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Hey, Nice Run!: Exploring Factors Related to Exercise, Self-Monitoring and 

Motives for Exercise App Use 

Abstract 

The present study tests a multifaceted model that explains exercise app use motives in 

relation to uses and gratifications as well as emotional and social support factors. A hybrid model 

based on Uses and Gratifications theory and self-efficacy perspectives was used to examine 

exercise app use. Gratifications for competition, self-monitoring, and informational and 

emotional social support were modeled. Structural equation modeling results provide qualified 

support for a comprehensive path model identifying the role of self-monitoring and personal goal 

achievement in smartphone exercise app use. The predicted roles for personal goal achievement 

and exercise app use received support, with personal goal achievement predicting exercise app 

use. These findings may contribute to the health communication literature through the creation 

and validation of self-monitoring and exercise app self-efficacy scales. 
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Hey, Nice Run!: Exploring Factors Related to Exercise, Self-Monitoring and 

Motives for Exercise App Use 

Research suggests that 60% of all smartphone app users have downloaded at least one 

mobile health app (Dam, Roy, Atkin, & Rogers, 2018), the usage of which has increased 330% 

from 2015 to 2017 (Netimperative, 2017). Yet, despite the increasing pervasiveness of these 

apps, the current understanding of user motivations governing their use remains incomplete. 

Exercise applications offer a wide range of characteristics that users are likely to engage for a 

multitude of reasons. For example, a majority of the most popular exercise applications (e.g., 

Fitocracy) have both personal and social elements, which are likely to produce unique 

motivations for users (Amnesi, 2016). Moreover, these applications also offer multiple levels of 

feedback, from helping users achieve their goals to challenging them to take their abilities to the 

next level. 

 Research on exercise app use has yet to explicate a comprehensive set of motives for 

their use (e.g., Breton, Fuemmeler, & Abroms, 2011; Cowan and colleagues, 2013; Krebs & 

Duncan, 2015; Patel, Asch, & Volpp, 2015; Rabin & Bock, 2011). Furthermore, exercise app use 

motives may or may not be the same as those governing use of news apps or game-based apps. 

Given their popularity and unique multi-faceted programming, this exploratory research seeks to 

examine the specific motivations for engaging with exercise applications. This study proposes an 

integrated framework that encompasses variegated domains—ranging from digital media to 

health sciences—to examine exercise app adoption and use. Specifically, the present study 

advances a comprehensive model based on audience uses and gratifications (U&G), digital 

health technology clusters, and self-efficacy and basic needs, as explicated in the emotional 

gratifications (EGRATS) scale (Strizhakova, Kang, & Buck, 2007). The latter component 



HEY, NICE RUN! 

 

3 

complements a novel U&G framework—including competition and self-monitoring—alongside 

social support and ascriptive factors.  

 

Literature Review 

Self-Efficacy 

Bandura (1986) defines self-efficacy as “people’s judgments of their capabilities to 

organize and execute a course of action required to attain designated types of performances” (p. 

391). Self-efficacy plays a critical role in the process of sustained exercise. Individuals who do 

not believe they have the competency to perform a given behavior—such as eHealth 

monitoring—are less likely to undertake or sustain that behavior over time (e.g., Lagoe & Atkin, 

2015). Enhancements to task-related self-efficacy can improve one’s belief in his or her ability to 

perform a given task and, hence, achieve a desired outcome. Self-efficacy has been used in 

health interventions and technology-based research, both of which are relevant to the present 

discussion, given that exercise apps are health-related and rely on technology to work. Research 

suggests that improvements in self-efficacy lead to increased exercise, a healthier diet, and 

weight loss (e.g., Annesi, 2016).   

Self-efficacy can thus influence relationships governing the intersection between 

exercise, competition, and technology use. Exercise history (or experience), which is defined as 

how long a person has been consistently exercising, is related to exercise self-efficacy. 

Benisovich, Rossi, Norman, and Nigg (1998), for instance, found that self-efficacy helps to 

overcome excuses to not exercise; they define exercise self-efficacy as a person’s belief that he 

or she can perform the necessary actions to achieve the goal of exercise performance. 

Consequently, as exercise history increases—that is to say, the longer a person has been 

consistently performing a given exercise—the higher their exercise self-efficacy will be (Annesi, 
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2016). Self-efficacy has also been related to Internet use (e.g., Eastin & LaRose, 2000) as well as 

online information seeking for health engagement (e.g., Lagoe & Atkin, 2015), using the Internet 

to monitor physical activity (e.g., Carr and colleagues, 2013), and online search motivations and 

behaviors (Lin and colleagues, 2015).   

Given its importance for Internet skills, self-efficacy appears to play a dynamic role in 

smartphone app use (e.g., Kim, Jun, Han, & Kim, 2013) and by extension, smartphone exercise 

app use. The present study seeks to understand the role of smartphone exercise app self-efficacy, 

which is defined as “how much a person believes he or she has the ability to operate the 

functions of a smartphone exercise app.” Dam et al. (2018), for instance, found that exercise self-

efficacy predicts health app use. One can assume that the self-efficacy dynamics motivating 

Internet use also obtain for smartphone app adoption. Specifically, self-efficacy—in general and 

exercise app contexts—should bear positive relations with exercise experience and app use. 

