels. While physical activity is the primary 

metric tracked by most device users (enhanced by the proliferation of smartphones with 

embedded motion sensors), there is increasing interest in tracking other important health 

indicators including heart rate, blood pressure, dietary intake and weight loss (Gandhi & 

Wang, 2015). Users cite two key benefits for using QSHFT technology tools – to support 

them in their efforts to be healthy, and to provide input to their healthcare providers on 

their progress (Volpp & Mohta, 2016).  

Gamification 
Another feature of QSHFT devices tied to users’ expectancy outcomes is their 

ability to “gamify” the tracking of their health and fitness activities. Two primary factors 

are necessary to introduce gamification into any context – perceived competition and user 

control (Malone & Lepper, 1987); and these features are widely present in the majority of 
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health and fitness apps currently available to U.S. consumers (Lister, et al., 2014). 

Gamification methods are typically designed around entertainment, recognition and 

reward; although, a recent study indicates that a combination of mechanisms 

incorporating reward and punishment may be responsible for controlling individual 

behavior, making both necessary for motivation (Williams, 2013). Whether the incentive 

is a carrot or a stick, given the recent proliferation of health and fitness apps entering the 

marketplace, QSHFT devices combined with gamification elements offered by a 

proliferation of apps are now considered by many experts to be integral tools for 

motivating health and fitness behavior change (Krol, 2016).  

Social Status 
The emerging “QS movement” has given rise to over 200 groups in 41countries 

across the world (Meetup, 2017). As such, they have received a great deal of attention 

from the mainstream media, as well as commercial entities seeking to capitalize on their 

popularity (Ledger, 2014). Numerous studies demonstrate that adolescents are generally 

early adopters of new media technologies due to their innate curiosity combined with 

their ability to quickly acquire new skills though social networking and observation (e.g., 

Lenhart, 2015; Messenger-Davies, 2010; Montgomery & Chester, 2009). According to 

Bandura (1997), if the social environment encourages positive self-efficacy beliefs, then 

adolescents’ adoption is more readily achieved. Research on goal pursuit and motivation 

has also indicated that goals are shaped by both individual and contextual factors (Urdan 

& Schoenfelder, 2006), suggesting that family and peers function as important external 

resources of motivation for adolescents.  
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Adolescents are believed to be especially susceptible to the suggestions and 

approval of their peer group, particularly in today’s highly networked media ecosystem 

(Koren, 2013). Eastin (2005) examined media usage among teens (aged 14-17) to 

determine what social influences might be impacting their behaviors, and found that 

although parental supervision was a factor, the dominant influence for Internet use and 

self-regulatory behavior among teens was their peer group. SCT suggests that social 

modeling of an identifiable role model’s behavior is an important determinant in building 

self-efficacy (Bandura, 1993), thus the effect of social status and peer approval on 

QSHFT device use among college students is considered another important expected 

outcome.  

Monetary Rewards 
 Another important motivator for QSHFT technology users suggested by SCT is 

access to a host of monetary benefits offered by tracking and sharing their data with 

appropriate parties (Bandura, 1997). As demonstrated by previous studies, a variety of 

monetary incentives including discounts, rewards and special offers (Ducoffe, 1996), as 

well as free content, priority service or status awards (Varnali, Yilmaz & Toker, 2012), 

are consistently shown to be predictors of positive consumer attitudes and behavior in a 

variety of media contexts. Given that college students are known to regularly search 

online for pirated content and other freebies (eMarketer, 2017; Montgomery & Chester, 

2009), it is assumed that monetary rewards will be a significant behavior motivator for 

this demographic. Thus, the potential monetary benefits offered by tracking and sharing 

personal health and fitness data collected by QSHFT devices with interested parties 
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(including app developers, college administrators, employers, health insurers and 

marketers) is another important determinant in users’ expected outcomes. 

Convenient Information 
QSHFT devices are designed to inform users of their real-time biometric data in 

order to help them live healthier, more productive lives. Through their increasingly 

sophisticated bio sensing and processing capabilities, QSHFT devices are quickly and 

conveniently providing users with a broad array of wellness data related to everything 

from tracking their basic physical activities to optimizing wellness through better 

understanding of their physiological patterns (Ledger, 2014). These sophisticated devices 

afford entry into an interactive network that allows individuals to track and monitor their 

personal health and fitness data with relative ease, in addition to connecting with 

applications that extend these benefits in a myriad of useful ways.  

Thus, the combined effect of these five QSHFT device outcome expectancies 

suggests another set of hypothesis for this study: 

H3a: Users’ perceived health and fitness self-efficacy will increase expected 

outcomes from their QSHFT device (as measured by health and fitness, 

gamification, social status, monetary, and convenient information expectancies). 

H3b: The expected outcomes a user associates with their QSHFT device (as 

measured by health and fitness, gamification, social status, monetary, and 

convenient information expectancies) will increase their device use. 

On the other end of the expected outcome spectrum are motivations rooted in the 

risks rather than the rewards of QSHFT technology use. Although they offer users a wide 
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range of metrics related to their daily health and fitness activities, biometrics and even 

moods, QSHFT devices also have the potential to negatively impact a user’s experiences 

in a number of ways. According to SCT (Bandura, 1986, 1997), unpleasant experiences 

are predicted to result in negative expectancy outcomes, which, in turn, are expected to 

motivate avoidance behaviors. An examination of literature related to the perceived risks 

associated with QSHFT technologies suggests three primary negative motivations 

potentially experienced by device users -- feeling cognitively overloaded (e.g., Milte et 

al., 2014), questioning the accuracy of their reported data (e.g., Martin, 2016a), and 

raising concerns about the security of their personal health and fitness data (e.g., 

eMarketer, 2015).  

These negative outcomes suggest another set of hypotheses addressing specific 

user concerns contributing to the overall level of perceived risk associated with QSHFT 

devices: 

H4a: Users’ perceived health and fitness self-efficacy will be negatively related 

to the perceived risks associated with their QSHFT device (as measured by 

cognitive overload, health information sensitivity, and device accuracy). 

H4b: Perceived risks associated with a QSHFT device (as measured by cognitive 

overload, health information sensitivity, and device accuracy) will decrease 

device use. 

TECHNOLOGY ACCEPTANCE MODEL (TAM) 
 Another potential barrier to the benefits offered by QSHFT devices is a user’s 

perceived ability to successfully adopt and regularly use these increasingly sophisticated 
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technologies. The Technology Acceptance Model (TAM) is an information systems 

based theory that predicts how potential users come to understand, learn and use a new 

technology in a variety of contexts (Davis, Bagozzi, & Warshaw, 1989). The original 

model purports that individuals first form key attitudes about learning to use new 

technologies prior to initiating efforts to adopt them. These two relevant beliefs, 

perceived ease of use (defined as the extent to which a person believes that using a new 

technology is relatively effortless) and perceived usefulness (defined as the extent to 

which a person believes using a technology enhances their performance) work together to 

jointly determine a user’s behavioral intention and actual use of a newly introduced 

technology over time. In addition to these key factors, Davis et al. (1989) recognized the 

importance of user motivation, which in turn, is directly influenced by a variety of 

external stimuli depending on the context.  

