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A B S T R A C T   

Mobile fitness applications are innovating the ways in which smartphone users self-manage their 
health. Prior research found that app functions may impact app efficacy. However, research to 
date has not sought to systematically investigate how different combinations of app functions 
impact user response to apps, especially adoption intent. This article describes two studies on 
mobile fitness app characteristics and user attitudes. Study One used content analysis and hier
archical cluster analysis on 98 iPhone fitness apps and identified four app clusters: “Tutor”, 
“Recorder”, “Game Companion”, and “Cheerleader.” Tracking was the predominant function in 
current market, but tracking-focused Recorder apps received lowest user ratings among all app 
clusters. Users favored Tutor apps that combine exercise education and tracking, and Game 
Companion apps that combine gamification, tracking, and social functions. Function combina
tions, rather than standalone functions, impact app success. Following a Reasoned Action 
Approach, Study Two found various effects of individual differences (age, gender, BMI, eHealth 
literacy, smartphone experience, function preference) on user attitude toward different fitness 
app types. A comparison between two studies demonstrated a mismatch between market offerings 
and user needs regarding app functions. Implications of results for mobile fitness app design to 
improve consumer health and for theories are discussed.   

1. Introduction 

Since the introduction of mobile phones in the 1970s and smartphones in the 1990s, ownership of mobile devices has exploded 
worldwide. The trend in the U.S. has been especially rapid. In 2019, 96% of U.S. adults owned a mobile phone (i.e. a cellphone), among 
which 81% were smartphones (Pew Research Center, 2019). The prevalence of mobile phones promises to leverage mobile health 
technologies (mHealth) to enhance public health. The U.S. government’s Healthy People 2020 initiative, in this context, sought to “use 
health communication strategies and health information technology to improve population health outcomes and health care quality, 
and to achieve health equity” by providing all people “personalized self-management tools and resources” (Healthy People 2020, n.d.- 
a). 

Mobile device-based health apps, particularly, are revolutionizing the ways in which smartphone users self-manage their health. In 
2020 first quarter, the numbers of iOS and Android mHealth apps are respectively 45,478 and 43,285 (Statista, 2020a, 2020b). These 
apps aim at disease management (e.g., diabetes, Goyal and Cafazzo, 2013) and prevention (e.g., promoting healthy food and physical 
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activities, Fanning et al., 2012). Previous research has evaluated the mobile app market (e.g. Azar et al., 2013; Sama et al., 2014; 
Vickey et al., 2012), but findings have been mostly descriptive, and they do not link measures to users’ behavioral response to app 
features or compare market offerings with consumer needs. The fast-paced changes in the mobile environment require updated 
research to survey user response to mobile health apps, e.g. mobile fitness apps, to evaluate and optimize app efficacy. 

Mobile fitness apps are intended to support physical activity. For app users, the support can be instrumental (problem-solving 
knowledge and skills) and emotional (encouragement), namely informational and emotional-social support (Peng et al., 2016). Despite 
numerous health benefits (e.g. preventing cardiovascular diseases and diabetes, Reiner et al., 2013), mobilizing physical activity 
nationally has been unattainable. From 1996 to 2017, the percentage of U.S. adults who do not engage in an adequate level of physical 
activity increased from 60% to 80% (U.S. CDC, 1996; Healthy People, n.d.-b, 2020). While lack of motivation is a major barrier to 
physical activity (Coll et al., 2017; Sharifi et al., 2013; Trost et al., 2002), mobile motivational tools, when tailored to user needs, may 
help build exercise habits. 

This paper reports two studies on mobile fitness app characteristics and user attitudes. Study One used content analysis and hi
erarchical cluster analysis to identify fitness app features and prototypes. Study Two used the Reasoned Action Approach (Fishbein and 
Ajzen, 2010) to examine how individual differences, especially app function preference, influence attitudes toward various fitness apps 
and adoption intent. The paper also compares the current market (Study One) with consumer needs (Study Two). Results provide 
implications for mHealth literature as well as the design of mobile fitness app interventions to impact consumer health. 

2. Study One 

2.1. Literature review and hypotheses development 

Previous research in mobile fitness apps has assessed app efficacy and user feedback. For instance, Kranz et al. (2013) examined 15 
fitness apps that perform GPS tracking, workout planning, and workout performance assessment. The study highlighted user-app 
interaction through playful, social, and long-term motivation. Meanwhile, interactive and gamification designs were observed in 
health and wellness apps. Popular gamification features include badges, leaderboards, points, levels, challenges, quest, and social 
engagement (Miller et al., 2016). These social and gamification designs satisfy users’ gratification need, which is the desire of people to 
stay connected, enjoy life, and have fun (Lim et al., 2015). Gratification is an important theoretical base for app design (Leung and Wei, 
2000; Yang, 2013). Users adhere to a fitness app more if they find it fun, interesting, trendy, cool (Lee and Cho, 2016). 

Besides social and gamification functions, literature discussed education, tracking, and motivation functions in mHealth apps. 
Mohr et al. (2014) identified education, goal-setting, monitoring, feedback, and motivation enhancement as behavioral change 
strategies. They define education as providing requisite knowledge to enable a behavioral change, and monitoring/tracking as 
recording past and current states. In online physical education, mobile fitness apps host instructional resources such as demonstration 
videos (Hung et al., 2018), connecting students with physical educators through assignments and assessments (Goad et al., 2019). The 
array of educational features in mobile fitness apps often occur simultaneously with monitoring functions, which track users’ exercise 
and biometric data over time to inform personalized feedback (Papastergiou et al., 2020). Heart rate, GPS traces, acceleration data are 
example sensor data (Kranz et al., 2013; Papastergiou et al., 2020). Apart from education, mobile fitness apps also address motivation 
enhancement. They use positive reinforcement, contingent rewards, behavioral contracts, incentives, and social support to promote 
physical activity (Mohr et al., 2014). Kranz et al. (2013) believe that when an app diversifies training experience and provides social 
incentives and feedback on progress, it can help maintain extrinsic motivation and engagement. In comparison, the gamification app 
designs mentioned earlier tackle intrinsic motivation (Farrow et al., 2019; Xi and Hamari, 2019). 

Based on existing literature, we conceptually categorize mobile fitness app functions into five themes: Education (Goad et al., 2019; 
Mohr et al., 2014; Papastergiou et al., 2020), Tracking (Kranz et al., 2013; Mohr et al., 2014), Social (Kranz et al., 2013; Lee and Cho, 
2016), Gamification (Farrow et al., 2019; Lee and Cho, 2016; Miller et al., 2016), and Motivation (Mohr et al., 2014). Some apps are 
minimalist; others are complex. Despite a possible negative correlation between app function variety and expert-reported usability 
(Arnhold et al., 2014), most mobile fitness apps in practice combine several functions that app developers believe will provide an 
optimal combination of capabilities for a subset of the market. Previous studies (e.g. Sama et al., 2014) only examined apps’ functional 
tools individually without systematically evaluating their collective, interactive outcomes. The rapid change in app development 
requires an updated investigation to answer the following two questions. 

