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ABSTRACT 

 

THOMAS GUFFEY 

 

SMARTPHONE APPLICATION SELF-TRACKING USE AND HEALTH 

MAY 2017 

Smartphones health apps appear to be important tools that can be used for health 

management and self-tracking. Research has not fully identified to what degree mobile 

health apps influence health outcomes. The current study assesses the notion of a digital 

cyborg assemblage by testing the effects of smartphone app use and self-tracking on 

health outcomes in the general population of U.S. adults. The primary hypotheses are that 

individuals who use smartphone apps for self-tracking are more likely to have better 

health than those who do not use smartphone apps for self-tracking and that individuals 

who self-track health indicators for any reason are more likely to have better health than 

those who do not track.  

The data for this study come from Pew Research Center’s Mobile Health 2012 

dataset with a final sample size of 1,799 respondents. Multinomial logistic regression on 

self-reported health and ordinary least squares regression on an index of health conditions 

are used to test the hypotheses and assess the relationships between the relevant predictor 

variables and health outcomes. Having a smartphone app is found to be a weak predictor 

of health outcomes when other factors are held constant. Self-tracking for diet or exercise 

is associated with lower odds of being in a lower category of health compared to 
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excellent, but does not affect the odds of being in better than poor health. Self-tracking 

for other health reasons is associated with poorer health. App users that self-track for 

reasons other than diet or exercise are more likely to report excellent health than good 

health compared to nonapp users. Internet use interacts with app use to increase the odds 

of being in good health as opposed to excellent health. Women that use apps have lower 

odds of being in only good health relative to excellent health compared to women who 

are nonapp users. The effect is weaker for men. Nonwhite app users display fewer 

conditions on average compared to whites. The results are not conclusive that smartphone 

apps improve health but they do demonstrate the importance of the reasons for self-

tracking to health outcomes and the relative importance of demographic data to health 

outcomes.  
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CHAPTER I 

INTRODUCTION 

Research on the use of digital health technologies is an emerging field. There is 

currently not much work that investigates the use of mobile applications (mobile apps) in 

general populations or how they relate to health (Lupton 2014a, 2016). This is an important 

area to research because approximately 64 percent of American adults have a smartphone 

(Smith and Page 2015) and despite being called a phone, the modern smartphone is a 

technological device that extends beyond basic communication abilities. Due to the 

prevalence of smartphone use there has been an increase in the interest in eHealth 

(electronic health), mHealth (mobile health) and smartphone applications (apps) as 

monitoring devices that can be used for health and physical activity analysis (Lupton 

2014a; Milosevic, Shrove, and Jovanov 2011; O’Reilly and Spruijt-Metz 2013).  

The majority of health apps available are designed for health and wellness 

management, though there are designs for other health reasons as well for reasons, such as 

medical reference and or for healthcare systems management (Milosevic et al. 2011). The 

availability, portability, and wide use of smartphones, along with their advanced 

technological capabilities, make them ideal devices for these tasks and as health activity 

trackers (Kranz et al. 2012). The relationships between smartphone and mobile app use for 

health tracking and general overall health are still not fully understood, however. 
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Studies thus far have also not fully identified to what degree overall technology use 

influences adaptation of mobile apps for health tracking.  

 Sociologists have taken interest in digital health tracking because technology use 

and tracking take place within a larger social context. Using smartphones to help track 

health metrics may occur for private, personal reasons to help improve health outcomes 

and to improve overall wellness (Lupton 2016; Neff and Nafus 2016), but this behavior is 

situated within larger social processes. The reason that thousands of apps have been 

developed to assist individuals with healthy lifestyles and behaviors is partly because the 

utility of such apps have been recognized by developers and marketers (Lupton 2016). As 

will be discussed, whole communities and a culture have arisen around the practice of self-

tracking where people gather to share data about themselves and the knowledge they have 

gained through digital self-tracking (Lupton 2016). An important question remains, 

however: does smartphone app use improve health?  

THE RESEARCH PROBLEM 

 This study seeks to determine whether there is a relationship between smartphone 

app use and health. Because of the prevalence of smartphones and the growth in the area 

of smartphone app use, understanding how using smartphones apps to track health 

indicators is an important step in determining the value of these types of devices and 

programs in promoting health behaviors. The potential effect of smartphone apps on 

health outcomes is theoretically situated within a “digital cyborg assemblage” that refers 

to the hybrid nature of humans and their interactions with technological devices (Lupton 

2016). From this standpoint, humans, who may be interested in their personal health and 
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data, are seen as a part of a network of digital technologies that assist the humans with the 

collection, monitoring, and analysis of health data. Theoretically, being a part of this type 

of network should improve health outcomes. The current study seeks to assess this notion 

by testing the relationship between smartphone app use and self-tracking and health 

outcomes in the general population of U.S. adults using multinomial logistic regression 

on self-reported health and ordinary least squares (OLS) regression on an index of health 

conditions. Internet and cellphones have been identified as important indicators of health 

so they are included as predictors of health outcomes. Demographics are also included to 

test these relationships and to assess the relative strength of the primary predictor 

variables.  