TAM has been empirically tested and applied in a variety of health care settings, 

including telehealth (Tsai, 2014) and healthcare education (Chow, Herold, Choo & Chan, 

2012). Moreover, recent studies have expanded the original model to include additional 

external predictors suggested by other theories, such as subjective norms (Venkatesh, 

Morris, Davis & Davis, 2003) and user experience (Venkatesh & Bala, 2008); as well as 

the moderating role of cognitive abilities (Fathema, Shannon & Ross, 2015) and 

perceived self-efficacy (Fathema, Ross & Witte, 2014) in determining the adoption and 

continued usage of various technologies.  

Thus, the potential mediating effects to QSHFT device use suggested by TAM 

provide a final set of hypotheses for this study: 
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H5: Perceived ease of use associated with a QSHFT device will increase the 

device’s perceived usefulness. 

H6: Perceived usefulness associated with a QSHFT device will increase device 

usage.  

As history has shown, individuals’ adoption of new tactics and technologies to 

improve their health and fitness do not always translate into long-term behavior change. 

Hence, understanding how QSHFT device use impacts attitudes, motivations, and 

behaviors over time offers to reveal useful insights. Thus, in addition to the proposed 

hypotheses grounded in SCT and TAM, the longitudinal and reciprocal nature of the SCT 

behavioral model suggests two important research questions in the context of QSHFT 

technology use: 

RQ1: How does the predictive nature of the model change over time? 

Specifically, which positive and negative motivators are driving frequency of usage 

among early adopters of QSHFT technology compared to more recent adopters?  

RQ2: How does variation in the frequency and length of QSHFT device use 

impact users’ health outcomes? 

QSHFT ACCEPTANCE MODEL 
 The present study seeks to build on the work of these scholars and others focused 

on predicting health and fitness behaviors by introducing the mediating effects of 

perceived ease of use and perceived usefulness of QSHFT technologies (from TAM) into 

SCT’s Triadic Reciprocal Determinism model. The existing SCT model posits that three 

sets of factors (personal, environmental and behavioral) continually interact to determine 
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an individual’s motivation and future behavior. However, in the context of QSHFT 

device usage, SCT fails to address the potential effects of users’ perceptions about the 

ease and usefulness of the technology itself. Are there barriers that prevent some users 

from readily adopting emerging QSHFT technologies because they either perceive them 

as too complicated to use, or they find they are not particularly useful to them in their 

journey toward improved health and fitness?  

The proposed QS Acceptance Model (figure 3) addresses this gap by examining 

the predictive effects of (personal) self-efficacy with the environmental factors of 

expected outcomes and perceived risks, mediated by the QSHFT technology’s perceived 

ease of use and perceived usefulness, to predict device use over time. Although each of 

the hypothesized relationships can be examined as simple bivariate relationships, the 

literature suggests these relationships are causally linked as depicted in figure 3. That is, 

the positive predictors of self-efficacy, perceived ease of use, and expected outcomes 

(including improved health and fitness, gamification, social status, monetary rewards and 

convenient information) have both a direct effect as well as an indirect effect on use 

through perceived usefulness of the technology. Further, perceived risks related to 

cognitive overload, health information sensitivity and data accuracy (impacted by 

perceived ease of use) have a negative and direct influence on device use.  

Hypotheses H1 – H6 examine the direct and indirect relationships between the 

key variables suggested by SCT and TAM, further contributing to our understanding of a 

broader set of positive and negative motivations associated with QSHFT device use. 

Additionally, research question 1 seeks to understand each of the hypothesized 
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relationships as they relate to duration of device use. Here, a nested model examining 

early and late adopters will be examined to determine if influences to use change as a 

function of time.  

 

Figure 3: Proposed QSHFT Acceptance Model 
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Chapter IV: Method 

 The purpose of this study is to examine positive and negative motivations driving 

the use of QSHFT technologies among college students, as well as the implications of 

sharing their data with interested parties willing to offer them a variety of benefits, with 

the ultimate goal of improving their health and fitness outcomes. Extant research (e.g., 

Gropper, Simmons, Connell & Ulrich, 2012; Economos, Hildebrandt & Hyatt, 2008; 

Wengreen & Moncur, 2009) indicates the first year of college is a time of rapid 

adjustment for most young adults, often leading to negative lifestyle changes including 

decreased physical activity, poor nutritional habits and weight gain. This transition period 

marks the first time when most young adults have lived without direct parental 

supervision, leading to an increased reliance on their own self-control and self-efficacy to 

manage their behaviors. A longitudinal study of U.S. college students conducted over 

four years found that while 70% of freshmen (both males and females) gained weight 

during their first year in school, 31% were still significantly overweight by the time of 

their graduation (Gropper et al., 2012). These findings suggest a need to better understand 

college students’ attitudes and motivations related to health and fitness in order to better 

combat long term weight gain during this critical time. 

PROCEDURE 
An online survey was administered via Qualtrics to a pool of 703 college students 

who were given extra credit in exchange for participation. After providing their consent, 

respondents were asked whether or not they owned a QSHFT device in addition to a 

variety of questions related to their demographics, weekly exercise habits, as well as their 
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height and weight (both current and when they graduated from high school). QSHFT 

device owners were also asked a series of questions related to their motivations for usage 

as well as their frequency and length of use. Data collection occurred in April and May of 

2017. 

PARTICIPANTS 
Study participants consisted of 703 college students from a 4-year southwestern 

university in the United States, 56% (N = 392) of whom reported owning a smartwatch 

(12%) wearable fitness tracking device (39%), and/or a smartphone with at least one 

health and/or fitness app installed (49%). Participants included freshmen (13%), 

sophomores (24%), juniors (44%), and seniors (19%); 75% of who were female, with a 

median age of 21.2 years (SD = 1.41). Caucasians comprised the largest portion of the 

sample (58%), followed by Hispanic (20%), Asian (18%), African American (3%), and 

Other (1%). Their family annual household income levels were reported as $0-49,999 

(12.5%), $50,000-$100,000 (41%), and over $100,000 (46.5%). The optimal participant 

sample size was determined using an apriori power analysis to estimate the minimum 

number required for each observation included in the model, as well as to establish an in-

group variance test (or nested model), reflecting any changes in the model parameters 

over time (Kline, 2005). 
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INDEPENDENT VARIABLES 

Performance Outcomes 
According to Bandura (1977), if an individual has performed well at a task 

previously, he or she is more likely to feel competent and perform well at a similarly 

associated task. Bell and McNabb’s (2016) four-item performance outcomes scale was 

adapted to capture respondents’ perceptions about their health and fitness performance 

while using their QSHFT device. Items such as “I have successfully improved my health 

using my QSHFT device” and “I am in better shape since I starting using my QSHFT 

device” were measured on a 7-point scale ranging from strongly disagree (score = 1) to 

strongly agree (score = 7) (M = 4.36, SD = 1.03, α = .95). 