RQ1: What major functions and features do current mobile fitness apps have? 
RQ2: What are the common combinations of functions in current mobile fitness apps? 

This study also aims to test the link between user outcomes and specific app functions or combination of app functions. Previous 
research on apps for the care/prevention of STIs (Muessig et al., 2013) has measured app outcomes by number of downloads (for app 
popularity) and user rating (for satisfaction), but rarely are correlations explored between these outcomes and app functions or 
functional combinations. Mendiola et al. (2015) do explore the relationship between app features and ratings. Coding 12 pre
determined features in 234 medial, health and fitness apps, they find tracking features lower app ratings – though popular. Their study 
reveals links between app features and outcomes but presents limitations. First, it contains apps of three topics (medial, health, and 
fitness) in one regression analysis, disregarding topic-specific data variances. Second, the 12 app features are non-paralleled concepts; 
their typology appears non-exhaustive and not mutually exclusive. To address gaps in research, this study seeks to create an improved 
feature typology specific to mobile fitness apps. We ask two additional questions. 
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RQ3a: How does variation in functions impact app popularity? 
RQ3b: How does variation in functions impact user satisfaction toward the app? 

2.2. Method of Study One 

2.2.1. Sample and coding scheme development 
Prior to sampling, an exploratory search in iPhone app store (iTunes version: 12.4.1.6) used 12 keywords (i.e., fitness, exercise, 

exercise/fitness/walk/running/cycling tracking, exercise/fitness/walk/running/cycling monitor) to generate 464 fitness apps solely 
for developing a coding scheme. The coding scheme has an outline of the five app functional themes: education, tracking, social, 
gamification, and motivation (see Section 2.1). An iterative coding approach on the 464 apps identified specific features under each 
functional theme. When no new features appeared, codes reached saturation. Afterwards, another search used two search terms 
(“fitness”, “exercise”) to improve relevancy of apps solicited. Apps designed by a same developer but only varied in price (free or paid) 
were considered different apps in iTunes store; they had to have different features to be both sampled. If a paid app has identical 
features as its free version, only different as ad-free, one of them was randomly excluded from the sample. The sample excluded 
duplicate and off-topic apps, retaining 98 apps for content analysis. 

2.2.2. Measures 
App popularity. We used the number of user reviews of an app as a proxy measure of app popularity because Apple does not 

provide a direct indictor of downloads. The presumption was that apps with more ratings were likely downloaded more. 
App satisfaction/ratings. App ratings from iTunes served as the proxy measure of app satisfaction. Any iPhone user can rate an 

app after downloads but not all users would rate apps. 
Functional theme scores. We counted the absence and presence of app sub-features using 0 and 1. A theme score is the total 

number of sub-features present in an app on each of the five functional themes. For example, theme Gamification had five sub-features 
such as leaderboards, role-playing avatar. Apps thus range 0 to 5 on Gamification theme scores, 0 to 9 on Education, 0 to 8 on Tracking, 
0 to 3 on Social, 0 to 5 on Gamification, and 0 to 5 on Motivation. The differences in scale magnitudes require data standardization. We 
calculated z scores for each of the five theme scores, using z scores in subsequent clustering and regression procedures. 

2.3. Results of Study One 

2.3.1. Content analysis 

RQ1: What major functions and features do current mobile fitness apps have? 

Five app functional themes served as high-level codes. Each theme contains several sub-features. For example, theme Social consists 
of three sub-features: (1) allowing users to connect with real-life networks like families and friends, (2) having an in-app community of 
users, and (3) enabling sharing of workout accomplishments to social media through the fitness app. Preliminary analysis determined: 
Tracking (84.7%) was the most frequent functional theme, followed by Education (71.4%), Social (59.2%), Motivation (38.8%), and 
Gamification (35.7%). See Table 2 column “market” for feature frequencies per theme. 

One author coded all apps; results entered subsequent analyses. To assess reliability, a second coder coded a random subset of the 
sample, 22 (22.4%) apps. We calculated Krippendorff’s alpha at the functional theme level comparing the aggregated numbers of 
features coders each identified. Reliability reached tentative to good (≥0.667) for four themes: education (α = 0.719), social (α =
0.854), gamification (α = 0.809), and motivation (α = 0.669), except for tracking theme (α = 0.475). After retraining, the second coder 
coded different 21 (21.4%) apps on tracking features; alpha increased to 0.721. 

2.3.2. Cluster analysis 

RQ2: What are the common combinations of functions in current mobile fitness apps? 

To answer RQ2, we performed a cluster analysis. Cluster analysis is a method of identifying the category structure or membership of 
a collection of observations (Anderberg, 2014). Observations, which can be individuals or objects, are assigned to homogeneous 
groups called clusters (Norusis, 2010). Within a cluster, cases are conceptually similar to each other, but a case from one cluster should 
differ from cases assigned to any other clusters (Duran and Odell, 2013). Among several clustering approaches, hierarchical cluster 
analysis is appropriate in this study given the non-predetermined number of clusters and a relatively small sample size (Norusis, 2010). 
We chose an agglomeration schedule (Yim and Ramdeen, 2015) for hierarchical cluster analysis in IBM SPSS Statistics 27 to identify 
natural grouping of mobile fitness apps. 

The clustering criteria were the five functional theme scores, which signify the richness of feature affordance on Education, 
Tracking, Social, Gamification, and Motivation respectively. See Section 2.2.2. for the measure. We used z-score standardization in 
cluster analysis (Mooi and Sarstedt, 2011). The scores are ratio variables with true zeroes, meaning no sub-feature of a given function is 
observed in an app. Thus, we selected interval measure and squared Euclidean distance following the Ward’s method to cluster 
standardized data (Murtagh and Legendre, 2014). 

A dendrogram was generated to suggest clustering at different levels of abstraction. We closely examined five clustering solutions 
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each containing two, three, four, five, or six clusters. Among all solutions, the four-cluster solution had the most even case numbers 
across clusters (34.69%, 24.49%, 15.31%, 25.51%), and relatively more distinct clusters. See Fig. 1. A bar of a positive or near-zero z 
score means that apps in that cluster include features of the corresponding functional theme in a rich or average amount. 