Drawing from the research and theory reviewed above, then, it is posited that: 

H1: Exercise experience will positively influence exercise self-efficacy.  

H2: Exercise app self-efficacy will positively influence exercise app use. 

Due to the limited research on exercise apps, scholarly work appears to be silent on the 

relationship between exercise self-efficacy and smartphone exercise app use. Although apps 

might appeal to fitness enthusiasts, those feeling more efficacious about exercise might feel less 

need for such devices. Given these countervailing influences, the following research question is 

proposed: 

RQ1: How does exercise self-efficacy influence exercise app use? 

Emotional Needs 
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Early studies identified emotional needs as a potential gratification for media use, for 

example, watching TV for emotional release (Katz, Blumler, & Gurevitch, 1974). In addition, 

the role of emotions in media use is consistent with the U&G framework (e.g., Strizhakova et al., 

2007). Rosengren’s (1974) U&G process model begins with basic needs—including emotions—

which in turn influence the media selection process. Similarly, Bartsch, Mangold, Viehoff, and 

Vorderer (2006) found that emotions themselves may be a gratification, which they refer to as 

emotional gratifications. These “e-grats” ranged from positive/rewarding feelings (e.g., “fun”) to 

more power-based “reptilian” expression of emotions (Strizhakova et al., 2007).  

Mood management theory (e.g., Zillmann, 2000) also examines the importance that 

emotion has in media use. This perspective suggests that a variety of emotions—including 

negative emotions such as fear and sadness—can lead to pleasure for media users. The key, 

according to Zillmann, is the role of arousal, which he suggests most users prefer in moderate 

amounts for a satiated state. Building on mood management research, Strizhakova et al. (2007) 

found emotion to be a powerful driver of media selection, notably the sad versus happy contrast. 

Given that past research extends work on media use motivations to the parallel realm of mobile 

media (e.g., Wei, Karlis, & Haught, 2012), one can assume that these commonalities could 

extend to the realm of health app uses. Based on the theory and research reviewed above 

establishing the importance of emotion as a determinant of media use, it is posited that: 

 H3: Emotional needs will positively influence motives to use smartphone exercise apps. 

Uses and Gratifications Theory 

U&G theory identifies the reasons why people use mass media, suggesting that such use 

meets a variety of psychological and social needs (Katz, et al., 1974). U&G assumes that the 

strength of one’s motivation determines media use, which is goal-directed. This assumption 
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works well with interactive media such as the Internet, computers, mobile phones, and 

smartphones (Sundar & Limperos, 2013). The perspective is thus well-suited to explain the 

needs and gratifications sought by users—as well as the results of their behavior (Rubin, 2009; 

Lin, 2009; Palmgreen, Wenner, & Rosengren, 1985)—informing the app uses that we explore in 

turn. 

Smartphone apps. Recent U&G research examining apps has identified constant 

availability as a specific gratification related to smartphone usage (Wei, et al., 2012). Similarly, 

convenience was found to be an important gratification of smartphone use (Wei et al., 2012; 

Weiss, 2013). Additional smartphone gratifications have also been identified, such as 

entertainment and information seeking (Wei et al., 2012; Weiss, 2013). Building on this work, 

the present study proposes four motives for exercise app use—self-monitoring, competition, 

informational social support, and emotional social support—which are described below.   

Self-monitoring. This concept describes the process whereby participants monitor some 

type of health parameter or outcome. For example, Helsel, Jakicic, and Otto (2007) found the 

process of self-monitoring to be important in assisting with physical activity, weight loss, and 

changing eating habits among diabetics. Similarly, Ayabe and colleagues (2010) found that 

patients with chronic disease conditions increased their physical activity as they monitored the 

amount of time they spent exercising. Carels and colleagues (2005) found that consistent self-

monitoring of exercise was associated with greater exercise and weight loss. 

Smartphone exercise apps may provide benefits for users who want to monitor exercise-

related metrics, such as the distance, speed, and time of a workout, while also being able to save 

the workout and review it in the future (Rabin & Bock, 2011). Additional benefits of using 

exercise apps may include 24-hour access to exercise tracking and health information. Many 
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apps also offer online support communities where users can post their workouts and receive 

feedback from other users (Carr et al., 2013). Further, exercise apps have the ability to provide a 

more individualized user experience and facilitate greater ease in self-monitoring. This may lead 

to higher levels of self-efficacy, leading to improved health outcomes (e.g., Lin et al., 2015). 

Lastly, exercise apps provide the ability to self-monitor and obtain health and exercise 

information, independent of location (Breton et al., 2011).  

Self-monitoring capabilities of exercise apps not only benefit the overweight and obese 

population, but also those who exercise consistently, and meet or exceed the exercise amount 

recommended by the Centers for Disease Control (Fogg, 2003). Most exercise apps allow for the 

tracking or recording of exercise-specific information identified by Augemberg (2012), such as 

distance covered, time spent exercising, pace/rate/speed, and (with the appropriate sensors) other 

metrics like heart rate. Fogg (2003) contends that for a technology to be effective for self-

monitoring, it should work in real time, giving users immediate and engaging feedback related to 

their progress on a particular goal or task. Annesi (2016) argues that digitization allows the 

process of data collection to be automated, thus freeing users of the tedious burden of monitoring 

their exercise. Rabin and Bock (2011) found that the ability to track exercise was very important 

to app users. Consequently, the above theory and findings underscore the importance of self-

monitoring for exercise app use. More formally, it is posited that:   

H4: Self-monitoring of health behavior will positively influence exercise app use. 