Since this is an emerging area of knowledge, there are several key, sometimes 

overlapping, concepts that should be addressed. The following terms appear through the 

dissertation and are defined here.  

Definition of Terms Used in This Dissertation 

 

Digital Cyborg Assemblage – Lupton’s (2013) term for how humans interact with 

modern technology interfaces. The digital cyborg assemblage is a network of human 

actors and nonhuman technologies that the actors incorporate into their lives for the 

purposes of monitoring and keeping record of health data generated by their bodies.  

Cyborg – A term for a part-machine part-human hybrid being originally coined by 

Clynes and Kline (1960). The term is later used in the writing of Donna Haraway to 

describe the hybrid nature of humans and technology (Haraway 1991). It also forms the 

basis of Lupton’s (2013) digital cyborg assemblage concept.  
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Cyborg technologies -- This term refers to technology and devices that humans can 

utilize to restore, normalize, reconfigure, or enhance the human body (Gray et al. 1995). 

They can be material cyborg technologies, of which prosthetic limbs and pacemakers are 

examples, or they can be digital technologies, such as smartphones and wearable devices 

(Lupton 2013). 

Health apps – Short for “applications” or software programs that run on smartphones or 

tablets that can used to track health or health indicators (Lupton 2014a; Milosevic et al. 

2011; O’Reilly and Spruijt-Metz 2013). 

eHealth - Short for electronic health. Broadly, it refers to the use of electronic 

technologies and the internet in the context of medical care and health practices as a 

means of communication and information delivery (Lau and Kuziemsky 2016). 

Lifelogging – An earlier term for the practice of digitally tracking health data and 

quantifying the body (Lupton 2016). 

mHealth – Short for mobile health. This term refers to the use of mobile devices in 

public health and healthcare (Tomlinson, Rotherham-Borus, Swartz, and Tsai 2013). 

Personal informatics (also health or lived informatics) – term for the practice of 

digitally tracking health data (less popular in modern literature than quantified self) 

(Lupton 2016). 

Quantified self – Term for health self-trackers. It can also refer to a particular group 

associated with the website “The Quantified Self” at http://www.QuantifiedSelf.com 

(Lupton 2016). Neff and Nafus (2016) make distinction between the phenomenon of self-

tracking personal health data or quantified self with lowercase lettering, and the 

http://www.quantifiedself.com/
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Quantified Self community that uses the Quantified Self website that has its own special 

properties as a social movement. This may be an important distinction to separate fully 

invested self-trackers and members of the Quantified Self community and self-trackers 

who may track less frequently, for different reasons, and with different intentions than the 

members of the Quantified Self community. The term quantified self (in lower case) has 

taken hold as a term for self-tracking culture in general, however, despite criticism that it 

may be a conflation of terms.  

Smartphone – A mobile phone with additional features beyond basic calling and texting 

abilities such as internet, cameras, and options to run applications or attach hardware.  

SIGNIFICANCE OF THE STUDY 

Smartphone technologies and mHealth, or eHealth, are part of a third wave of 

digital technology in healthcare (Lupton 2014a). The first wave was the introduction of 

technologies for repetitive tasks and data analysis during the 1950s. This period began 

just after the development of the first digital computers in the previous decade. During 

this period, the healthcare industry undertook the process of converting to automated 

payroll and accounting as well as for data analysis of hospital systems. During this era, 

hospitals began experimenting with total hospital information systems that allowed the 

hospital to track patient records and internal hospital data as well (Shortliffe and Bloise 

2001). 

This was followed by a second wave in the 1970s when health informatics and 

electronic information became more prominent due to technological advances and the 

invention of microcomputers (Lupton 2014a; Shortliffe and Bloise 2001). In this wave, 
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hospital departments began to experiment with specific applications for their unique 

purposes. Microcomputers made it easier for each department within the hospital to have 

their own computer and to develop their own technologies. This decentralized form of 

record keeping and technology use became predominant in the 1980s. 

The third wave involves digitization of health data. Healthcare is now embedded 

within a network of systems and actors that are both traditionally healthcare-related and 

not healthcare-related (such as the prevalence of cellphones used as health devices) 

(Lupton 2014a). In this third wave, medical technology has moved from hospital and 

clinical care to individuals outside of these institutions. Research has centered on internet 

use, internet forums, chatrooms, and social media (Facebook, Myspace, etc.), and how 

users of these technologies incorporate them into their lives (Lupton 2014a). For 

example, researchers have examined the internet as a source of information that can 

improve health literacy which is positively correlated with health outcomes (Berkman et 

al. 2011; Jiang and Beaudoin 2015; Sentell et al. 2014). 