We further validated the four-cluster solution through a one-way multivariate analysis of variance (MANOVA) by confirming 
clusters distinctiveness. There was a statistically significant difference in functional theme scores per cluster membership, F(15, 
248.852) = 30.670, p < .0001; Wilk’s Λ = 0.056, partial η2 = 0.618. Variances were detected among clusters for each theme score: 
Education, F(3, 94) = 42.675, p < .0001; Tracking, F(3, 94) = 18.697, p < .0001; Social, F(3, 94) = 7.747, p < .0001; Gamification, F(3, 
94) = 38.198, p < .0001; Motivation, F(3, 94) = 22.305, p < .0001. See Table 1 for post-hoc pairwise cluster comparisons. 

Based on the unique function combinations of each cluster, we labeled the four clusters with meaningful personified names. Cluster 
1, named Tutor apps, are rich in education features but mix education with social, tracking, and/or gamification. They typically do not 
have motivational features such as music or voice cheer. Example Tutor apps include Fitness Trainer - Exercise & Workout Guide and 8fit 
– Workouts. Cluster 2, Recorder apps, are single-purpose tracking apps lacking other functions especially Education. Representative 
Recorder apps are Fitbod Planner, Metric Me, and Tap & Track are. Cluster 3, Game Companion apps, are mixtures of gamification, 
tracking, and social functions – occasional motivational features – but not education. Examples are Fitbit and Nike + Running. Cluster 4, 
Cheerleader apps, are heavy in motivation, with occasional social tools but below average in tracking, education, and gamification. 
Representative apps are Interval Timer, myWOD and Relax Melodies. 

2.3.3. Functional themes and clusters on app popularity and satisfaction 

RQ3a: How does variation in functions impact app popularity? 

A multiple regression tested whether functional theme scores impact app popularity. There was no significant overall effect, 
Multiple R = 0.247, F(5, 92) = 1.201, p = .315, indicating that the presence or absence of functional themes (Education, Tracking, 
Social, Gamification, Motivation) did not predict app popularity using number of reviews as the proxy measure. Additionally, a one- 
way analysis of variance (ANOVA) did not detect significant differences on number of reviews among four app clusters (Tutor, 
Recorder, Game Companion, Cheerleader), F(3, 94) = 0.86, p = .47. Cluster membership was unrelated to app popularity. 

RQ3b: How does variation in functions impact user satisfaction toward the app? 

We examined the relationship between app functions and user satisfaction. A multiple regression, using the five theme scores as 
predictors of app satisfaction, yielded an overall significant effect, Multiple R = 0.373, F(5, 92) = 2.97, p < .05. Two of the five themes 
were significant predictors of user satisfaction: Education, β = 0.31, p < .01; Social, β = 0.21, p < .05. Mobile fitness apps with 
Educational/Social features received higher ratings. 

A one-way ANOVA compared app satisfaction among four app clusters. It found an overall between-group effect, F(3, 94) = 8.51, p 
< .001, η2 = 0.213. Post-hoc Tukey’s HSD found that Recorder apps (M = 3.89, SD = 0.92) were rated significantly lower than Tutor 
apps (M = 4.51, SD = 0.26, p < .001), Game Companion apps (M = 4.42, SD = 0.23, p = < 0.05), and Cheerleader apps (M = 4.35, 
SD = 0.24, p < .001). Tutor, Game Companion, and Cheerleader Apps were not significantly different from each other in terms of app 
ratings. 

2.4. Discussion of Study One 

Among five functions, tracking was predominant in current mobile fitness apps, whereas gamification had minimal presence 
(tracking > education > social > motivation > gamification). Apps with gamification feature (35.7%) were fewer than half of apps 
with tracking features (84.7%). However, tracking-only Recorder apps received lower user ratings than other app clusters which 
prioritize education (Tutor apps), social (Cheerleader apps), or a combination of tracking, social, and gamification (Game Companion 
apps). Arnhold et al. (2014) found, “documentation” functions negatively impact app usability. What we found was more complex: it 

Fig. 1. Cluster profiles for the four-cluster solution.  
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was the combinations of app functions – not standalone function – that impact app satisfaction. 
Namely, tracking features have to coexist with other functional themes in a meaningful combination to achieve efficacy. One 

valuable functionality addition is gamification: users responded favorably to Game Companion apps. Gamification applies game-like 
features to the design of systems in traditionally non-game contexts (Huotari and Hamari, 2017) and has demonstrated some efficacy in 
promoting physical activity (Koivisto and Hamari, 2019). 

Study One is not immune to limitations. First, controlling for the effect of search results ranking on app sampling was not possible 
because Apple keeps secret their ranking algorithm. A search simulation found that apps that updated more often would appear more 
front among search results (Lim and Bentley, 2013). Future research can explore ways to sample more representatively. Second, we 
only sampled iOS apps. Android and iPhone users may have fundamental differences that influence iTunes and Google Play Store. 
Given our focus on investigating app functional combinations as opposed to individual app functions and multiple research questions, 
we chose to focus on iTunes store for the present research. Future research may sample both iOS and Android apps and compare the 
two platforms. 

3. Study Two 

Study One found that users responded differently to various combinations of app functions, and we identified four typical app 
clusters: Tutor, Recorder, Game Companion, Cheerleader. These clusters, though very different in feature sets, tend to be similar in 
popularity and in user satisfaction ratings, with an average app store rating of 3.87/5. This led us to wonder the different user response 
to apps at an individual level. Study Two investigated: (1) whether the market meets user needs by comparing Studies One (current 
market) and Two (user needs); (2) factors associated with the intent to adopt different types of fitness apps. 

3.1. The reasoned action approach 

Systematic reviews have found numerous effective mHealth apps in interventions, on issues like diabetes, obesity, cancer, chronic 
obstructive pulmonary disease, and mental health (Donker et al., 2013; Wang et al., 2014). Users have diverse app choices, but little is 
known about their decision-making considering app functions or functional combinations. Proxy measures for app popularity and 
satisfaction from iTunes are insufficient for studying individual variances. We designed a user survey to address this gap in research. 

Study Two drew upon the Reasoned Action Approach (RRA, Fishbein and Ajzen, 2010). RAA is a synthesized theory set from 
historical discussions on the Theory of Reasoned Action (TRA), Integrative Model of Behavioral Prediction (IMBP), and the Theory of 
Planned Behavior (TPB, Ajzen, 1991). As an expectancy-value theory, RAA posits that individuals make mental math to weigh the 
benefits and costs of incurring a behavioral change. If benefits are perceived to overweigh costs of performing a behavior, a change is 
more likely to happen. Such decision-making involves physical, emotional, social, and financial factors (DiClemente et al., 2013). 