Competition through media.  Competition emerged as an important motive in listening 

to radio game shows (Katz et al., 1974). Competition through exercise app use can occur in 

many types of exercise apps, particularly those that gamify exercise. Users of these apps can earn 

points for completing challenges and for a session of exercise. A user’s most recent exercise and 
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point total are posted in the feed—similar to the news feed in Facebook—making this 

information visible to other users (see Figure 1). Thus, as users complete exercise, achieve 

challenges, and advance in level, this information is posted in the feed, thus facilitating 

competition. 

Masters and Ogles (1995) found competition to be an important motive for marathon 

runners with differing experience levels. Their findings suggest those running three or more 

races indicated competition as a key motive, while runners completing only two races were 

motivated by performance improvement. This may indicate that those who have been exercising 

longer could identify competition as a stronger motive than less experienced exercisers. 

LaChausse (2006) found that motives for cyclists differ based on gender; men were more likely 

to be motivated by competition than women.  

Similarly, Ingledew and Markland (2008) found competition to be an important motive 

among office workers who were involved in a work place-based exercise program. Dam et al.’s 

(2018) study of health app adoption found support for a novel gratification involving competitive 

challenges with other users. One can assume that the competitive dynamics outlined above with 

health apps and other digital media will apply to exercise app use. Based on the findings and 

theory reviewed above, it is posited that:  

H5: Competition motivation will positively influence exercise app use. 

Informational and Emotional Social Support 

 House (1981) defined emotional social support in the context of actions that convey 

esteem. Examples of emotional support include “statements of affection, emotional 

understanding, and statements geared towards relieving pain and stress” (Walther & Boyd, 2002, 

p. 6). This type of support may be important to exercise app users, especially among those 
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struggling with exercise, as an encouraging comment or gesture may be all that is needed to 

provide support. This might include, for instance, online congratulations offered by a follower in 

response to an exercise achievement (See examples in Figures 3-5).  

Scholars (e.g., Dam et al., 2018; House, 1981) suggest that informational support (i.e., 

advice or information that facilitates problem solving or competition) is a form of social support. 

Walther and Boyd (2002) found informational support to be an important online activity, one 

made possible by the ability to perceive or provide support anytime. Exercise app research has 

also identified the importance of users being able to communicate with each other to gain social 

support (Breton et al., 2011) and to comment on and follow other users’ workouts (Carr et al., 

2013). Based on the theoretical dynamics governing informational and emotional support 

outlined above, one can assume that online support encourages use of exercise apps in pursuit of 

one’s fitness goals; more formally: 

 H6: Informational social support will positively influence exercise app use. 

 H7: Emotional social support will positively influence exercise app use.  

Technology Clusters 

Rogers (2003) identifies technology clusters as elements of a technology that users 

perceive as being related, like wireless connectivity of a laptop and mobile phone. He further 

illustrates how technologies that are adopted during the same time period are often symbiotic in 

nature (Rogers, 2003). Thus, the more technological devices a person owns, the more likely they 

will adopt new innovations.  

Use of technologies that are functionally similar has been shown to predict adoption and 

use of a given modality (Atkin, 1993). For example, Leung and Wei (1998) examined the use of 

technology clusters in the context of mobile phone adoption and found those owning fewer 
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technologies were less likely to adopt mobile phones. In addition, Lin (2009) identified a positive 

role of technology clusters in predicting the adoption of online radio. Finally, Hunt, Lin, and 

Atkin (2014) found that technology clusters predicted the use and frequency of sending photo 

messages. Consequently, technology clusters are likely to influence the use of exercise apps. 

Rogers (2003) argues that when an innovation is adopted, technologies are often 

interdependent. To wit, those using exercise apps may also use other exercise-related 

technologies. Relevant exercise-based technologies residing in a proposed exercise technology 

cluster might, for instance, include: a GPS-based watch such as a Garmin, Nike, or Timex; a 

wearable activity monitor such as a Fitbit or Jawbone; a pedometer; and/or a heart rate monitor. 

Assuming that technology cluster dynamics can apply to media as well as exercise contexts, it is 

posited that: 

H8: Technology clusters will positively influence exercise app use. 

H9: Exercise technology clusters will positively influence exercise app use.   

Narcissism 

 Parallel research examining social networking sites has studied the role played by 

personality dimensions such as narcissism, which could factor into motives for using social 

networking services (SNS). For example, Krishnan and Atkin (2014) found a sub-dimension of 

narcissism—vanity—to play a significant role in SNS usage. This suggests that SNS usage fulfils 

the need for social approval, which is important for those who are vain. Buffardi and Campbell 

(2008) found narcissism to be related to the number of friends and the number of wall posts 

between friends through SNS usage. The number of wall posts is illustrative of a technique 

whereby users can receive social approval, which is important for narcissists (e.g., Ames, Rose, 

& Anderson, 2006).  
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A key assumption underpinning these links with narcissism suggests that users consider 

telematic channels, particularly health apps, as useful vehicles for projecting a favorable image 

of their health (e.g., McGloin, Embacher, & Atkin, 2017). Embacher Martin, McGloin, and 

Atkin (2018), for instance, found that appearance-related motivations positively predicted use of 

calorie-tracking app use among college students. Given the functional similarities between 

exercise apps and SNS—insofar as both modalities allow users to create a profile, post pictures, 

upload workouts, and comment on the workouts of friends—it is posited that: 

 H10: Narcissism will positively influence exercise app use. 