Vicarious Experiences 
An individual can develop high or low self-efficacy vicariously by monitoring the 

performances of others (Bandura, 1977). QSHFT devices offer a variety of vicarious 

health and fitness experiences, from exercise and weight loss leaderboards to competitive 

performance tracking. Bell and McNabb’s (2016) four-item vicarious experiences scale 

was adapted to capture respondents’ perceptions about their vicarious experiences while 

using their QSHFT device. Items such as “I have seen others improve their health by 

using a QSHFT device” and “I know others who are in better shape since they started 

using a QSHFT device” were measured on a 7-point scale ranging from strongly disagree 

(score = 1) to strongly agree (score = 7) (M = 5.24, SD = 1.21, α = .96). 
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Verbal Persuasion 
An individual’s self-efficacy and resulting performance can be influenced by the 

encouragement they receive from others (Redmond, 2010). Consequently, verbal 

persuasion is widely used in the context of health and fitness, particularly in the design of 

health and fitness apps. The impact of verbal persuasion associated with QSHFT devices 

was measured using Bell and McNabb’s (2016) four-item scale with measures such as, 

“The encouragement I receive from my QSHFT device helps me stick with my fitness 

routine” and “My QSHFT device supports my efforts to adopt healthy eating habits” 

were measured on a 7-point scale ranging from strongly disagree (score = 1) to strongly 

agree (score = 7) (M = 4.66, SD = 1.31, α = .90). 

Physiological Feedback 
The physical and emotional sensations individuals experience as a result of 

engaging in certain behaviors also influence their beliefs of self-efficacy (Bandura, 

1977). QSHFT devices offer a myriad of indicators to inform users of their physiological 

state, which in turn, impacts their self-efficacy. Bell and McNabb’s (2016) four-item was 

adapted to capture respondents’ perceptions about the importance of physiological 

feedback while using their QSHFT device. Items such as “The feedback from my QSHFT 

device energizes me” and “I get a thrill from monitoring my performance on my QSHFT 

device” were measured on a 7-point scale ranging from strongly disagree (score = 1) to 

strongly agree (score = 7) (M = 4.78, SD = 1.39, α = .94). 
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Health and Fitness Self-Efficacy 
Self-efficacy refers to the belief in one’s capabilities to organize and execute the 

courses of action required to manage prospective situations (Bandura, 1995). Sherer et 

al.’s (1982) 10-item self-efficacy scale was adapted to capture participants’ perceived 

confidence in their ability to accomplish the goal of improving their health and fitness 

(measured separately). Measures on such items as “When I set fitness goals, I am certain 

I can achieve them”, and “When I decide to do something about my health, I go right to 

work on it” were captured using a 7-point scale ranging from strongly disagree (score = 

1) to strongly agree (score = 7). Additionally, four items from Wilson-Barlow, Hollins 

and Clopton’s (2014) Healthy Eating and Weight Self-Efficacy (HEWSE) scale were 

included to measure participants’ perceived self efficacy directly related to the efforts at 

healthy eating and weight loss. Items including “I am able to eat a variety of health foods 

to keep my diet balanced” and “I have confidence that I can attain and maintain my 

weight” were measured on the same 7-point scale (M = 4.45, SD = 1.11, α = .90). 

Health and Fitness Expectancy 
Health and fitness outcome expectancy is conceptualized as the overall 

perspective users have towards their perceived health improvement as a result of using a 

QSHFT device. This seven-item scale is adapted from the EMI-2 (exercise motivations 

inventory) developed by Markland and Ingledew (1997). Participants were asked to rate 

their expected health and fitness outcomes after adopting a QSHFT device on a 7-point 

scale ranging from strongly disagree (1) to strongly agree (7). Items to include “Control 
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my weight,” “Increase my physical fitness,” and “Live a healthier lifestyle”, along with 

four other related measures (M = 5.58, SD = .96, α = .93). 

Gamification Expectancy 
Expectancy outcomes tied to gamification were measured using six items adapted 

from Bostan & Catak (2016) estimating participants’ self-reported reasons for engaging 

with their QSHFT device. Items captured users’ motivations related to three key 

gamification factors: affiliation, power, and achievement, including, “Using my QSHFT 

device/app allows me to form friendships and associations”, and “to join and cooperate 

with others” (affiliation); “to compete against others”, and “to rival and surpass others” 

(power); and “to overcome obstacles”, and “to excite praise and commendation” 

(achievement). All items were measured using a 7-point scale ranging from strongly 

disagree (score = 1) to strongly agree (score = 7) (M = 3.93, SD = 1.29, α = .92). 

Social Status Expectancy 
Researchers regard personal status as one aspect of social expectancy, purporting 

it contributes to individuals’ insights about themselves, as well as helps them identify 

with valued others. For this study, social status expectancy was measured with six items 

from LaRose and Eastin (2004) estimating participants’ perceptions that their QSHFT 

device helped them to “Feel important,” “Increase my self esteem”, “Feel connected to 

others”, “Feel better about myself ”, “Influence others” and “Keep up with my peers”. 

Items were measured on a 7-point scale, ranging from strongly disagree (1) to strongly 

agree (7) (M = 4.02, SD = 1.40, α = .92). 
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Monetary Expectancy 
Based on the information sharing value scale developed by Ducoffe (1996), 

respondents were asked to report their likelihood to share personal health and fitness 

information collected by their QSHFT device with various online partners in order to 

receive specific monetary benefits. Proposed incentives included free content, discount 

coupons, special offers, monetary rewards, cash incentives, priority service and 

personalized product recommendations. All items will measured on a 7-point scale 

ranging from very unlikely (1) to very likely (7) (M = 4.02, SD = 1.40, α = .92). 