Behavioral intent. Among determinants that facilitate or hinder behavioral changes, behavioral intent is the most immediate 
predictor (Ajzen, 1991). To observe behaviors is a challenge; behavior intent is often a proxy measure and strong predictor for behavior 
(Gibbons, 2006). This study examined how individual differences influence intent to adopt mobile fitness apps, which made RAA an 
appropriate framework. For a given behavior, “attitude,” “subjective norm,” and “perceived behavioral control” are three immediate 
antecedents to behavioral intent (Fishbein and Ajzen, 2010). 

Attitudes are psychological tendencies that one expresses upon evaluating an entity with some degree of favor or disfavor (Eagly 
and Chaiken, 1993). Though one’s attitudes are generally consistent with behaviors, stronger attitudes are better predictors of be
haviors (Holland et al., 2002). In the context of mobile fitness apps, attitudes toward mobile fitness apps – in general or toward 
particular functions/functional combinations – may influence adoption intent. However, we do not know whether consumers hold 
strong or weak attitudes on this topic, and whether app attitudes indeed predict adoption intent. 

Subjective norms are perceived norms. They describe the extent one considers a behavior as expected by society (Fishbein, 2000). 
Unlike “social norms” (Cialdini et al., 1990), subjective norms underscore the subjective perception. They influence behavioral intent 
and behaviors (Cialdini et al., 1990; Fishbein, 2000), including health-related behaviors (Rimal and Real, 2005) and technology 
adoption (Teo et al., 2012). One may perceive adopting fitness apps as a social norm, but the degree of adoption intent is dependent on 

Table 1 
Cluster Means, Standard Deviations, and z Scores for the Four-Cluster Solution.   

Cluster 1 (n = 34) 
“Tutor” 

Cluster 2 (n = 24) 
“Recorder” 

Cluster 3 (n = 15) 
“Game Companion” 

Cluster 4 (n = 25) 
“Cheerleader”  

M SD z M SD z M SD z M SD z 

Clustering Variables 
1. Education (scale: 0–9)  3.71  0.906 0.990a  0.79  0.833 − 0.880b  1.60  1.121 − 0.392b, c  1.275  2.16 − 0.285c 

2. Tracking (scale: 0–8)  2.32  1.364 − 0.034a  2.92  0.881 0.341a, b  3.93  1.668 0.983b  1.00  1.190 − 0.870c 

3. Social (scale: 0–3)  0.79  0.946 − 0.183a  0.63  0.711 − 0.349a  2.00  0.845 1.005b  0.96  1.098 − 0.019a 

4. Gamification (scale: 0–5)  0.53  0.788 − 0.084a  0.13  0.338 − 0.497a  2.27  1.033 1.687b  0.20  0.408 − 0.420a 

5. Other motivation (scale: 0–5)  0.15  0.359 − 0.483a  0.13  0.338 − 0.511a  0.73  1.033 0.236b  1.36  0.810 1.006c 

Note. Subscripts, as a form of grouping labels, symbolize the results of post hoc pairwise differences for each cluster within each theme score. The 
group with a subscript “a” is statistically distinct from that with “b” or “c.” However, the group with a subscript “b” is statistically not distinct from 
that with “b, c” since they share the subscript “b.” Differed grouping labels indicate the heterogeneity across app clusters. 
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the degree of subjective norm. 
Perceived behavioral control (PBC) is the extent to which one feels control over a given behavior, or capable of performing it 

(Fishbein and Ajzen, 2010). Users’ incapability of downloading a fitness app to their smart phone can be a constraint of adoption. 
RAA also posits, background factors at individual, social, and information levels influence behavioral, normative, and control 

beliefs, each of which respectively predicts behavior-related attitude, subjective norm, and perceived behavioral control. This study 
adapted RAA to mobile fitness app adoption. The first hypothesis is based on RAA. 

H1: Consumers’ mobile fitness app adoption intent is predicted by their attitudes toward the app, subjective norms of being expected to adopt 
a fitness app, and perceived behavioral control over app adoption. 

Studies consistently indicated that “perceived value” especially “perceived usefulness” influences technology adoption intent (Teo 
et al., 2012). Consumers seek to maximize value by choosing behaviors that will lead to the most optimistic outcomes (Kim et al., 
2007). This underlies the assumption of all value-based behavioral theories: human behaviors are the tradeoff of a complex evaluation 
of benefits and barriers. Mobile social apps, for instance, have three dimensions of perceived value: utilitarian motivation (perceived 
usefulness), hedonic motivation (perceived enjoyment), and social influence (social ties) (Hsiao et al., 2016). As Study One showed, 
these dimensions were also common in mobile fitness apps. With various function combinations, fitness apps carry perceived value 
with various emphases. A study on middle-aged individuals in Taiwan (Liao et al., 2017) found that fitness apps did not entail functions 
that met consumer demands. Study Two started with updated research on the same vein (RQ4, RQ5). 

RQ4: What types of fitness apps are most appealing to consumers considering features? 
RQ5: Do the types of fitness apps that consumers prefer align with the four app prototypes (Tutor, Recorder, Game Companion, Cheerleader) 
in current iPhone app market? 

Study One found that fitness apps with certain functional combinations received better consumer evaluation, judging app store 
ratings. However, it remained unknown whether there exists an optimum app prototype that can appeal to the majority of consumers. 
Alternatively, different segments of consumers may have varied attitudes toward different types of mobile fitness apps. As each type of 
fitness apps entail unique feature affordances in bundles, consumer attitudes about each type of apps may be influenced by their app 
feature/function preference. Again, one of our main objectives is to systematically evaluate and understand the combinations of app 
functionality – as opposed to standalone functions. We thus tested in Study Two the associations between individual differences and 
consumer attitudes toward fitness apps in general, and toward the four app clusters identified in Study One (Tutor, Recorder, Game 
Companion, Cheerleader). Each of these four app clusters afford unique combinations of functional features on five themes: Education, 
Tracking, Social, Gamification, and Motivation (see Fig. 1 and Table 1). According to RAA, background factors predict behavioral 
attitudes (Fishbein and Ajzen, 2010). In mHealth, individual differences such as age, gender, Body Mass Index (BMI, weight-height 
ratio), health status, and current exercise behaviors are popular variables because they are closely tied to health behaviors (Ernst
ing et al., 2017; Deng et al., 2014; Leonard et al., 2013; Shin et al., 2001). A previous study using RAA framework, for example, found 
an age effect on the relationship between mHealth services adoption intent and related attitudes, perceived value, and perceived 
behavioral control (Deng et al., 2014). A German survey (n = 4,144) additionally reported associations between more health app usage 
and more Internet use, exercising, chronic diseases, higher health literacy and a low-fat diet (Ernsting et al., 2017). Namely, de
mographic variables and technology proficiency seem to underlie mHealth experiences. We speculated, however, a relevance of 
eHealth literacy, rather than health literacy, to mHealth adoption. To test this speculation and expand current theoretical discussion, 
we asked whether preference of fitness app functional features strongly predict user attitudes toward each app cluster, controlling for 
two sets of individual background factors (RQ6). See Fig. 2 for the research model of Study Two. 