Well-being 

 The final component of this model involves measures of well-being, which have shifted 

from a negative, disease-based approach to a positive outcome approach (Bann et al., 2012). 

Given the importance of regular exercise, it is plausible that exercise app use will be positively 

related to physical well-being. That said, exercise apps may be sought as a remedy by those in 

poor health. Owing to the scarcity of work on exercise app use in this context, the following 

inquires: 

 RQ2: What is the relationship between exercise app use and well-being?       

Process Model 

 An integrated perspective on the app use model is proposed in Figure 1. The crux of this 

model involves the U&G process, which is identified by the three light blue boxes. This process 

begins with basic needs, as outlined by Rosengren (1974), which is measured by the emotion 

variables contained in the EGRATS scale (Strizhakova, et al., 2007). To recap, basic needs can 

include a variety of psychological and biological needs, including emotional needs. These needs 
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can, in turn, influence the motives or the reasons a user decides to use a specific medium or app. 

The path from basic needs to motives is posited under Hypothesis 3.     

The motives variables are identified by the second light blue box in the U&G process, 

underpinning the primary study focus on why apps are selected for media use. Motives vary at 

the individual level and by the type of media selected; motives then drive media use, identified 

by the final light blue box in the U&G process (e.g., Atkin, Hunt, & Lin, 2015). Summarizing the 

expectations from above, the path from motives to media use is identified in Hypothesis 4-7. 

Extending from the U&G process is the path from the media use variable to the health outcome 

variable (identified as RQ2), which attempts to connect media use to well-being.   

Exercise experience, in the purple box, predicts exercise self-efficacy (H1), in the red 

box. In turn, the influence of exercise self-efficacy on exercise app use is identified by RQ1, 

while the path from exercise app self-efficacy predicts exercise app use (H2). Additionally, 

diffusion variables (the lavender box; H8 and H9) will directly influence exercise app use. 

Finally, narcissism will predict exercise app use (H10).  

Methodology 

Study data was obtained through an IRB-approved questionnaire and administered 

electronically through the Qualtrics survey-hosting site. Participants (N = 393) were recruited 

from a large lecture communication course in which research credit was provided for 

participation. Given that 18-29-year-olds are among the most avid users of health apps 

(Netimperative, 2017; Weiss, 2013), this student-based sample was both convenient and 

purposive. Boulianne’s (2015) meta-analysis of current research related to social media use 

found that, while there is potential for the use of student samples to have a negative effect on the 

statistical significance of findings, the use of such samples in social media research has been 
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quite popular. Further, Mullinix, Leeper, Druckman, and Freese (2015) found evidence for 

considerable similarity between effects from survey research conducted with student-based 

convenience samples and nationally representative samples, providing additional support for the 

use of a student-based sample in the current study. The majority of participants in the sample for 

the current study were female (52.7%) and 19 years old. “Caucasian” was the most prevalent 

ethnic background category selected by study participants (73%), followed by Asian (14.8%), 

Hispanic (5.1%), African American (3.3%), and Mixed Race (2%), with the remaining 2% 

coming from American Indian, Other, and Pacific Islander categories. Average annual household 

income was $100,000.  

The study focused on exercise apps, as opposed to dieting apps such at MyFitnessPal. 

Sample participants used smartphone exercise apps an average of two to three times a month (M 

= 2.48, SD = 1.50). Each use lasted an average of just over thirty minutes (M = 2.46, SD = 1.40). 

Fitness apps (M = 3.68, SD = 2.20) and running apps (M = 3.44, SD = 1.90) were the most 

popular, followed by walking apps (M = 2.60, SD = 2.0) and cycling apps (M = 1.95, SD = 1.50).  

Measures 

  Competition. Three different measures were utilized, the first two aimed at measuring 

competition through physical activity and the last one measuring competition through media. 

The first scale was adapted from the competition subscale of the Exercise Motivations Inventory 

from Markland and Ingledew (1997) (α = .93, M = 4.22, SD = 1.40) and had a response range 

from 1 (strongly disagree) to 7 (strongly agree). This scale contains four motivation items, 

including “because I enjoy physical competition.” The second scale, video game competition, 

was taken from Sherry and Lucas (2003) and consisted of four items (α = .88, M = 3.77, SD = 

1.36). The scale had a response range from 1 (strongly disagree) to 7 (strongly agree). This 
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includes such items as: “I like to play to prove to my friends that I am the best.” The last scale 

examines competition with self, or as identified by Masters and Ogles (1995), personal goal 

achievement. The seven-point scale consists of six items (α = .93, M = 4.98, SD = 1.35), 

including such motivations as “To make my body perform better than before.”  