 Smartphones and apps appear to be emerging as important tools for health 

management and behavior in this third wave. Sixty-four percent of U.S. adults own a 

smartphone and more than 60 percent of adults with a smartphone report accessing the 

internet from their phone so use is common (Smith and Page 2015). Smartphones also 

have a wide range of potential for influencing health outcomes that has been 

demonstrated (Bort-Roig et al. 2014; Riley et al. 2011). Much is still unknown about 

what these two important assertions mean for health, though, and there is still 

considerable room for improvement on knowledge in this area (Lupton 2014a). Since the 
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use of mobile digital technologies in more general populations has not been researched 

thoroughly, this study will provide more rigorous investigation into the relationship 

between smartphone use for health tracking and general overall health.  

This type of investigation is much needed to help guide future research and 

develop theoretical frameworks that incorporate evolving technologies. Technology and 

app use is becoming more and more prevalent (Lupton 2014a; Smith and Page 2015). 

More users of these types of technologies mean that more people potentially stand to gain 

health benefits from their use. It means technological development will continue to adapt 

to the desires of consumers. This investigation will help identify how apps influence 

health in general populations, how technology types interact to influence health 

outcomes, and whether health is improved by these developments. 

Determining whether smartphone apps are truly beneficial to health has 

considerable importance since many third parties may self-track data for purposes other 

than for the health of individuals. Data generated by self-tracking can be used by 

employers, health insurance companies, advertisers, educational institutions, and others 

for different purposes. Sometimes the end user does not fully realize the extent of how 

much information about themselves they are volunteering (Lupton 2014a, 2016). This 

raises important concerns about privacy and how data gathered from an individual can be 

used to benefit others. The purposes of data collection and its end use likely differ 

between the individual, who is interested in the data for personal reasons, and the larger 

institutions that gather, collect, and store the data to understand patterns of behavior in 

aggregate. If there is a tradeoff between benefiting from the use of apps and privacy, it is 
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therefore critical for policy purposes and practical purposes that research uncovers the 

relationships between technology and health.  

 The particular contributions of this study are that it uses a nationally 

representative dataset with a large sample size; it includes a proxy measure of 

smartphone app use and two measures of health; it contains important key demographic 

information; and it uses two types of regression methods to assess the relationships 

between the variables. Most studies thus far are small in scope or specific to certain 

smartphone apps or interventions. This study contributes to the knowledge base of this 

subject by analyzing the relationship between smartphone app use and health in a 

nationally representative sample of U.S. adults. 

RESEARCHER REFLEXIVITY 

 In the interests of transparency and for some description of how this project came 

about (Butler-Kisber 2010), my own reflexivity is worth noting in how it influenced this 

project. My personal interest in the subject stems from my own use of my smartphone 

and apps for health tracking. I have used several different apps for keeping track of 

nutrition, running, and cycling. I use these apps to help train for races and other events 

and to keep track of nutrition and diet. I have some working knowledge of how these 

apps work and my own ideas for how they can be used. I am also very interested in the 

idea of the cyborg and hybrid beings and how technology influences our lives. 

ORGANIZATION OF THE DISSERTATION 

 This dissertation is organized into five chapters. After this introductory chapter, 

Chapter 2 reviews the literature and proposes hypotheses that guide the empirical tests. 
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The literature review includes history on self-tracking and smartphone app use, theories 

used to explain it, and research on the relationship between smartphone app use and 

health. All the hypotheses to be tested in the dissertation are formulated and justified. 

Chapter 3 depicts the data, sample, all variables, and methods used in the study. Chapter 

4 reports the results of the descriptive statistics, bivariate correlations, multinomial 

logistic regression models, and ordinary least squares regression models used in the 

analysis. The concluding chapter summarizes the findings, discusses the implications of 

the findings, and points to the direction for future research.  
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CHAPTER II 

LITERATURE REVIEW AND HYPOTHESES 

This chapter first provides an overview on tracking health data and a discussion of 

devices that can be used for health tracking. This is followed by a review of research on 

health app use, and what has been discovered about apps as they relate to health outcomes. 

Cellphone app use and internet use are discussed as technologies that may be relevant to 

the use of smartphones and smartphone apps. The theoretical orientation of the current 

study is then discussed, particularly the contributions of Deborah Lupton to this area of 

research. Finally, the hypotheses and their justifications are presented.  