RQ6: Controlling for the effects of demographic and mHealth variables, does users’ app function preference predict their attitudes toward the 
four mobile fitness app clusters (Tutor, Recorder, Game Companion, Cheerleader) and toward mobile fitness apps in general? If so, how? 

Fig. 2. Research model.  
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3.2. Method of Study Two 

3.2.1. Sample 
Participants in this study were 351 Amazon Mechanical Turk (MTurk) Workers (48.72% female, 49.86% male, 1.14% transgender, 

0.28% other gender). The mean age was 37.90 (SD = 11.72, Min = 19, Max = 72). Participants self-identified as Native American 
(1.42%), Hispanic/Latino (3.42%), Asian (5.41%), African American (5.70%), White/Caucasian (76.92%), and interethnic (7.12%). 
Majority (95.70%) reported English as their primary language. Participants reported their highest level of education as four-year 
degrees or Bachelor’s degrees (37.6%), some college education but no degree (23.9%), two-year degrees or Associate’s degrees 
(15.7%), graduate or professional degrees (10.8%), high school graduates or equivalency (10.5%), and doctorate (1.1%). The sample 
were 86.45% of all 406 participants who finished the survey; responses from 55 (13.55%) participants who failed the instructional 
manipulation check (IMC) or attention check were eliminated. The IMC was adapted from Oppenheimer et al. (2009). Participants 
were instructed to select a designated, fake smartphone operating system from a list of real smartphone operating systems. See Fig. 3 
for our attention check question tailored to smartphone studies. 

3.2.2. Procedure 
The study was approved by the Institutional Review Board. A pilot study was conducted to ensure data integrity and clarity. Af

terwards, a refined questionnaire was posted on MTurk at different times in two days to reach more diverse Workers. The compen
sation was one U.S. dollar. Median survey completion time was 12.22 mins (M = 14.81, SD = 10.71). Based on Study One findings, 
Study Two manipulated app descriptions and screenshots of one general fitness app and four fitness app archetypes (Tutor, Recorder, 
Game Companion, Cheerleader) to survey consumer adoption intent and feature preference. We provided visual representations of the 
apps to assist the textual descriptions in the online questionnaire. See Fig. 4. 

3.2.3. Measures 
BMI. Height and weight were surveyed to calculate Body Mass Index (BMI). Average BMI in this study was 26.87 (SD = 6.64), 

which was close to U.S. CDC’s 2010 census data (26.6 for the average adult man and 26.5 for the average adult woman) (U.S. CDC, 
Centers for Disease Control and Prevention, n.d.). 

Smartphone use. We measured smartphone use by frequency and history. Most survey participants (93%) own a smartphone. 

Fig. 3. Adapted instructional manipulation check (IMC), or attention check.  
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Majority use smartphones multiple times a day (74.4%) or at least daily (16.2%). Smartphone use history ranges 0–18 years (M = 6.57, 
SD = 3.46). About 31.3% participants have never used mobile apps to support exercise, physical activities or fitness, while two-thirds 
(68.7%) have. An average participant has downloaded three (SD = 4.67) fitness apps. Main devices participants used to access the 
Internet were laptops (50.4%), desktop computers (38.2%), and mobile phones or tablets (11.4%). 

eHealth literacy. The eHealth Scale, or eHEALS, consists eight items that measure people’s electronic literacy level for health 
purposes: navigating resources, skills to use resources, usefulness for oneself, and critical evaluation (Cameron and Harvey, 2006; 
Richtering et al., 2017). One sample item is “I know what health resources are available on the Internet” on a 5-point Likert-type scale, 1 =
strongly disagree and 5 = strongly agree. Scores of all items were averaged at individual level to produce eHealth literacy scores (M =
4.37, SD = 0.53). On this dataset, eHealth Scale was internally reliable (α = 0.89). 

App function preference index. A checkbox question “Create Your App” instructed participants to “select just the features you think 
you would use. (Check all that apply)” from a randomized list of 28 mobile fitness app features that Study One identified. The number of 
features selected under each of the five functional themes (Education/ Tracking/ Social/ Gamification/ Motivation) was respectively 
summed to yield five function preference indexes. 

Intent, attitude, subjective norms, and perceived behavioral control. Referencing Theory of Planned Behavior (TPB) sample 
questionnaire, 16 statements measured app adoption intent, attitude, subjective norms, and PBC on each of the five fitness apps (a 
general app, Tutor, Recorder, Game Companion, and Cheerleader). Participants reported how accurate statements describe their 
situations on a 5-point scale from “strong disagree” to “strongly agree”. We averaged item scores for each multiple-item scale of 
behavioral constructs to produce a construct score. For example, the intent score for the general app was computed as the average 
points for four intent statements about the general app. The measurement statements for the general app on attitude are “For me to 
download and try out a fitness app is interesting/ good/ pleasant/ valuable.” Statements on perceived behavioral control include “I am 
confident that if I wanted to I could download and try out a fitness app.” Language was adjusted for specific apps, e.g. “For me to download 
and try out this fitness app is interesting.” Scales for all four behavioral constructs reached internal reliability on five apps: Cronbach’s 
alphas range 0.73 to 0.95 for the general app, 0.79 to 0.96 for Tutor App, 0.78 to 0.96 for Recorder App, 0.85 to 0.97 for Game 
Companion App, and 0.80 to 0.97 for Cheerleader App. 

Fig. 4. Survey manipulations: screen shots of four hypothetical apps.  
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3.3. Results of Study Two 

RQ4: What types of fitness apps are most appealing to consumers considering features? 

As Section 3.2.3. explained, participants individually “designed” their ideal fitness apps given a randomized list of 28 features. The 
28 features unevenly fall under the five functional themes (Education, Tracking, Social, Gamification, Motivation). A participant’s 
number of preferable features on each functional theme constitutes their “function preference index”, or the extent to which they 
prefer that theme such as Education as opposed to Tracking. To understand the types of mobile fitness apps that appeal to participants, 
we replicated the clustering methods of Study One in Study Two: hierarchical clustering using standardized function preference in
dexes as the clustering criterion. We clustered survey participants, or essentially their ideal apps (n = 351). Clustering results represent 
homogeneous groups of mobile fitness apps which share the features that a group of users prefer, answering RQ4. 