Convenient Information Expectancy 
Based on previous studies related to outcome expectancies as a result of online 

media usage (e.g., LaRose & Eastin, 2004), information seeking and convenience 

expectancies were adapted as a single construct due to their overlapping nature in the 

context of QSHFT device usage. This modified scale included 10 items measuring 

participants’ ability to: “Easily obtain information about my health and fitness I can’t find 

elsewhere,” “Get immediate knowledge about my health and fitness,” “Find new 

attractive features for tracking my health and fitness,” “Find a wealth of information 

about my health and fitness,” and “Stay up to date on my health and fitness”; as well as 

their perceptions about their QSHFT device, including: “A convenient way to track my 

health and fitness”, “Useful for tracking my health and fitness”, “Provides easy access to 

health and fitness information I need”, and “Helps me to be organized about my health 

and fitness efforts”. All items were measured on a 7-point Likert scale ranging from 
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strongly disagree (score = 1) to strongly agree (score = 7)   (M = 5.23, SD = 1.00, α = 

.90). 

Health Information Sensitivity 
To better anticipate their willingness to track and share the personal health data 

generated by their QSHFT device, participants’ health information sensitivity was 

measured using a scale adapted from Jin (2012). The nine items included were, “While 

using my QSHFT device, I am comfortable tracking my (1) number of steps; (2) flights 

climbed, (3) calories burned by various physical activities; (4) dietary habits in the calorie 

calculator; (4) weight; (5) heart rate;  (6) moods; (7) sleep habits, (8) daily alcohol and/or 

cigarette consumption; and (9) reproductive/sexual activity”. Respondents were also 

asked to indicate their attitudes about sharing this same information with selected others. 

Participants indicated their agreement with each item on a 7-point Likert scale ranging 

from strongly disagree (1) to strongly agree (7) (M = 3.45, SD = 1.48, α = .94).  

Cognitive Overload 
According to researchers (e.g. Chandler & Sweller, 1991; O’Keefe et al., 2014; 

Swartz, 2004), individuals’ cognitive load may be assessed in one of four ways: via 

indirect measures, subjective measures, secondary task measures, and physiological 

measures. Given the survey nature of this study, six items from Chandler & Sweller’s 

(1991) subjective cognitive load scale will be incorporated into the survey instrument to 

capture participants’ reported cognitive load related to using their QSHFT device. 

Participants were asked to estimate the mental effort required to monitor various types of 
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data offered by their QSHFT device as very low/very high on a 7-point semantic 

differential scale; as well as rate their perceptions of their experiences interpreting the 

various data presented by their device including, very dissatisfied/very satisfied, very 

discouraged/very encouraged, very frustrated/very relieved, and very confused/very well 

informed. (M = 2.81, SD = 1.05, α = .92). 

Trust in Device Accuracy 
Based on a scale developed by Bhattacherjee (2002), participants’ level of trust in 

the accuracy of the data presented to them by their QSHFT device or health and fitness 

app was also captured. Items including “ My device or app has the skills and expertise to 

track and deliver my health and fitness data in an expected manner”, “My device or app 

presents the information I need to manage my health and fitness accurately”,  “My device 

or app has the ability to meet my data tracking and analysis needs”, and “Overall, my 

device and/or app provider is trustworthy” were measured based on 7-point scale ranging 

from strongly disagree (1) to strongly agree (7) (M = 5.08, SD = 1.01, α = .88). 

Perceived Ease of Use 
Venkatesh and Davis’ (2000) well-established scale for measuring perceived ease 

of use of new technologies was included in the survey to capture users’ perceptions about 

interacting with their QSHFT device. Items including, “My interaction with my QSHFT 

device is clear and understandable”, “Interacting with my QSHFT device does not require 

a lot of mental effort”, “I find my QSHFT device to be easy to use”, and “I find it easy to 
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get my QSHFT device to do what I want it to do” were measured based on a 7-point scale 

ranging from strongly disagree (1) to strongly agree (7) (M = 4.02, SD = 1.40, α = .92). 

Perceived Usefulness 
Likewise, Venkatesh and Davis’ (2000) well-established scale for measuring 

perceived usefulness of new technologies was adapted to capture users’ perceptions about 

interacting with both their QSHFT device. Items including, “Using my QSHFT device 

improves my health and fitness performance”, “Using my QSHFT device increases the 

productivity of my workout efforts”, “Using my QSHFT device enhances my efforts at 

improving my health and fitness”, and “I find my QSHFT device to be useful in my 

fitness and weight control efforts”. All items measured based on a 7-point scale ranging 

from strongly disagree (1) to strongly agree (7) (M = 4.02, SD = 1.40, α = .92). 

DEPENDENT MEASURES 

QSHFT Device Use 
Device usage was measured in three ways. First, respondents were first asked if 

they owned a QSHFT device (yes = 392; no = 311), and if so, what month and year it was 

acquired. Then, users were asked to estimate the total length of their QSHFT device use 

(in months) (M = 17.23, SD = 13.56). Lastly, among those respondents who reported they 

owned a device, usage frequency was collected based on a 9-point scale using the 

following increments: never (1); less than once a month (2); once a month (3); 2-3 times 

a month (4); once a week (5); 2-3 times a week (6); once daily (7); 2-3 times daily (8); 

and several times daily (9) (M = 6.15, SD = 2.55). 
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DATA ANALYSES 
 All hypothesized relationships were tested through the predicted model using 

AMOS. The overall model fit was estimated using Chi-Square, Root Mean Square Error 

of Approximation (RMSEA), Standardized Root Mean Square Residual (SRMR), and 

Comparative Fit Index (CFI). While each of these tests has its strengths and weaknesses, 

these four fit indices are most widely accepted by scholars in reporting and interpreting 

the results of Structural Equation Model (SEM) analysis. With RMSEA and SRMR, a 

perfect model fit is indicated by a 0 value, with increasingly higher values indicating a 

worse fit; however, an acceptable value of less than .10 is generally considered favorable 

by most scholars. Conversely, CFI assesses the relative improvement in fit of the 

proposed model compared to a baseline (or null) model. Thus, CFI indices range from 0 

to 1, with a higher reported index (of at least .90) indicating a relatively good fit. To 

address RQ1, a nested model comparing participants with low versus high QSHFT device 

ownership was run using AMOS and the same four model fit indices applied. RQ2 was 

examined via t-tests and a generalized linear model utilizing SPSS. All descriptive 

statistics were also observed using SPSS. Only the 392 participants indicating device 

ownership and current use were included in the data analyses. 
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Chapter V: Results 

UNCONSTRAINED MODEL 
Hypothesized relationships were tested via a structural model using IBM SPSS Statistics 

24 and AMOS Graphics software. In order to run the model, expectancy outcomes (M = 

4.37, SD = .85, α = .74) and perceived risks (M = 3.47, SD = .85, α = .84) were converted 

from second order factors to computed variables by combining measures for each 

contributing factor and checking for internal consistency. Even with these adjustments, 

the data did not indicate a good fit of the model, χ2 
(28) = 735.587, p < .05, RMSEA = 

.254, 90% CI (.24, .27), SRMR = .298, CFI = .590 (see figure 4). 