Informational and emotional social support. Both seven-point scales were taken from 

Choi and Chen (2006) and contain three items. Scale reliabilities were acceptable for both 

informational (α = .85, M = 3.98, SD = 1.40) and emotional social support (α = .79, M = 3.60, SD 

= 1.38). Participants were asked “Why do you use exercise apps?” and were provided support 

responses including “Seek suggestions about how to deal with a personal problem.” The 

emotional social support component included such items as “Seek encouragement.”   

 Exercise app self-monitoring scale. A new scale was created to measure the importance 

of being able to track one’s progress while exercising through the use of an exercise app. This 

seven-point general self-monitoring scale included three items for measuring self-monitoring, 

including “I like to see how far I’ve gone.” A confirmatory factor analysis (CFA) was run on the 

exercise app self-monitoring scale in AMOS 22. Results indicated a solid model fit (RMSEA = 

.05), and alpha reliability was high (α = .85, M = 5.55, SD = 1.16).   

 EGRATS scale. This seven-point scale was adapted from Strizhakova et al. (2007), as it 

represents basic human emotions, regardless of context. The EGRATS scale had 38 items, of 

which 18 were relevant to the present study. Participants were asked “I feel ____ after I have 

engaged in physical activity” for all 18 items, which comprise six subscales.   

The negative prosocial scale included “Ashamed,” “Embarrassed,” and “Guilty” (α = .82, 

M = 2.10, SD = 1.10). The negative individualism scale included “Angry” and “Arrogant” (α = 

.72, M = 2.50, SD = 1.35). The positive individualism scale included “Happy,” “Satisfied,” and 



HEY, NICE RUN! 

 

15 

“Confident” (α = .88, M = 5.60, SD = 1.06). The positive prosocial scale included “Proud” and 

“Triumphant” (α = .70, M = 5.10, SD = 1.30). The reptilian sex scale included “Erotic,” 

“Aroused,” and “Sexy” (α = .82, M = 3.14, SD = 1.50).  

The reptilian power scale included “Vigorous,” “Energetic,” and “Powerful” (α = .67, M 

= 4.98, SD = 1.13). A CFA was conducted and indicated that “Vigorous” had a low factor 

loading of .505, while “Powerful” and “Energetic” had much higher factor loadings, .895 and 

.894 respectively. “Vigorous” was removed from the scale, which improved model fit to 

RMSEA = .078, CFI = .942, and a reliability of α = .84 (M = 5.40, SD = 1.20).  

Exercise technology cluster. Participants were asked which of the following items they 

use on a rating scale ranging from 1 (“never”) to 5 (“frequently”). The prompt asked “Which of 

the following items do you own?” and was followed by “a GPS based watch such as a Garmin, 

Nike or Timex,” “a Fitbit or Jawbone,” “a pedometer,” and “a heart rate monitor.” The scale 

reliability was α = .80 (M = 1.34, SD = 0.65).  

Technology cluster. Original technology cluster scales were proposed. One item asked 

“Which of the following items do you own?” Answers included: “A laptop,” “a tablet device 

such as an iPad,” “an e-reader such as a Kindle,” and “a digital audio player such as an iPod,” 

and participants were instructed to select 0 for an item they do not own and 1 for an item they do 

own. The scale’s reliability was poor, α = .25 (M = 3.10, SD = 0.65), necessitating its removal 

from the analysis. 

  Exercise app use. This scale contained seven items, which were summed to form a 

composite scale. Question 1 asked participants “How often do you use exercise apps?” with the 

response set: Once per month; 2-3 times per month; Once per week; 2-3 times per week; 4-5 

times per week; 6 or more times per week. Question 2 asked participants “How much time do 
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you use an exercise app each session?” with the response set: 0-15 minutes; 16-30 minutes; 31-

45 minutes; 46-60 minutes; 1-2 hours; 2 hours or more. Questions 3-6 asked participants how 

often they used the following exercise app types “Running App,” “Cycling App,” “Walking 

App,” and “Fitness App” with the response set:  Never, Several Times a Year, Once a Month, 2-

3 Times a Month, Once a Week, 2-3 Times a Week, 4-6 Times a Week, and Daily (α = .75, M = 

16.60, SD = 7.10).   

Narcissism. The Narcissism Personality Index-16 (NPI-16; Ames et al., 2006) was 

adapted here as a shortened version of the NPI-40 (Raskin & Terry, 1988). The 40-item scale has 

better reliability (α =.83 compared to .70) than the 16-item scale. Due to the length of the survey, 

the risk of participant fatigue was believed to be a greater threat to this study. Consequently, the 

16-item scale was used. However, the NPI scale produced a weak alpha of .42, prompting its 

removal from the analysis due to poor reliability.   

Well-being scale. This scale was taken from the Public Health Surveillance Well-Being 

Scale, developed for the CDC (Bann et al., 2012). The 10-item scale asked participants to 

indicate “How satisfied you are with each of the following items” on a scale from 1 (strongly 

disagree) to 5 (strongly agree), and included such items as “I am satisfied with my life.” The 

well-being response domains ranged from “your family life,” and “your social life” to “your 

energy level.” The scale alpha reliability was .70 (M = 3.10; SD = 0.69). 