Among all clustering solutions, the five-group solution was most plausible because it offers best interpretability and least differ
ences in cluster sizes. Clusters A (36.47%) and B (14.81%) are lean-feature apps. Cluster A contains apps with average tracking fea
tures, lacking other four themes in a moderate amount. Cluster B lacks almost all functional themes but have some social features. 
Cluster C (12.25%) addresses Motivation, Education, and Tracking. Clusters D (13.39%) and F (23.08%) are comprehensive apps: 
Cluster D contains all themes in a rich amount; Cluster F contains all themes with a moderate amount. 

RQ5: Do the types of fitness apps that consumers prefer align with the four app prototypes (Tutor, Recorder, Game Companion, Cheerleader) 
in current iPhone app market? 

A comparison of the clustering results between Studies One and Two answered RQ5. Clusters across both studies match at some 
point but not closely. Cluster A in Study Two is similar to the Recorder App in Study One, both focusing on Tracking. Cluster B is close 
to the Cheerleader App from Study One, but the apps in current market use Social functions secondary to the primary focus of 
Motivation. Cluster C is like the Game Companion App in terms of the richness of theme combination. They both combined three 
themes. However, although Cluster C and the Game Companion App both include Tracking, Cluster C additionally includes Motivation 
and Education, while Game Companion App contains Gamification and Social. Cluster D and F, based on their comprehensive nature, 
are distinct from any clusters from Study One regarding function combinations. 

The comparison of clustering results implies, fitness apps in the current iOS app market may be related but not perfectly reflecting 
consumer needs in respect to app functions. To test this observation, we conducted a Pearson’s r correlation test between market 
offerings and consumer needs. The frequency of app features that designers/market built into mobile fitness apps (M = 22.24, SD =
16.95, n = 30) significantly correlated (r = 0.38, p = .046) with the frequency of features that survey participants prefer (M = 40.75, 
SD = 19.06, n = 28). Among survey participants, 96.6% would want to have at least one tracking feature in their fitness apps, while 
84.7% of sampled fitness apps offer at least one tracking feature. As 92.6% participants liked educational features, 71.4% fitness apps 
in Study One sample contain educational features. Namely, tracking is the most popular functional theme for both app designers and 
app users, closely followed by education. However, market offerings and user needs diverged on social features: the market (59.2%) 
overrepresented social features, given only 37.6% survey participants would like social features in their fitness apps. The current 
market, on the contrary, underrepresented gamification and motivational features. See Table 2 for comparisons between market of
ferings and user needs in regard to mobile fitness app features per theme. 

H1: Consumers’ mobile fitness app adoption intent is predicted by their attitudes toward the app, subjective norms of being expected to adopt 
a fitness app, and perceived behavioral control over app adoption. 

Five multiple linear regressions were calculated to predict the intent to download mobile fitness apps, possibly by three behavioral 
variables (Attitude, Perceived Behavioral Control, and Subjective Norm). One model tested general fitness apps; another four models 
respectively tested Tutor, Recorder, Game Companion, and Cheerleader apps. Variables were mutually correlated in each model, p 
values < 0.001. A significant regression equation was found for general fitness apps, F(3, 347) = 344.35, p < .001, R2 = 0.75. 
Participants’ predicted intent to download fitness apps is equal to -0.109 + 0.94(Attitude) + 0.21(Norm), where intent, attitude, and 
norm are measured on 5-point scales (see Section 3.2.3 for measures). Intent to download fitness apps increased 0.94 point for each 
point of attitude (β = 0.74) and 0.21 point for each point of norm (β = 0.16). 

A significant regression equation was found for Tutor app adoption, F(3, 347) = 327.01, p < .001), R2 = 0.74. Participants’ 
predicted intent to download Tutor apps is equal to – 0.31 + 0.75(Attitude) + 0.39(Norm). Intent to download Tutor apps increased 
0.75 point for each point of attitude (β = 0.65) and 0.39 point for each point of norm (β = 0.30). A significant regression equation was 
found for the Recorder app, F(3, 347) = 254.42, p < .001, R2 = 0.69. Participants’ predicted intent to download Tutor apps is equal to 
-0.60 + 0.80(Attitude) + 0.32(Norm). Intent to download Recorder apps increased 0.80 point for each point of attitude (β = 0.65) and 
0.32 point for each point of norm (β = 0.25). A significant regression equation was found for the Game Companion app, F(3, 347) =
405.27, p < .001, R2 = 0.78. Participants’ predicted intent to download Game Companion apps is equal to – 0.36 + 0.77(Attitude) – 
0.10(Perceived Behavioral Control) + 0.40(Norm). Intent to download Recorder apps increased 0.77 point for each point of attitude (β 
= 0.66) and 0.40 point for each point of norm (β = 0.31) but decreased 0.10 point for each point of PBC (β = − 0.06). We also found a 
significant regression equation for the Cheerleader app, F(3, 347) = 429.17, p < .001, R2 = 0.79. Participants’ predicted intent to 
download Cheerleader apps is equal to − 0.27 + 0.70(Attitude) – 0.12(Perceived Behavioral Control) + 0.45(Norm). Intent to 
download Cheerleader apps increased 0.70 point for each point of attitude (β = 0.62) and 0.45 point for each point of norm (β = 0.33) 
but decreased 0.12 point for each point of PBC (β = − 0.08). 

Attitude and Subjective Norm were significant predictors of participants’ intent to download all five apps. Perceived Behavioral 
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Control was an additional significant predictor of the intent to download Game Companion and Cheerleader apps, where users with 
lower PBC are more likely to adopt fitness apps that require less sophisticated smartphone skills. H1 on RAA was, by and large, 
supported – with an interesting exception about PBC. 

RQ6: Controlling for the effects of demographic and mHealth variables, does users’ app function preference predict their attitudes toward the 
four mobile fitness app clusters and toward mobile fitness apps in general? If so, how? 

To answer RQ6, we ran five hierarchical regression analyses. Dependent variables were attitudes toward mobile fitness apps in 
general, and toward each app cluster (Tutor, Recorder, Game Companion, Cheerleader apps). Independent variables were entered in 
three steps. Step 1 included demographic variables: age, gender. Step 2 included mHealth variables: BMI, health status, eHealth lit
eracy, exercise time, smartphone use history. Step 3 included users’ App Function Preference Indexes on five functional themes: 
Education, Tracking, Social, Gamification, and Motivation. Section 3.2.3 explained how we measured these variables. 

Table 2 
Comparing Mobile Fitness App Features between the Market (98 apps) and Users (n = 351).  