 Turning to the individual hypothesized relationships, while neither vicarious 

experiences (H1b) (β = -.05, p > .05) nor physiological feedback (H1d) (β = .05, p > .05) 

significantly predicted health and fitness self-efficacy, H1a (performance outcomes, β = 

.16, p < .05) and H1c (verbal persuasion, β = .18 p < .05) were supported. H2 was also 

not supported in that health and fitness self-efficacy did not significantly predict device 

use (β = .00, p > .05). However, H3a and H3b were supported, as significant positive 

relationships were found between health and fitness self-efficacy and expectancy 

outcomes (β = .16 p < .05), as well as expected outcomes and device use (β = .12, p < 

.01). As hypothesized in H4a, health and fitness self-efficacy had a significant negative 

relationship with perceived risks (β = -.15, p < .01); as did perceived risks with device 

use (β = -.12, p < .01) as predicted in H4b. Turning to H5, perceived ease of use had a 

significant positive relationship with perceived usefulness as predicted (β = .57, p < .01); 

Also, H6 was supported in that perceived usefulness had a significant positive 
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relationship to device use (β = .31, p < .01). As shown in figure 4, overall the model 

demonstrated significant predictive power in that it explained 20% of the variance in 

QSHFT device use.  

 

Figure 4: QSHFT Acceptance Model (Unconstrained) 

NESTED MODEL 
To address RQ1, a nested model was created to compare differences between 

early adopters of their QSHFT device versus those who more recently acquired one. The 

total sample of users (N = 392) was first split into three roughly equal groups – (1) low 

ownership, defined as those who owned their device for 9 months or less (N = 131); (2) 

medium ownership, defined those who owned their device for 10-18 months (N = 129); 
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and (3) high ownership, defined as those who owned their device for more than 18 

months (N = 132). Then a nested model was created in AMOS using low ownership and 

high ownership as the grouping variable to examine if the overall predictive nature of the 

model, as well as the individual paths, were affected. Figures 5 and 6 show the results of 

each of these nested models, which also did not indicate a good fit -- χ2 
(56) = 553.298, p < 

.05, RMSEA = .184, 90% CI (.17, .20), SRMR = .318, CFI = .590.  

 

Figure 5: QSHFT Nested Model (Low Ownership)  
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Figure 6: QSHFT Nested Model (High Ownership) 

Additionally, a chi-square difference test was conducted using an AMOS-based 

Excel macro add-on to determine any statistical differences between the nested models. 

Overall, the two models were determined to be significantly different from one another at 

the 95% confidence level (∆ χ2 
(29) = 739.43, p < .05). Also, while sizable differences 

were noted in the individual path estimates between the low ownership and high 

ownership groups, the only one that demonstrated a significant difference was 

performance outcomes to health and fitness self-efficacy (t (28) = 2.57, p < .05). Table 1 

provides a summary of the findings of the chi-square difference tests for each of the 

individual regression paths in the nested model.  
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Table 1: Chi-Square Difference Test for Individual Paths in the Nested Model 

POST HOC TESTS 
 Because sample limitations did not allow testing of the nested model for the 

individual predictors of perceived risks and expectancy outcomes, a post hoc analysis 

was conducted using independent sample t-tests for the low ownership and high 

ownership groups to provide further insights. As indicated in Table 2, the individual 

factors providing the most significant variance for perceived risks between the two 

Individual	Paths N β t DF Sig.	(2	tailed)

Low	Own 131 0.40 2.57 28 .011*

High	Own 132 0.03

Low	Own 131 -0.23 1.46 28 0.15

High	Own 132 -0.02

Low	Own 131 -0.01 1.60 28 0.11

High	Own 132 0.22

Low	Own 131 0.06 1.18 28 0.24

High	Own 132 0.23

Low	Own 131 0.04 0.56 28 0.58

High	Own 132 -0.04

Low	Own 131 0.03 1.60 28 0.11

High	Own 132 0.26

Low	Own 131 -0.17 0.70 28 0.49

High	Own 132 -0.21

Low	Own 131 0.07 1.18 28 0.24

High	Own 132 0.24

Low	Own 131 -0.11 0.28 28 0.78

High	Own 132 -0.07

Low	Own 131 0.66 0.97 28 0.33

High	Own 132 0.52

Low	Own 131 0.30 0.07 28 0.95

High	Own 132 0.31

*	p	<	.05		**	p	<	.01 	
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∆	Phys	Feedback	-->	H&F	Self	Efficacy

∆	H&F	Self	Efficacy	-->	Device	Use
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models were health information sensitivity (t (261) = - 2.40, p < .05) and cognitive 

overload (t (261) = .003, p < .01). In terms of expectancy outcomes, the only factor with a 

significant difference between the low and high ownership models was convenient 

information expectancy (t (261) = 4.79, p < .05). 

 

Table 2: T-Test Results for Low/High Ownership with Perceived Risks and Expectancy 
Outcomes Predictor Variables 

 To address RQ2, a 2x2 interaction was examined between QSHFT device owners’ 

frequency of use (low or high) and length of ownership (low or high), in conjunction with 

N Mean SD t DF Sig.	(2	tailed)

Low	Own 131 3.17 1.37 -2.40 261 .017*

High	Own 132 3.61 1.53

Low	Own 131 2.65 0.99 -3.01 261 .003**

High	Own 132 3.04 1.11

Low	Own 131 4.22 1.55 0.73 261 0.47

High	Own 132 4.09 1.46

Low	Own 131 5.68 0.96 1.10 261 0.27

High	Own 132 5.55 0.98

Low	Own 131 5.34 0.93 2.10 261 .04*

High	Own 132 5.07 1.15

Low	Own 131 3.99 1.28 1.65 261 0.10

High	Own 132 3.73 1.28

Low	Own 131 4.13 1.45 1.65 261 0.10

High	Own 132 3.82 1.53

Low	Own 131 3.09 1.37 -0.15 261 0.88

High	Own 132 3.12 1.53

*	p	<	.05 **	p	<	.01

Gamification	

Expectancy

Status	

Expectancy

Monetary	

Expectancy

P
e
rc
e
iv
e
d
	R
is
ks

E
xp
e
ct
a
n
cy
	O
u
tc
o
m
e
s

Health	Info	

Sensitivity

Cognitive	

Overload

Device	

Accuracy

Health	&	

Fitness	

Expectancy

Convenient	

Information	

Expectancy



 53 

any change in their body mass index (BMI) since starting college. As shown in Figure 7, 

ironically, subjects reporting high use/high ownership (N = 34) indicated the greatest 

increase in BMI (+ 0.20 points) since graduating from high school (F(3) = 3.34, p < .05). 