LITERATURE REVIEW 

Tracking Health Data 

Tracking health indicators is a fairly common practice, even if it is done without 

digital devices and instead with pen and paper or by mental tabulation (Fox and Duggan 

2012; Lupton 2014b). Over 70 percent of U.S. adults report tracking at least one health 

indicator for themselves or for someone else (Fox and Duggan 2012). People keep track 

of a wide range of health indicators for medical reasons and for general health reasons, 

such as blood sugar monitoring for diabetics, blood pressure monitoring for high blood 

pressure patients, and calorie monitoring for weight loss. 
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The practice of tracking health indicators is not a new phenomenon. The ancient 

Olympics of Greece tracked distance and speed in running events and records were kept 

of the winners of events (International Olympic Committee 2014). A measure of speed, 

however numerically informal, is evidence of the desire to track and quantify the ability 

of an individual or an athlete, even if no exact measures (e.g., miles per hour) were yet in 

place. Athletes, in particular, seem to quickly implement new technologies into their 

routines to increase their performance advantages, even going so far as to consider it 

necessary (Butryn and Masucci 2003:30). But tracking of performance-related indicators 

and health indicators is not unique to athletes; nonathletes have interest in tracking health 

indicators as well.  

Regardless of their athletic inclination or motivations, people have almost always 

been able to monitor their health without the benefit of modern technologies. Simple pen 

and paper records, such as keeping a journal of exercise and diet, can give individuals 

insight into their patterns of behavior and overall health. An excellent, and common, 

example is when parents mark the height of their children on a door-frame to measure 

their child’s growth (Bode and Kristensen 2015). Though not tracking for themselves, 

they are still engaged in tracking a health indicator for their children, and the only 

technology required for this practice is a pen and a door-frame. This method provides a 

simple, yet very effective, way of tracking and visualizing the progress of height in 

children.  

Tracking caloric intake is another example. The earliest definition of the calorie 

was penned in 1825, and the concept was introduced to Americans as a food energy 
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measure in 1887 by W.O Atwater (Hargrove 2007). The introduction of a measure that 

could be used to determine how much food consumption was required to perform tasks is 

still considered a groundbreaking moment in the history of nutritional science (Hargrove 

2007). As a fete of chemistry, the calorie had a very practical use in the context of the 

demands of manual labor of this time period; however, it was at this time a more socially 

intriguing phenomenon began. Soon after the introduction of calories as a measure of 

food intake, Americans became interested in diets and losing weight. Many people began 

using calories as a trackable, measurable, quantity to monitor food intake and weight loss 

(Hargrove 2006). The behavior of counting calories, either consumed or used in exercise 

and physical activity, continues today, and it is not a coincidence that food intake, weight, 

and exercise are identified by smartphone consumers as among the most important 

reasons for tracking (Krebs and Duncan 2015). Smartphone apps are a technological 

development that aids in an already entrenched historical practice. 

The difference between early calorie trackers and modern trackers is that modern 

smartphone consumers appear to want and can obtain even more personalized and 

specific results based on their data (Kreb and Duncan 2015). Smartphone apps make it 

easier to track data on a variety of categories, such as offering methods of calorie 

counting and identifying the amount of calories in a given food or drink. They can 

quantify the ratio of calories consumed relative to those burned during exercise. Weight 

can be logged into the smartphone, either manually or by using a digital scale. This 

allows the user to keep a running record of their weight changes. This is an example of 

how the level and detail of health tracking progresses along a technological curve. As 
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more technology becomes available, more and more personal information can be stored 

and tracked digitally.  

Perhaps the biggest difference between earlier methods of self-tracking and more 

modern trends is the development of technology to accommodate 24-hour monitoring and 

tracking of health indicators. Modern devices now allow for a constant stream of 

information that was previously not available (Lupton 2014a). The advent of personal 

computing allowed for people to begin using digital means of tracking their health and 

health indicators, but smartphones apps, sensors, and wearable technologies make an 

almost constant stream of information possible without the encumbrance of a large 

desktop computer or laptop. 

 The terminology used to describe digital self-tracking has changed over time with 

these changes in information availability. The practice of digital tracking was first known 

as lifelogging and later personal informatics, personal analytics, and eventually the 

quantified self (Lupton 2016). Essentially, these terms mean the same thing as they are 

conceptual vocabulary for the process of digitally tracking health data and information. 

While the term lifelogging conjures images of keeping logs of one’s life and behaviors, 

the quantified self evokes the idea of a truly digital hybrid being.  

The historical practice and trends of tracking are not lost on technology 

developers and major corporations (Lupton 2016). There are now thousands of health 

apps available to consumers and the majority of these apps are designed for general 

wellbeing (Milosevic et al. 2011). These apps fit into four broad categories: nutrition, 

fitness and physical activity, lifestyles, and health in the elderly (Bert et al. 2013). Thus, 
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some applications are general to overall health, whereas others are specific to particular 

health issues or concerns (e.g., nutrition, smoking cessation, heart rate monitoring, 

exercise or fitness tracking). Some apps are also designed to accompany external devices 

to the phones that are used for monitoring various quantifiable aspects of body function 

and activity. Examples include apps that accompany wearable fitness trackers, heart rate 

monitors, GPS watches, fitness scales, and so on. In many cases, the apps may perform 

multiple functions for trackers, or provide a base service that can be expanded through 

premium services that unlock additional functions. 