Note. Bars represent differences between percentages of apps containing the feature and percentages of users who favor a feature. Bars to the left 
indicate that the current market overrepresented the features; bars to the right indicate that the current market underrepresented the features. 
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Table 3 
Results of Hierarchical Regression Analyses for Tutor, Recorder, Game Companion, Cheerleader Apps, and Fitness Apps in General.†

Tutor Apps Recorder Apps Game Companion Apps Cheerleader Apps  General Fitness Apps 

Independent 
Variables 

Model 
1 

Model 2 Model 3 Model 1 Model 2 Model 3 Model 1 Model 2 Model 3 Model 1 Model 2 Model 3  Model 1 Model 2 Model 3 

Step 1: Demographic variables 
Age –0.016 –0.023 –0.020  0.011  0.000 –0.001 –0.136* –0.152** –0.090  0.034  0.025  0.011  –0.038 –0.051 –0.038 
Gender (female = 1, 

male = 2) 
–0.090 –0.075 –0.008  –0.109*  –0.102 –0.072 –0.125* –0.106* –0.056  –0.150**  –0.144**  –0.073  –0.159** –0.146** –0.099  

Step 2: mHealth variables 
BMI  0.046 0.026   0.049 0.016  0.139* 0.091   0.166**  0.097   0.122* 0.081 
Health status  –0.063 –0.058   –0.032 –0.030  –0.068 –0.083   –0.057  –0.082   0.002 –0.006 
eHealth literacy  0.193*** 0.168**   0.150** 0.120*  0.172** 0.151**   0.029  0.019   0.227*** 0.206*** 
Exercise in hours  0.044 0.055   0.052 0.070  0.011 0.028   0.085  0.062   0.032 0.038 
Smartphone use 

history  
0.202*** 0.168**   0.088 0.049  0.144** 0.108*   0.137*  0.119*   0.104 0.072  

Step 3: App feature preference 
Educational   0.155**   –0.015   –0.017    –0.044    0.006 
Tracking   –0.061   0.201***   –0.012    –0.119*    0.027 
Social   –0.015   0.054   0.127*    0.205***    0.104 
Gamification   0.110   –0.014   0.270***    –0.034    0.070 
Motivation   0.121   0.135*   0.016    0.313***    0.131* 
F 1.375 5.251*** 5.583***  2.055  2.491* 3.679*** 5.466** 5.873*** 7.705***  4.206*  4.122***  7.764***  4.467* 5.734*** 5.366*** 
R2 0.008 0.100*** 0.171***  0.012  0.050* 0.120*** 0.032** 0.111*** 0.221***  0.024*  0.080**  0.223***  0.026* 0.108*** 0.165*** 
ΔR2 0.008 0.092*** 0.071***  0.012  0.038* 0.069*** 0.032** 0.079*** 0.111***  0.024*  0.056**  0.142***  0.026* 0.082*** 0.057*** 

† Dependent variables: attitudes toward each of the five clusters of mobile fitness apps. All regression coefficients are standardized β. 
Total n = 351; effective n was around 340 in each model as missing cases in respective analysis were deleted listwise. 
* p < .05, ** p < .01, *** p < .001. 
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In all five regression analyses, plausibility of models increased as steps increased because variable blocks incrementally added 
significant R2 to the regressions. For example, at Step 1, age and gender explained 3.2% variance in attitude toward Game Companion 
apps, F(2, 335) = 5.466, p < .01; at Step 2, BMI, eHealth literacy, and smartphone use history explained 7.9% additional variance in 
outcome, F(7, 330) = 5.873, p < .001; at Step 3, users’ preference for Social and Gamification features significantly explained 11.1% 
additional variance in outcome, F(12, 325) = 7.705, p < .001. Together variables from three steps explained 47.1% of the variance in 
attitude toward Game Companion apps. Regressions on other app clusters as well as fitness apps in general found different sets of 
predictors for app attitudes, all including feature preferences – though different features – as strong predictors. See Table 3 for 
regression statistics: coefficients β, F values, F test significance, R, R significance, ΔR2, ΔR2 significance. 

Hierarchical regression results show that people are not equally attracted to all types of mobile fitness apps. People’s attitudes for 
general or specific apps are strongly predicted by their preference of the specific combination of features, which define the key 
functionality of the apps. For example, user preference of Educational features (i.e. the defining function of Tutor apps) strongly 
predicts favorable attitudes toward Tutor apps, β = 0.155, p < .01. Similarly, preference of Tracking (β = 0.201, p < .001) and 
Motivational (β = 0.135, p < .05) features predicts favorable attitudes toward Recorder apps. Preference of Social (β = 0.127, p < .05) 
and Gamification (β = 0.270, p < .001) features predicts favorable attitudes toward Game Companion apps. Preference of Tracking (β 
= –0.119, p < .05), Social (β = 0.205, p < .001) and Motivation (β = 0.313, p < .001) features predicts favorable attitudes toward 
Cheerleader apps. Attitudes toward mobile fitness apps in general are predicted by preference of Motivational app features, β = 0.131, 
p < .05. 

While younger/female users seem to like Game Companion apps more than their older/male counterparts, age and gender effects 
will be lessened to non-significant when user preference of Tracking and Motivational features comes into play. Notably, Age only 
slightly predicts the attitude toward Game Companion apps but no other app clusters or fitness apps in general; but female users do 
seem to welcome fitness apps more than male across app types. 

As for mHealth variables: (1) People with higher BMI may favor Game Companion and Cheerleader apps more than people with 
lower BMI; (2) eHealth literacy facilitates favorable attitudes toward fitness apps in general and toward almost all app clusters except 
for Cheerleader apps; (3) Smartphone proficiency, measured by usage history in years, facilitates favorable attitudes toward Tutor, 
Game Companion and Cheerleader apps, but not Recorder apps or fitness apps in general; (4) Health status and current exercise 
behaviors are not significant predictors for app attitude, but future research should still test their associations with app adoption. 

3.4. Discussion of Study Two in comparison with Study One 

Mediated experience enabled by mobile apps is proven promising to persuade behavioral intent change, through meaningful 
human–computer interaction and tailored user experience (Wang, 2020). Our research contributes to literature in persuasive tech
nologies, where interactive systems target attitude or behavior change (Oinas-Kukkonen and Harjumaa, 2009). Through social, 
communicative persuasion and attitude change, persuasive technologies can foster desired behavioral outcomes (Hamari et al., 2014) 
such as mobile fitness apps for physical activity. 

In our evaluation, the current mobile fitness app market turned out not closely aligned with user needs, according to the com
parisons between Studies One and Two. Survey data of user preferences for certain features differ substantially from the presence of 
those features as identified in actual fitness apps available in the market, with some features being overrepresented (e.g. social media 
sharing) and other features being underrepresented (e.g. reminders/ notifications) relative to consumer preferences. We found only 
14.44% shared feature representation between market and consumer demands, which requires more tailored design. 