A deeper analysis of this unexpected finding revealed that male subjects (who are often 

still maturing physically until their early 20s) were driving this result, as the mean BMI 

change for high/high males was an increase of 1.5 points (figure 8); compared to females 

in the high/high group (figure 9), who reported a negative BMI change (-.01). Indeed, a 

post hoc analysis of these data in SPSS revealed a significant three-way interaction 

between frequency of device use, length of ownership, and gender, with a mean square 

difference of 2.3 (F(7) = 2.12, p < .05). Interestingly, the subjects with the highest mean 

decrease in BMI since high school were those who reported low use/high ownership (N = 

58). 
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Figure 7: Interaction Effect between Device Use Frequency, Length of Ownership 
and Reported BMI Change for the Total Sample. 
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Figure 8: Interaction Effect between Device Use Frequency, Length of Ownership 
and Reported BMI Change for Males. 
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Figure 9: Interaction Effect between Device Use Frequency, Length of Ownership 
and Reported BMI Change for Females. 
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Chapter VI: Discussion 

 The results of this study suggest a number of interesting insights regarding the 

positive and negative motivations influencing QSHFT device use, in both the short and 

long term. Moreover, it affirms many of the tenets purported by social cognitive theory 

and the technological acceptance model in this context, but it also raises new perplexing 

questions. First, one of the main assumptions of SCT in this context -- the critical 

relationship between health and fitness self-efficacy and QSHFT device use (assumed to 

be a key measure of behavior) -- was not found to be significant in this study. This 

finding holds true in examining both the overall model as well as each of the nested 

models for low and high ownership. Perhaps the reason behind this unexpected finding is 

rooted in one or more of the four predictors of self-efficacy – performance outcomes, 

vicarious experiences, verbal persuasion, and/or physiological feedback? Indeed, the very 

nature of “vicarious experience” in this context has undoubtedly been impacted by new 

media, which offer looser ties to an expanding network of role models and experiences. 

Not only are those seeking to improve their health and fitness able to model the behaviors 

of others at home, work and the gym, but emerging technologies expose them to a 

limitless array of vicarious experiences via various health and fitness apps, as well as 

virtual real time workout environments, such as those offered by the Peloton “smart” bike 

(Olmsted, 2016). 

 That said, it is interesting to note that, despite the their insignificance, the 

relationship between self-efficacy and device use was positive for low ownership users, 

while the opposite was true for the high ownership users. Thus, one might conclude that 
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those who have owned a QSHFT device for a longer period of time obtain their health 

and fitness self-efficacy via other means (perhaps more intrinsic in nature), as compared 

to those who are just starting to use their device (and seeking a variety of external 

incentives to keep them motivated). As SCT purports, intrinsic motivation develops over 

time and is rooted in enjoyment or interest in the task itself rather than an external driver 

such as competition, social status or monetary reward. This concept would also explain 

the significant difference in the influence of performance outcomes between users with 

low ownership vs. high ownership (reported in table 1); as well as the interaction effect 

(noted in figure 7), where long time owners who still use their device but not as 

frequently, reported the greatest decrease in BMI. As the New York Times recently 

reported, many early adopters of these technologies realize they no longer need the data 

precision or regular reminders from their QSHFT device to keep up their health fitness 

goals as these behaviors have become part of their regular routine (Carroll, 2017). 

 So if not health and fitness self-efficacy, what motivations (both positive and 

negative) are having the greatest impact on QSHFT device usage among college 

students? Results of this study suggest that while expectancy outcomes overall are a 

significant predictor of use, the only expectancy outcome found to be significant among 

the study respondents was convenient information. This finding supports the notion that 

the metrics presented by QSHFT devices are allowing users to more easily monitor their 

daily health and fitness outcomes (rather than just relying on weight loss or some other 

long term measure). This finding also aligns with the significant positive relationships 

found between perceived ease of use and perceived usefulness to device use (rooted in 
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the technology acceptance model). The ability to easily access relevant data reported by 

their QSHFT device, and believing the device will be useful to improving their health and 

fitness are clearly important to users. Additionally, since TAM predicts that individuals 

form key attitudes about new technologies prior to initiating efforts to adopt them, the 

perception that QSHFT devices provide convenient (and useful) information should be a 

critical determinant to their adoption by future users. 

 Unfortunately, health and fitness expectancy (considered by many experts to be 

the most critical driver in this context) was not found to be significant in post hoc 

analysis. This finding seems to support the existence of the knowledge-behavior gap in 

this context. Merely having access to one’s health and fitness data is not enough to 

motivate most individuals to change their behavior. While the information reported by 

these devices provide some support to users in their efforts to be healthy, they lack the 

human element of mentoring from healthcare providers, coaches, and other support 

systems (considered especially critical to those attempting behavior change). Bandura 

purports that mentoring is a key environmental factor contributing to the development 

self-efficacy (1986, 1997). Indeed, some experts believe more meaningful engagement is 

the critical issue driving the growth of future QSHFT device adoption and use, noting 

that Jawbone and other manufacturers are leaving the consumer market to focus their 

marketing efforts on selling devices through healthcare practitioners (Kleinman, 2017). In 

their study related to the effectiveness of e-health tools in communicating health risk, 

Saraswathi and Sundar (2017) found that users reported a desire for more meaningful 
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interaction with their health and fitness technologies, wherein the tool acts more like a 

“virtual coach providing reassurance” rather than a sterile computer merely spewing data.  

 Other expectancy outcomes for QSHFT device use (anticipated to be significant 

with the study sample of college students) -- gamification and social status – were found 

to have positive relationships with use as predicted, but neither of these relationships was 

found to be significant. Gamification, considered an important extrinsic motivator 

integral to driving behavior change, has been successfully applied in a variety of contexts 

(Lister, et al., 2014; Williams, 2013). Why it fell short in this instance may be due to a 

lack of awareness of QSHFT device gamification features by some of the study 

respondents. However, as previous researchers have noted, it is more likely attributable to 

an inconsistent and ineffective integration of behavioral theory in current QSHFT app 

design (Baranowski, et al., 2008; Lister, et al., 2014).  