Krebs and Duncan (2015) found that 58 percent of a quota sample of 1,604 

mobile phone users had downloaded a health app in the past. Of these, 65.5 percent 

logged into their app every day. Krebs and Duncan also found that overall trust in data 

security for the apps was generally high. Only around 20 percent of respondents had an 

app recommended by a doctor, but a large percentage were interested in using apps to 

interact with their doctors. Food intake, weight, and exercise appeared as the most salient 

reasons for tracking all of which fit into the categories described by Bert et al. (2013). 

Devices for Health Tracking 

 Smartphones, at their most simple level, allow for a user to input data manually to 

a database that keeps the record. This replaces the need for pen and paper records. For 

example, Eng and Lee (2014) found this to be the most common type of app as of 2014 

for endocrinology purposes. Blood sugar levels, carbohydrates, and/or insulin could be 

tracked via manual input into the smartphone. Apps that use glucometers connected to the 

phone exist, but are far fewer in number compared to manual input. This manual input 



 15 

feature is often a common feature even among apps that track using sensors that 

automatically collect data.  

Though manual data input is possible, the capability of smartphones to connect to 

wireless sensors that communicate with the phone is particularly useful for tracking 

health indicators. Milosevic et al. (2011) report on the example of mUAHealth app as an 

app capable of monitoring physical activity, heart rate, and weight through dedicated 

wireless external sensors. The wireless sensors connect to the smartphone app and 

provide instant updates. The app allows for patients to have immediate quantitative 

feedback to monitor their health and to be able to report results back to their doctors. This 

is exactly the type of phenomena that Lupton (2013) speaks of as being part of the digital 

cyborg assemblage. Both mHealth and apps turn the body into a series of metrics and 

data. These become both incorporated by individuals and provide methods of 

communication with doctors. They quantify the body, measuring its inputs and outputs, 

and report them. In turn, they become monitoring devices for doctors that allow them to 

actively monitor patients. This method does not require the manual input, but instead 

relies on the wireless sensors to transmit the information to the smartphone.  

The above example shows how smartphones can be used in conjunction with 

external devices, but smartphones can also reduce the need for other devices. The step 

counting feature of smartphones allows the phone to be used as a pedometer. Once 

separate devices, the smartphone step-counting feature counts how much activity the user 

does during the day by measuring the number of steps they take. Case, Burwick, and 

Volpp (2015) studied the effectiveness of this type of application and found that 



smartphone apps were useful and accurate for recording this type of activity. For the user, 

recording and updating is automatic and does not require manual input. This allows the 

user to track steps even when they are not paying attention to the device.  

Smartphones can be used to self-coach or to inform coaches about physical 

activity progress. MapMyRun is an example of an app designed for runners that uses the 

internal global positioning system (GPS) sensor in smartphones. The program has been 

been used in physical education courses because of its ability to record, distance, time, 

and speed, providing valuable feedback for both students and teachers (Cummiskey 

2011). The app has an educational value because it can be used by physical education 

students, but it is not limited to this. Anyone who self-coaches could also benefit from the 

data the app collects (Wakefield and Neustaedter 2014). The data collected by the app 

and ones like it allow for comparisons with oneself and others both in the short term and 

over longer terms.  

Health App Use, Health, and Health Interventions 

Cho, Quinlan, Park, and Noh (2014) found several reasons that people may use 

smartphone health apps. In a sample of 422 American college students, they identify 

subjective norms, health consciousness, health information orientation, and internet 

health information use efficacy as predictors of app use in this population. Though the 

students were recruited from different campuses, the sample size is small and 

nonrepresentative. Thus, the results may not be generalizable but they are substantively 

interesting.  

16 
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Cho, Park, and Lee (2014) analyzed a sample of 765 Korean adults and used path 

analysis to assess relationships between user characteristics, health app efficacy, eHealth 

literacy, and health information orientation and app use in the general adult population of 

Korea. In this population, health app efficacy appeared as an important predictor of app 

use that mediated the effect of eHealth literacy and health information orientation. Health 

consciousness remained predictive of app use, however. As with the former study on 

college students, this study may not be generalizable to other populations but provides 

substantive contributions to the literature on  app use. 