Relatively consistent evidence in the literature supports the benefits of tailored approaches to health behavior change over 
untailored approaches (Bull et al., 1999; Kreuter et al., 2000; Lustria et al., 2009), especially when tailored to address identified 
barriers to change (Baker et al., 2010). As we found, people with higher BMI liked fitness apps entailing Gamification and Motivational 
tools more than Educational or Tracking tools. None of our data suggests, nor was it the goal of our study, to examine the actual efficacy 
associated with app use. However, our presumption is that fitness app adoption is a necessary prerequisite for any real or perceived 
efficacy. Any fitness app designed to improve health outcomes should attempt to maximize adoption through tailoring of features 
aligned with specific consumer preferences. Formative research on these preferences should be a critical aspect of the app design 
process. 

There is no “perfect” or “best” app for all. Our study indicates that a “kitchen sink” approach to app feature inclusion is unwar
ranted. In some cases, the inclusion of additional unwanted features had a negative impact on fitness app attitudes even though other 
desired features were present. However, the presences of some features may generally augment a wider range of app types without 
impacting attitudes. Given that we also saw evidence of factors such as eHealth literacy and smartphone experience being predictors of 
fitness app attitudes, the addition of more features may be overwhelming to some users and reduce perceived behavioral control 
associated with app adoption or utilization. Hence, app developers should strongly reconsider the potential negative impact of un
principled additions in functionality even though it may be well within their power to do so. 

Consistent with previous literature (Hsiao et al., 2016; Kim et al., 2007; Teo et al., 2012), Study Two found that attitudes toward 
different types of fitness apps were consistently predicted by individual beliefs regarding the value of specific fitness app features. 
Consumer app feature preferences significantly improved the prediction of fitness app attitudes after controlling for basic de
mographics and mHealth related individual differences. Specifically, consumer feature preferences corresponded to the defining 
characteristic of the fitness app type under consideration. As Table 3 reported, the feature preference most predictive of attitudes 
toward Tutor apps was about Educational features; for Recorder apps, preference for Tracking features was the strongest attitude 
predictor. This was true for all app types. Although Study One found that the presence of Educational and Social features in mobile 
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fitness apps were overall predictive of higher user satisfaction ratings, Study Two revealed individual nuances on app attitude per 
various feature preference. Notably, users who liked Game Companion and Cheerleader apps were fond of Social features in the apps. 
We confirmed the significance of social emotional support in mHealth interventions beyond instrumental support (Peng et al., 2016), 
which gradually fosters exercise habits. Bridging the gap between market offerings and user needs may help optimize and tailor user 
experience in mobile fitness apps, which subsequently increases app efficacy to improve consumer health. 

Like the RAA posits, attitudes, subjective norms, and perceived behavior control were very strong predictors of adoption intent, 
accounting for 69% to 79% of the variation in adoption intent across all app types, with attitude consistently being the strongest 
predictor, and behavioral control being the weakest predictor. Furthermore, the theory presumes that underlying beliefs are direct 
predictors of attitudes; other factors, such as demographics and other individual difference variables only influence attitudes, behav
ioral intent, and actual behavior indirectly. In other words, specific beliefs are presumed to mediate relationships between individual 
differences and attitudes. Though not a specific goal of the study, our models show that when demographic and mHealth variables have 
effects associated with attitudes, those effects were reduced or became non-significant when app feature preferences were subsequently 
included in the model. This finding is consistent with Fishbein and Ajzen’s presumed mediating role of attitudes (2010). 

This paper presents both theoretical and practical implications for app evaluation and mHealth intervention. We stopped at 
studying app adoption intent. Future research can explore the continued use of mobile fitness apps, i.e. engagement and adherence, to 
answer “why would consumers stop using a fitness app which they initially believed to be helpful for achieving their fitness goals?” 
Future research should also evaluate app feature implementation and track longitudinally the actual health outcomes that fitness apps 
bring to users. 

Limitations. MTurk is a considerably optimistic channel to obtain relatively representative data, but it does not perfectly represent 
the entire population. Also, findings of both studies are based on iPhone apps. Conclusions should be interpreted without over- 
extrapolating to all platforms such as Android. In a future study, we hope to test findings of the present research on app ecosys
tems supported by other smartphone operating systems. 

4. Conclusion 

Mobile fitness apps tend to represent distinct feature combinations that emphasize different strategies for supporting consumer 
exercise goals. We synthesized current literature on mHealth to propose an updated typology of mobile fitness app features, organized 
around five functional themes: Education, Tracking, Social, Gamification, and Motivation, each including several sub-features. The 
typology demonstrated legitimate applicability. Future research should cast more attention to the interplay between diverse app 
features in shaping app functionality. 

The Reasoned Action Approach provided a meaningful theoretical framework to evaluating adoption intent of fitness apps through 
surveying attitudes, subjective norms, and perceived behavioral control. A comparison between current market offerings (Study One) 
and consumer preference (Study Two) indicates a mismatch and room for market improvement. Adding to tailored design literature, 
we found various user feature preference meaningfully associated with attitudes toward different types of apps. This corresponded 
with recommendations in the academic literature that stress the efficacy of theoretically-driven physical activity interventions 
(Gourlan, et al., 2016). Though it is unknown the extent to which fitness apps in this study utilized theory to guide application 
development, our results demonstrated the ability of theoretical concepts to predict app adoption intent, satisfaction, and attitude. 
Hence, app developers are likely to benefit from the use of theoretical developments associated with fitness-related behavior change. 
Some highlights of this paper’s contribution to mHealth and persuasive technology literature are as follows.  

• The different combinations of app functions – rather than standalone functions – contribute to app success.  
• There are four typical clusters of mobile fitness apps in current iPhone app store: Tutor, Recorder, Game Companion, Cheerleader. 

They afford unique combinations of functionality amongst Education, Tracking, Social, Gamification, and Motivation features – 
varying in both feature types and feature richness. See Section 2.3.2.  

• Motivation features in mobile fitness apps appeal to all user groups, e.g. music, reminder/notification, motivational quotes, tips/ 
advice, voice cheer, audio alert.  

• User attitude toward a fitness app is predicted by both how much they value the defining functionality of the app and how much 
they tolerate a feature they dislike. 

• Smartphone proficiency and eHealth literacy (i.e. the skills to navigate, use, and critically evaluate health resources online) un
derpin mHealth adoption.  

• Younger/female/higher-BMI users welcome more gamification features in mobile fitness apps than their older/male/lower-BMI 
counterparts. 

We provided theoretical and practical implications for future efforts on mobile fitness apps, mHealth, and persuasive technology to 
improve the health outcomes of unique subsets of the entire population through tailored design. 
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