 In terms of social status expectancy outcomes, results indicate that although 

QSHFT adoption has been readily achieved by the study sample (over 55% reported 

using some type of device); respondents did not indicate being significantly motivated by 

social status that might be associated with their device. Perhaps this finding may be 

attributed to the unexpected negative relationship found between vicarious experiences 

and health and fitness self-efficacy (particularly among low ownership users). As SCT 

purports, when individuals feel incapable of performing to the expectations of a modeled 

behavior, they experience a decrease in self-efficacy, which often leads them to abandon 

attempts at the mastering the new behavior (Bandura, 1993). Consequently, if QSHFT 

device users are unable to find a relatable role model (whose behavior they can 
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effectively imitate), it is unlikely that they will derive social status from using their 

device, causing them to abandon it. Indeed, a recent study found that 32% of wearable 

device users stop using their device after six months, and 50% abandon them after one 

year (Piwek & Lukasz, 2016). An alternative explanation for this insignificant 

relationship is that most of the respondents (49%) reported tracking their health and 

fitness activities via an app installed on their smartphone rather than via a dedicated 

smartwatch or wearable fitness-tracking device. Hence, any potential social status derived 

from use of a QSHFT device is a non-issue for smartphone app users since their health 

and fitness tracking activities are imperceptible by their peers. 

 So what other motivations are contributing to some owners’ decision to limit use 

of their QSHFT device? Results from this study indicate that two key deterrents among 

the sample population were (1) feeling cognitively overwhelmed by either the volume or 

the clarity of the health and fitness information reported to them by their devices; and (2) 

concerns about their privacy and the security of their sensitive health and fitness data. 

Cognitive overload has been consistently shown to lessen an individual’s ability to make 

meaningful choices based on the information presented to them (e.g., O’Keefe et al., 

2014; Schwartz, 2004). Consequently, it is not surprising that this is a significant concern 

among the QSHFT device users in this study. In the context of e-health, Saraswathi and 

Sundar (2017) found that technology tools that communicate health risk assessment in a 

simplified, informal tone are better received than those offering more sophisticated or 

complex forms of communication. Yet according to a recent BBC report, a simplified 

approach to communicating health and fitness data is not consistently being incorporated 
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into the design of the latest wearable fitness devices and apps (Kleinman, 2017). Instead, 

the trend seems to be offering users an increasing volume of complex data points that in 

turn appear to offer less and less meaning to the user.  

 And the increasing volume of data points is raising other significant concerns as 

well. Apple made headlines recently when it announced that data collected via Apple’s 

HealthKit (pre-installed into every iPhone, and non-removable) are now being shared 

with health and fitness app developers (Dolan, 2014). These progressively personal data 

are being aggregated and sold to a variety of marketers, including a new advertising 

network called FitAd, which offers advertisers an opportunity to target individuals based 

on their health and fitness behaviors. Prior to FitAd’s launch early last year, no other 

wearable-based health and fitness data-oriented company has been successful at 

implementing an advertising-based business model. However, based on the initial 

response from advertisers, it is likely that FitAd will not be the only company seeking to 

leverage these data for profit.  

 Many QSHFT device users are not aware that their health and fitness data are 

being used to target them with personalized advertising messages. And with good reason 

– marketers realize the key to their success is not to ruin the user experience. They are 

taking special care to craft advertising messages and delivery strategies that are effective, 

while not driving users away. Some of the potential barriers identified by FitAd’s 

founders include interrupting the user’s workout experience, promoting products that are 

not appealing or offers that lack sufficient incentive for users, and making the user feel 

“creeped out” by over personalizing the message (Dolan, 2014). Even among device 
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users who are aware of these practices, many claim to be unclear as to whether they are 

using a service or making a transaction when employing their wearable device; making it 

more difficult to evaluate the risks and benefits of allowing their data to be accessible 

(Hunter, 2016). Consequently, a number of critics have characterized the privacy 

environment associated with today’s wearable fitness technologies as the “Wild, Wild 

West” (Armerding, 2014), warning consumers that if the service is free, then you are the 

product (Schneier, 2015). 

 Users who wish to opt out of data collection and aggregation have little choice 

given current U.S. policy related to QS health and fitness data. A review of the existing 

U.S. policies related to privacy and security in the health arena indicate a lack of clear, 

well-defined rules surrounding the use of data collected by QSHFT devices (e.g., 

Electronic Frontier Foundation, 2016; Martinez-Perez, de la Torre-Diez & Lopez-

Coronado, 2015; Thomson Reuters, 2013). The White House, Federal Trade Commission 

(FTC), Department of Commerce, and Federal Drug Administration (FDA) have all 

produced separate frameworks to address various aspects of consumer privacy rights in 

the modern information era (FTC, 2010). Laws originally intended to protect the privacy 

of individuals’ personal health information, including the U.S. Health Insurance 

Portability and Accountability Act of 1996 (HIPAA) and the Health Information 

Technology for Economic and Clinical Health (HITECH) Act of 2009 were enacted 

before QSHFT devices were in general use, and consequently, do not currently apply to 

user-generated health and fitness data (EFF, 2016; Mearian, 2014). Clarifying and 

enhancing current policies associated with the collection of individual health data via a 
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variety of QSHFT devices, along with boosting consumer education efforts will ensure 

that these potential barriers do not inhibit the health and fitness benefits offered by these 

promising technologies. 

 In conclusion, the findings of this study indicate that self-efficacy alone is not a 

sufficient motivator to predict QSHFT device use (and ultimately, improve health and 

fitness outcomes) among college students. Rather, a complex combination of factors 

(some of which highlight the benefits of use, and others that raise the risks associated 

with use) is impacting college students’ attitudes and usage behaviors related to QSHFT 

devices. As such, this study makes an important theoretical contribution by extending the 

predictors associated with social cognitive theory (personal, environmental and 

behavioral) with those associated with the technology acceptance model (perceived ease 

of use and perceived usefulness) to determine attitudes and behaviors in this context. As 

the data show, factors associated with each of these theories work in tandem to predict 

not only QSHFT device use in the long and short term, but also suggest the impact these 

devices may ultimately have on a user’s health and fitness. 
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Chapter VII: Limitations 

 As with any research, there were limitations associated with this study that may 

have impacted the results. First, despite the generous sample size, the number of 

respondents who reported regular QSHFT device use was not large enough to effectively 

run the model with all of the individual predictor variables and second order factors 

represented. Given the complex relationships suggested by the QSHFT Acceptance 

Model, a larger sample size of device users would allow researchers to adequately 

examine every factor that potentially contributes to and/or discourages the use of these 

devices.  

 Secondly, the demographic mix of the sample may have impacted the results. As 

mentioned, the user sample was surprisingly skewed toward higher incomes (especially 

given all of the respondents were college students). Perhaps this is to be expected given 

the current cost of acquiring a smartwatch, wearable fitness tracker, or smartphone with a 

dedicated health and fitness app, but attempting to recruit a more representative sample of 

college students may reveal different findings. Also, the underrepresentation of males 

(25%) in the sample may have skewed the results, as demonstrated by the analysis of the 

impact of frequency and length of use on recent change in BMI. College-aged males 

appear to have different motivations related to health and fitness, but without a sufficient 

and better-balanced sample of users, it was not possible to perform all of the desired 

analyses within the model.  