Campbell, Ngo, and Fogarty (2008) suggest that elements of game design may 

help improve the functionality of fitness apps and sustained use (play) of the apps. They 

propose a set of design principles that are central to this idea:  

1) the core mechanic, or the interactions that are repeated by the user during play; 

2) representation, which refers to the aesthetics and narrative of the game;  

3) micro goals, which encourage sustained play through a series of gratification 

for achieving each micro goal;  

4) marginal challenge, or the idea that each challenge is within the ability of the 

player;  

5) free play, which allows the player to set their pace and puts few restrictions on 

interaction;  

6) social play, which refers to how the user shares information and interacts with 

others users 
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7) fair play, which refers to the belief that the game can be won fairly and by 

anyone.  

These principles can be applied to mobile fitness apps. Campbell et al. (2008) use the 

example of Nike+ iPod, an everyday fitness app, which is designed primarily for running 

(its core mechanic). The app tracks distance, speed and pace, and heartrate for the runner. 

It also has a built in challenge system that allows users to compete by running distances 

in the fastest time. The app makes it easy to share this data via social media. The authors 

consider the app to be strong in free play and social play because of these factors. They 

critique the Nike+ iPod system for being weak in fair play, though. This is due to the fact 

that while it has a challenge system that allows for competition and conflict (a necessary 

aspect of gaming according to the authors), it can be difficult to find people to challenge 

because many users have different ability levels. A runner in a challenge may be a 

considerably faster runner compared to other competitors to the point the other 

competitors feel the challenge is unwinnable. This hinders the challengers’ progress 

because they may eventually give up on trying to win the challenge. 

Strava, as another example of a fitness app, awards KOM (King of the Mountain) 

achievements to users that are the fastest on computer-generated GPS segments. The 

KOM holder receives a crown by their name as long as they remain at the top of the 

leaderboard on a given segment. Further, Strava at the premium (paid) level, allows for 

sorting of data so that users can compare themselves with others in their same age and 

weight range. However, there may be issues of fair play on any mobile fitness app that 

tracks speed and GPS data (such as driving cars to complete the route or digital 
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manipulation of the data), which may discourage use of the app by well-intentioned (fair) 

users. In turn, since these potential issues may discourage use of the apps, they may also 

decrease the benefits of mobile fitness apps as fitness and health devices. Again, this 

underscores the idea that there may be an underlying social context in which people 

choose to use mobile fitness apps. Conceptualized as a “game,” there is the idea that there 

is some form of conflict and it is a game that can be won or lost. As a game, the first 

assumption might be that it is one played with others, but it may also be important to 

consider that the game can be played against oneself, in the form of trying to top personal 

records.  

Regardless of how apps manage to keep users engaged, the evidence suggests that 

apps are very effective in promoting behavior or as behavioral interventions (Bort-Roig et 

al. 2014). For example, a large, cross-sectional study of Dutch runners shows several 

positive outcomes of smartphone app use. In this study, Dallinga et al. (2015) analyzed a 

sample of 15,000 runners and compared app users to non-app users and found that app 

users had more positive feelings about themselves, losing weight, motivating others, and 

feeling like an athlete. Smaller samples have yielded similar results. A Finnish sample of 

27 participants shows increase in physical activity, weight loss, and healthy changes in 

dietary behaviors when using a mobile phone diary (Mattila et al. 2010). Arsand et al. 

(2010) created an application for diabetes management using daily interactions with a 12-

person focus group. The app was designed with a system to record diet and to measure 

blood glucose and steps taken. The app had a significant motivational effect on users at a 

6-month follow-up.  
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A pilot study conducted by Fukouka et al. (2010) found that, among a sample of 

41 sedentary adult American women, motivation to exercise was increased by the 

introduction of a physical activity app. A study using a Canadian sample of 24 

participants at risk for metabolic syndrome shows that interventions using apps to 

monitor indicators such as blood glucose, blood pressure, physical activity, and weight, 

may be effective in decreasing the risk of metabolic syndrome and cardiovascular 

diseases (Stuckey et al. 2011). 

Another systematic review of specific interventions related to smoking cessation, 

weight management, diet, physical activity, adherence to treatment recommendations, 

and chronic disease management shows that phone-based interventions tend to have some 

effectiveness on health outcomes (Riley et al. 2011). The studies included in the review 

are based more so on SMS text messaging than mobile application use. This suggests that 

smartphones can make significant contributions to health. Overall, the use of mobile 

technologies seems to improve health outcomes in specific situations, and therefore, may 

have similar influences on general health.  

Apps appear to be considerably useful to health of individuals based on previous 

research. They may accomplish this in different ways, however, depending on whether 

they are for specific health conditions and settings or more general lifestyle purposes. 