Exercise self-efficacy scale. This scale contained six subscales with three items each and 

was derived from Benisovich et al. (1998). Participants were asked how confident they were in 

their ability to exercise under a specified condition. The responses ranged from 1 (not at all 

confident) to 5 (completely confident). The negative affect subscale included items such as “I am 

anxious” (α = .82, M = 2.72, SD = 0.95). Excuse making, the second subscale, included items 
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such as “I am busy” (α = .86, M = 2.30, SD = 0.96). The exercise alone subscale included items 

such as “I am alone” (α = .86, M = 3.27, SD = 1.1). The inconvenient to exercise subscale 

included items such as “I don’t have access to exercise equipment” (α = .85, M = 2.48, SD = 

1.02). Resistance from others, the fifth subscale included items such as “My friends don’t want 

me to exercise” (α = .87, M = 2.87, SD = 1.10). The last subscale, bad weather, included items 

such as “It’s cold outside” (α = .94, M = 2.68, SD = 1.16).  

Exercise app self-efficacy scale. This scale was adapted from Lin et al. (2015) and 

included four items, such as: “I am confident in my ability to use smartphone exercise apps.” 

Responses ranged from 1 (strongly disagree) to 7 (strongly agree), and the scale had high 

reliability (α = .94, M = 5.40, SD = 1.25). Finally, social locators were used to profile the sample 

and were measured with commonly accepted measures. Gender, for instance, was dummy-coded 

(1 if male). 

Data Analysis 

 Following data collection, CFA was performed on each measure using AMOS 22.0. 

Palmgreen et al. (1985) reasoned that-second generation multivariate modeling techniques—such 

as structural equation modeling (SEM)—allowed for more comprehensive testing of complex 

U&G models (relative to “first-generation” multivariate procedures like multiple regression and 

canonical correlation analysis). Hypothesis and research question testing were thus performed 

using SEM in AMOS 22, utilizing maximum likelihood estimation. The procedure used in this 

study for structural equation modeling is discussed in turn.  

Results 

SEM Procedure    
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Measurement model. Following CFA, the scales were examined to determine if items 

needed to be trimmed, which involves removing items that load poorly on the underlying factor. 

If the measurement model indicated a good fit, the analysis moved onto the structural model, 

where relationships between variables were analyzed using structural equation modeling.  

Structural model. The structural model tested the hypothesized relationships among 

variables, as indicated in Figure 1. The structural model was examined for goodness of fit 

(Holbert & Stephenson, 2003), after which the model was re-specified. This involved removing 

non-significant paths from the structural model and, when necessary, adding theoretically 

justified paths that were not included in the initial hypothesized model.      

Hypothesis and Research Question Testing 

 Hypothesis 1, which predicted that exercise experience would be positively related to 

exercise self-efficacy, received partial support, with exercise experience predicting the exercise 

alone subscale of exercise self-efficacy (β = .32, p < .001). Exercise app self-efficacy approached 

significance as a predictor of exercise app use (β = .10, p = .053), leaving Hypothesis 2 without 

support. Because of the non-significance and small effect on exercise app use, exercise app self-

efficacy was removed from the model, which also obviated the need to test Research Question 1.  

Hypothesis 3 predicted that emotion would be positively related to motives for exercise app use; 

the hypothesis received partial support, as positive individualistic emotion and reptilian power 

predicted self-monitoring (β = .34, p < .001 and β = .17, p < .001, respectively). Hypothesis 3 

also received additional support, with positive prosocial emotion predicting personal goal 

achievement (β = .23, p < .001).   

Self-monitoring did not predict exercise app use (β =.03, p = .46), failing to provide 

support for Hypothesis 4 and thus necessitated the removal of the self-monitoring variable from 
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the model. However, this variable was re-conceptualized as a perceived solution variable based 

on the modification indices in AMOS and based on theory (e.g., Rosengren, 1974). 

Consequently, self-monitoring was moved so that it followed emotion variables (as initially 

proposed) and preceded motives (differing from the hypothesized model)—specifically, goal 

achievement. Self-monitoring in this new location significantly predicted personal goal 

achievement (β = .53, p < .001), providing partial support for Hypothesis 4. 

 Focusing on motives, competition did not predict exercise app use (β = .04, p = 

.49), leaving Hypothesis 5 without support. Consequently, competition was removed from the 

model, along with the reptilian sex and reptilian power paths that led to competition. The 

personal goal achievement motive did, however, predict exercise app use (β = .34, p < .001), 

providing partial support for Hypothesis 5.  Informational social support failed to predict 

exercise app use (β = .02, p = .73), thus Hypothesis 6 was not supported. Informational social 

support was thus removed from the hypothesized model. Emotional social support was also 

unrelated to exercise app use (β = -.001, p = .98), thus Hypothesis 7 was not supported. 

Emotional social support was thus removed from the hypothesized model. The predicted 

relationship involving technology clusters (Hypothesis 8) could not be tested, since the measure 

was dropped due to the aforementioned reliability issues, as was the case with narcissism 

(Hypothesis 10). Hypothesis 9, which predicted that exercise technology clusters would predict 

exercise app use, received support (β = .32, p < .01). Despite the support observed here for 

several hypothesis and research questions, the initial hypothesized model (see Figure 1) had a 

poor fit, with an RMSEA of .132 and CFI of .369. The model was re-specified by deleting 

statistically non-significant paths and non-significant variables and adding theoretically or 
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conceptually justified paths. Through this process of re-specification, the final model attained 

good fit, with CFI = .968, RMSEA = .052, χ2 = 49.90, df = 24, p < .001 (see Figure 2).   