 Further, some of the measures may have failed to adequately capture all of the 

complex attitudes associated with the use of these advancing technologies. For example, 
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the 13 items used to measure health and fitness self-efficacy were global in nature rather 

than being tied specifically to the use of QSHFT devices. Future research might extend 

these measures to be more reflective of the self-efficacy derived specifically from the use 

of a QSHFT device. Also, in terms of dependent measures, assuming the primary goal of 

device users is weight loss (or decreased BMI) may have been shortsighted. Clearly, this 

was not the goal of most of the male participants in this study; and if the sample were 

expanded to other populations (such as seniors), other factors such as improved 

biometrics might also be an important motivator.  

 Lastly, using a single item construct for frequency of use may have limited the 

ability to draw robust conclusions from the findings of this study. Future research might 

also consider device use as a percentage of overall workout time, since some respondents 

indicated they did not always use their device when exercising. Better yet, employing a 

panel design where users were given a dedicated device to use during data collection 

would allow researchers to track actual device use rather than reported use by survey 

respondents. 
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Chapter VIII: Future Implications 

This line of research holds great promise for contributing to both practice and 

academia since QS health and fitness tracking, driven by advancing technology, is 

predicted to flourish in future years. Experts predict the automatic installation of health 

and fitness tracking applications on modern smartphones will provide even greater 

penetration and leverage of this technology, since users will no longer be required to 

remember to wear a separate device (Krol, 2016). Moreover, new applications are 

currently being tested that are capable of detecting illness or disease in device users, as 

well as monitoring more complex biometrics such as blood glucose and oxygen levels 

(Krol, 2016). These innovations, along others still under development, will undoubtedly 

impact motivations driving consumers to track and share their personal health and fitness 

data; as well as raise concerns about smartphone apps (e.g., Apple HealthKit and Google 

Fit) that automatically collect a vast array of health and fitness data from sensors built 

into users’ respective smartphones (Van Dijck & Poell, 2016).  

For campus health professionals seeking to improve the health and fitness 

outcomes of their student populations utilizing these technologies, findings from this 

study suggest a number of useful strategies. First, given the importance of vicarious 

experiences to building self-efficacy, each school could create a customized, campus-

specific QSHFT app that connects students with selected others undertaking a variety of 

health and fitness challenges. These role models could advocate achievable nutritional 

and/or fitness challenges and encourage other students to join them. Given that college 

students are purportedly more impacted by the discussion of health messages than by 
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their direct effects (Noar, 2006), building a social component into the design of these 

apps would likely increase their efficacy. To further bolster these efforts, institutions 

could offer a variety of incentives for students to participate -- from small items such as t-

shirts, gift cards to healthy eating establishments or fitness classes, to more elaborate 

incentives, such as the opportunity to win a Fitbit or other type of wearable fitness 

tracking device. As findings from this study indicate, these types of extrinsic motivations 

are of significant importance to those seeking to establish new health and fitness routines. 

In order to cover the cost of the app development and various incentives, each institution 

could solicit support from area sponsors, such as retailers of wearable fitness devices or 

fitness wear, healthy quick service restaurants, or local community groups. 

Advancing technologies also heighten the need for increased government 

oversight, from developing a standardized government certification process to ensure that 

QSHFT devices provide accurate, secure information, as well as policies that protect the 

privacy of all users, particularly vulnerable youth populations. Senator Charles Schumer 

(D-N.Y.) is among those calling for an investigation of the data gathering and sharing 

practices associated with wearable fitness devices and applications, saying it creates a 

potential “privacy nightmare” for users (Vijayan, 2014). A more robust policy approach 

dedicated to consumer education regarding QSHFT data collection practices is clearly 

needed, as well as one that requires increased transparency, consumer choice and 

accountability from those who would access these data for a variety of purposes.  

The ubiquity of big data in both the private and public sectors suggests a 

collaborative approach between regulatory officials and the technology industry to 
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develop policy solutions that protect consumers’ QSHFT information privacy without 

compromising the vast benefits offered by these devices. One policy alternative would be 

to build self-regulatory privacy measures into the mobile health and fitness app 

environment. FTC staff could work with the five largest app distributors (Google Play, 

Apple Store, Amazon Store, Windows Phone Store, and Blackberry World) along with 

interested privacy advocates to develop standardized formats and terminology 

incorporating easy to read information about the privacy policies for every health and 

fitness tracking app. Work in this area is already underway, led by the FTC’s new Chief 

Technologist, Lorrie Cranor and the Usable Privacy Project (Sadeh, 2016), but more 

work is needed.  

In conclusion, the challenge facing scholars, practitioners and policy makers is to 

find ways to ensure QSHFT device users’ increased health and fitness knowledge 

influences their attitudes, behaviors and health outcomes, while still safeguarding their 

privacy. Harnessing the potential benefits associated with QSHFT devices depends on 

understanding the full spectrum of motivations driving users’ health and fitness 

behaviors, and designing strategies that inspire them with the right mix of internal and 

external incentives to reach goals that they consider to be achievable; as well as enacting 

policies that minimize the risks. 
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Appendix 

 
Correlation Matrix for Model Variables 
 
 

  

Performance	
Outcomes	
M=4.36,						
SD=1.03

Vicarious	
Experiences		
M=5.24,						
SD	=	1.21

Verbal	
Persuasion		
M=4.66,						
SD=1.31

Physiological	
Feedback	
M=4.78,						
SD	=	1.39

Health	&	
Fitness	Self-
Efficacy	
M=4.58,						
SD=1.00

Perceived	
Risks	

M=3.47,						
SD=0.85

Expectancy	
Outcomes	
M=4.37,						
SD=0.85

Perceived	
Ease	of	Use	
M=4.47,						
SD=1.06

Perceived	
Usefulness	
M=5.09,						
SD=1.28

Use	
Frequency										
M=5.86,						
SD=1.47

Performance	
Outcomes

1.00

Vicarious	
Experiences

.46** 1.00

Verbal	
Persuasion

.78** .51** 1.00

Physiological	
Feedback

.63** .38** .69** 1.00

Health	&	
Fitness	Self-
Efficacy

.33** .19* .39** .39** 1.00 	

Perceived	
Risks

-.34** -.15 -.36** -.38** .21 1.00 	

Expectancy	
Outcomes

.44** .37** .56** .62** .27** -.39** 1.00 	

Perceived	
Ease	of	Use

.46** .37** .33** .34** 0.11 -.41** .26** 1.00

Perceived	
Usefulness

.75** .52** .68** .67** .34** -.41** .56** .52** 1.00

Use	
Frequency

.44** .21* .37** .36** 0.14 -0.27** .41** .37** .44** 1.00

		*	p	<	.05							**	p 	<	.01
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Survey Scale Items and Sources 
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