App use may confer health benefits to the individuals who choose to use them and 

general patterns of better health may be observed in those who do use apps compared to 

those who do not.  
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Cellphone Use 

 According to Pew Research data from a sample of 2,002 adults representative of 

the U.S. compiled by Smith and Page (2015), 64 percent own a smartphone. Importantly, 

62 percent of these adults have used their smartphone to look up health information 

online. Smartphone use is more prevalent for people of younger age, higher education, 

and higher income. Blacks are more likely to own smartphones than whites, though there 

is no significant difference between whites and Hispanics. Smith’s and Page’s (2015) 

report shows that 10 percent of U.S. adults rely on their smartphone for internet access 

and they do not have broadband or high speed internet access at home. Blacks and 

Hispanics are more likely to be dependent on their smartphones for internet access than 

whites. 

Cellphone features have demonstrable effects on health, particularly when it 

comes to healthcare delivery and these sorts of outcomes are not necessarily reliant on 

health apps (Patrick et al. 2008). Patients can be reminded of medical appointments or to 

remind them to take their medicines via text message. Health information and public 

health concerns can also be disseminated through text. People can access health 

information over the internet using their phones These uses of technologies can improve 

the efficacy of disease management or to improve diagnosis and treatment schedules 

without the need for a dedicated health-related app. 

There is, however, some evidence that suggests cellphone use may lead to poorer 

health outcomes. One study of a nonprobability sample of 305 college found lower 

physical activity when cellphone use is particularly high (Lepp et al. 2013). Students who 
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used their phones more often were more likely to forgo physical activity and participate 

in more sedentary behaviors. This same study shows that relatively lower use may 

actually motivate physical activity, though. These students instead used the phone as 

communication devices that connected them to peer groups that help to support physical 

activity. The positive effects of overall cellphone use, however, appear in the promise of 

cellphones to be useful devices in the delivery of healthcare and healthcare interventions 

(Klasjna and Pratt 2012; Patrick et al. 2008). Thus, the total net gain of cellphone use 

would appear to have more health benefits as opposed to negative ones, but this an 

important area for research. 

Internet Use for Health Information 

 Previous literature on internet use to access health information may be relevant to 

understanding digital tracking and health in the new digital era given so many people 

report accessing the internet from their phone. Using the internet to access healthcare 

information has become more popular over time as technology has become more 

pervasive and many apps also use the internet as features related to their use. According 

to Fox and Jones (2009), 47 percent of American adults had access to the internet in 

2000, only 5 percent had broadband connections, and only 25 percent used the internet to 

look for health information. By 2009, 74 percent of U.S adults had access and 57 percent 

had broadband connections. Sixty-one percent of U.S. adults reported using the internet 

to look for health information—a substantial change from 2000. 

 Like cellphone use, internet use for health reasons may show negative health 

outcomes. For example, a panel survey of 740 U.S. adults show slightly higher levels of 
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depression for among people who use the internet for health purposes for higher 

frequency users compared to people who look up health information less often or not at 

all (Bessiere et al. 2010). When the internet is used for communication with friends, 

family, and colleagues, however, lower depression rates are observed. Using the internet 

use for health purposes is associated with a higher level of health literacy (Jiang and 

Beaudoin 2015). 

Health literacy, and knowledge about health topics, is positively associated with 

health self-efficacy (Neter and Brainin 2012) and health outcomes (Berkman et al. 2011; 

Sentell et al. 2014). When health literacy is lower, poorer health outcomes result. It is an 

important vehicle for patients as consumers to learn about different health conditions 

(Conrad and Stults 2010). This can be a beneficial aspect of the internet because it helps 

create more informed patients. It may have a negative side as well because it can create 

anxiety over conditions or inaccurate self-diagnosis. Overall, the internet appears to be a 

useful tool for increasing health literacy and health-related knowledge and thus, health 

outcomes, but it can become problematic for some individuals (e.g. over-self-diagnosis or 

self-induced anxiety over an illness). 

Gender and Race 

 Ramirez et al. (2016) report that even in lower socioeconomic status groups, 

access to smartphones and mobile health technologies is high. In their sample of 241 

participants recruited from primary care centers, women and nonwhites rely more on 

smartphones for internet access and to research health conditions. Women also appear to 

be more likely to search the internet for health information (Houston and Allison 2000; 
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Smith-Barbaro et al. 2001) and to use eHealth technologies (Kontos et al. 2014) than 

men. App use does not always appear to vary by gender (Krebs and Duncan 2015), but 

some evidence suggests women use mobile health at a greater rate than men (Bauer et al. 

2014). This difference does not seem to rule out differences in health outcome. In a study 

of Australia, the U.S., and the United Kingdom, a greater percentage of women reported 

using smoking cessation apps than men. This difference particularly pronounced in the 

U.S. (BinDhim, McGeechan, and Trevena 2014). 