Owing to the deleted portions of the model mentioned above, tests involving the 

Research Questions—regarding the influence of self-efficacy (RQ1) and well-being (RQ2) on 

exercise app use—were not statistically differentiated. With regard to other findings, a positive 

relationship emerged between male gender and self-monitoring, β = .15, p < .001. In addition, 

the exercise alone scale predicted exercise app use (β = .14, p < .001). 

 [INSERT FIGURE 2 ABOUT HERE] 

The remaining four subscales of the exercise self-efficacy scale on exercise app use were 

not significant. These included the negative affect sub scale (β = .009, p = .84), excuse making 

subscale (β = -.024, p = .60, ns.), inconvenient to exercise subscale (β =.036, p = .41) and 

resistance from others subscale (β = -.013, p = .77).   

Discussion 

The present study extended work on general app use (e.g., Wei et al., 2012) to 

smartphone exercise apps. Given the interdisciplinary scope of this investigation, a hybrid model 

entailing U&G theory, exercise self-efficacy, and diffusion of innovations was used to examine 

exercise app use. The innovation of this approach involves the application of motives for 

smartphone exercise app use in light of motivations encompassing exercise competition as well 

as media U&G. This study also contributed to the literature through the creation of self-

monitoring and exercise app self-efficacy scales.   

Study results provide qualified support for a comprehensive model explaining app use in 

terms of media/exercise motivations and psychological factors like self-efficacy. Per the latter, 

the predicted path received partial support, with exercise experience predicting the exercise alone 
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subscale of the self-efficacy variable. Thus, the more exercise experience that a person has, the 

more likely they are to exercise, even if this means they must exercise alone. Consequently, a 

person with extensive exercise experience will not let exercising alone be a deterrent to 

accomplishing their goals. This finding seems consistent with the literature on self-efficacy (e.g., 

Bandura, 1997).    

The hypothesized influence of exercise app self-efficacy and exercise app use, however, 

failed to receive support. This seems surprising, given the results of similar research have found 

self-efficacy to be important in media use (e.g., Kim et al., 2013), particularly for health 

information (Lagoe & Atkin, 2015). One possible explanation for why exercise app self-efficacy 

may not be relevant to those who use exercise apps could stem from the relative maturity of this 

innovation; that is, participants of this study know how to use smartphone apps, rendering the 

relationship between self-efficacy and exercise app use moot as the practice becomes 

normalized. 

By contrast, emotional needs and exercise app use models received partial support, as 

positive prosocial emotion predicted personal goal achievement. While self-monitoring was 

initially conceptualized as a motive, it was later re-conceptualized as a perceived solution 

variable. Because of the initial conceptualization of self-monitoring, the role of emotion in self-

monitoring is considered in the present model. Specifically, positive individualistic and reptilian 

power (i.e. primal) emotions predicted self-monitoring. This dynamic underscores the apparent 

importance of (self) impression management goals in determining exercise app use. 

The predicted influences of self-monitoring and exercise app use did not, however, 

receive support. That said, modification indices for the hypothesized model suggest that self-

monitoring should precede the motive variables, specifically a direct path to personal goal 
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achievement. Upon closer examination, the self-monitoring variable appears to fit the description 

of what Rosengren (1974) described as a perceived solution variable; that is, simply a way of 

solving a problem, acknowledging that a problem(s) can be solved in other ways besides media 

use. In particular, the perceived solution variables should follow basic need variables and 

precede motive variables. Conceptually, moving the self-monitoring variable between the 

emotion variables and the motive variables made sense and was theoretically justified.  

Extending the study focus to functionally similar media, video game use—like 

competition and exercise app use—failed to predict app use. One possible explanation for this 

may stem from the structure of exercise apps, some of which could more closely resemble video 

games and have a more game-like interface. Others apps may be less “gamified,” such as those 

exercise apps that simply track exercise. This study did not differentiate between the various 

exercise app types, which might represent a useful next step in later work. 

More generally, the competition and exercise app use models attempted to extend past 

findings (e.g., Ingledew & Markland, 2008; LaChausse, 2006; Masters & Ogles, 1995; Markland 

& Ingledew, 1997), which found competition to be important for participants of such endurance 

sports as running and cycling, to the use of smartphone exercise apps. This hypothesis also failed 

to receive support. One potential explanation for the inability to replicate those results may 

involve the difference in samples, as the general student population queried here may have had 

fewer endurance sports participants than could be found in more purposive samples in earlier 

studies (e.g., tri-athletes). 

By contrast, the predictive roles for personal goal achievement and exercise app use 

received support, with personal goal achievement predicting exercise app use. This result appears 

to be consistent with the findings of Masters and Ogles (1995) and extends the use of their 
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personal goal achievement scale to smartphone exercise app use. These findings also support the 

contention of early mass media researchers—suggesting that media users were aware of their 

media use and that media use was goal driven (e.g., Rosengren, 1974; Katz, et al, 1974)—as well 

as more recent work focused on app use (e.g., McGloin, et al., 2017, Embacher Martin et al., 

2018). Later work might profitably apply less media-centric motivational perspectives—such as 

the “perceived utility” concept from the technology adoption model (TAM)—to the issue of app 

adoption. 

Moving beyond media use motivations, also examined were models specifying the 

influence of informational social support on exercise app use and emotional social support and 

exercise app use. Both failed to receive support. One potential explanation may stem from this 

study not fully differentiating the types of exercise apps. Some apps offer more of social network 

site interface and feel, such as Fitocracy (see Figure 5). Therefore, certain apps may be more 

suited for providing informational social support and emotional social support, when compared 

to other exercise apps that are used predominantly for exercise tracking.  

In addition, the positive influence posited for updated technology cluster on exercise app 

use was unsupported.  The poor scale reliability observed for the updated technology cluster 

scale, which necessitated the scale’s removal from the study, may stem from the range restricted 

(“yes/no”) technology ownership categories. Moreover, the items contained within the 

technology cluster scale may not have been relevant to a study of exercise apps. Perhaps 

generalized measures of individual technologies are poor discriminators as digital technologies 

become normalized. The expectations concerning exercise technology clusters and exercise app 

use did, however, receive support. This result suggests that, as technology becomes increasingly 
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specialized, technology clusters should be updated to reflect this specialization (see Atkin et al., 

2015; Wei, 2013).   

More broadly, poor fits can occur not only because of responses that are not expected, but 

also because of errors in data approach and item mixing. These limitations can be a function of 

the sheer volume of data collected and the ambitious set of testing items. The posited relationship 

involving exercise app use also did not receive support, while narcissism could not be assessed. 

The narcissism scale had poor alpha reliability and was dropped from the analysis. This poor 

reliability may stem from the use of the Narcissism Personality Index-16 (NPI-16) from Ames, et 

al. (2006), a shortened version of the NPI-40 (Raskin & Terry, 1988); the shorter scale employed 

here was less robust than the latter scale. Although the 16-item scale was selected to limit 

participant fatigue, future research may be more successful in applying the full scale in this 

context.  

The study expectation that exercise self-efficacy would increase exercise app use 

received partial support. Five subscales—bad weather, inconvenient to exercise, negative affect, 

excuse making, and resistance from others—did not significantly predict exercise app use. Must 

exercise alone did, however, predict exercise app use. The significance of this subscale may stem 

from those who exercise alone and thus take their phone in case of an emergency or getting lost. 

If a user has a phone with them, they would logically track their exercise owing to the 

availability of the exercise app. Another possible explanation is that those who exercise alone—

for whatever reason (e.g., exercise partner is too slow/fast)—use exercise apps to track their 

goals, consistent with the current findings.  

On balance, the findings provide important implications for health care practitioners. The 

relatively stronger explanatory power of attitudinal measures (e.g., exercise motives)—
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particularly in relation to social locators—suggests the importance of perceived utilities served 

by apps (as opposed to primary diffusion related variables like socio-economic status). This 

profile seems consistent with that of a more mature medium, where initial adoption is less critical 

than successful reinvention and maintenance of an innovation. App designers may be wise to 

consider emerging media use motivations that extend beyond traditional media (e.g., 

information) and extend to mobile contexts (e.g., “coolness”; see Charney & Greenberg, 2002). 

Given the social support functions of app use uncovered in past work (e.g., Dam et al., 2018), 

designers would be wise to consider visually compelling interfaces that enable users to post and 

react to information posted by users for public comment (per Figure 4). More specifically, the 

platform should provide users an easy way to congratulate their peers or to share their 

performance metrics using visually driven data displays. 

 An important limitation of this study involves the student-based sample, even though 

college students represent an important target for technology use and are heavy users of apps 

(see McGloin et al., 2017; Embacher Martin et al., 2018; Weiss, 2013). Admittedly, the sample 

obtained in this manner is not representative of the U.S. population selected through traditional 

random sampling techniques. Hence, caution should be exercised in interpreting results, and 

future research should look to approach a larger, more generalizable audience. Later research 

should also investigate apps that allow users to track and self-monitor their exercise 

automatically, such as Strava and Map My Run, compared with those that require the user to 

manually enter their exercise information once complete, such as Fitocracy. As media 

convergence continues to blur the distinctions between media platforms (e.g., Wei, 2013), later 

work should continue to blend perspectives based on U&G—or related motivational frameworks 
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(e.g., the Technology Adoption Model; see Atkin et al., 2015)—with exercise motivation 

research.    
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Figure 1. Comprehensive research model, which had poor fit, RMSEA = .132, CFI = .369.   

 
 

Figure 2. The re-specified model indicated strong measures of fit, CFI = .968, RMSEA = .052, 

χ2 = 49.90, df = 24, p = .001. All paths significant at p < .001, except * where p < .05.  

 
 

Figure 3. A screenshot of Fitocracy, illustrating the game like interface with Level and point 

total.  Notice the most recent workout indicating the user just earned 1,093 points. 
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Figure 4. A screenshot of the Fitocracy App, showing the achievements this user has earned.  

Some are related to the use of the app, such as completing their profile.  While others are based 

on exercise, for example, the Hallowed Harrier achievement indicates the user has run 1000km 

in their lifetime. 

 
 

 

 

 

 

Figure 5. This screenshot is an example of informational social support.   
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