 Wartella et al. (2016) observed that Blacks and Hispanics were more likely to use 

the internet and social media to seek health information than whites, but observed no 

statistical difference between racial/ethnic groups in use of health apps. Their sample was 

nationally representative; however, it only included teens and may not be accurate for 

adults especially since youth is associated with greater technology use. Blacks and 

Hispanics were also more likely to change health behaviors based on information they 

gathered from the internet and social media. As nonwhites are more reliant on their 

cellphones for access to internet and health information (Ramirez et al. 2016), there may 

be reason to believe that health apps may have a greater effect on nonwhites than whites.  

Theoretical Orientation 

Deborah Lupton (2013) theorized modern digital technologies as being part of a 

“digital cyborg assemblage.” NASA scientists Clynes and Kline first used the term 

cyborg in 1960 to describe an organism that was part human and part machine. Donna 

Haraway (1991) introduced the cyborg as a legitimate and sociologically relevant 

theoretical concept by describing both material cyborgs—beings that incorporate 
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technology into themselves—and metaphorical cyborgs—or “the figure[s] that challenge 

assumptions and binaries, that is politically disruptive, progressive and oppositional in its 

hybridity and liminality” (Lupton 2013:5). 

The lines between what is human and what is technology becomes blurred as the 

development of technology that allows for constant feedback of health data bringing the 

human closer to the digital cyborg assemblage (Lupton (2013). Gray, Mentor, and 

Figueroa-Sarriera (1995) argue that cyborg technologies could be restorative, 

normalizing, reconfiguring, and enhancing. Cyborg technologies are restorative in the 

sense that they can help the user restore some lost function. They are normalizing 

because they can help the user achieve a normalized level of function (though “normal” 

in their assessment is ambiguous). These first two are related to technology as a 

corrective apparatus. An artificial knee restores lost function by allowing a person to 

walk and returns the body to a normalized state. An installed pacemaker performs the 

task of regulating and normalizing heart rhythms and also has the purpose of restoring 

lost function).  

The second two categories are related to how technology can shape the experience 

of being human and how technology can extend the limits of human abilities (Gray et al. 

1995). Cyborg technologies are reconfiguring because technology can be used to change 

or alter behavior and create new arrangements of humans and technology. For example 

many people are now internet users that have lives both in and out of cyberspace. Finally, 

they are enhancing because they extend the capabilities of the human body and improve 
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human ability. Night vision goggles or binoculars are an example of this because they 

allow humans to see in near total darkness.  

Lupton suggests that digital technologies are capable of doing of all of the tasks 

outlined by Gray et al. (1995), but adds “surveillance, monitoring, and communication” 

(Lupton 2013:7).1 Lupton highlights how these functions may be problematic if used to 

nefarious ends because of the way many technologies work. User generated data can be 

gathered and uploaded to a central database making individual data collection a site of 

surveillance. For example, Strava’s app is designed to track running and cycling, but user 

data goes into a centralized database that keeps track of individual performance and 

location (http://www.strava.com). Strava uses the large database to generate “heat maps” 

of highly travelled areas. Though individual data is not immediately accessible to 

outsiders via this method, it does raise questions about how big data generated from on-

going collection is utilized and whether privacy can be violated using this data. Other 

apps have similar methods of keeping databases that log individual data meaning users 

can be surveilled and monitored.  

In the digital cyborg assemblage the body is a site of surveillance, of collection, 

and monitoring data. The body becomes something of a scientific experiment where 

assumptions about the body and its processes can be tested. Previous data can be utilized 

to influence future behavior.  

                                                        
1 Figure 1 illustrates the differences between material cyborgs of primary concern 
to Gray et al. (1995) and Lupton’s (2013) digital cyborg. 
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Figure 1. Comparison of Material Cyborgs and Lupton’s Digital Cyborg 

 

Material Cyborgs 

 

Lupton’s Digital Cyborg 

   

Assumptions about 

technology use: 

Beings incorporate 

technology into their physical 

bodies 

Beings can incorporate 

technology into their physical 

bodies, but can also use 

technology virtually in 

assemblage 

   

Functions: 1. Restore lost function 

2. Normalize function 

3. Reconfigure/Change 

Behavior 

4. Enhance the human body 

Adds: 

1. Surveillance 

2. Monitoring 

3. Communication 

   

Examples: a. Replacing a hip or knee 

with an artificial joint 

b. A pacemaker 

 

a. Smartphones and apps 

b. Google glass 

c. Fitbits 

Sources: Gray et al. (1995); Haraway (1991); Lupton (2013) 

She writes: 

Now, more than ever, digital technologies have made it possible to peer inside the 

body, to monitor its functions and render them into visual form. The digital cyborg 

assemblage in the context of medicine and health promotion is focused on 

monitoring the signs and signals of the body, its patterns, its data. (Lupton 2013:9) 

Lupton (2014b) identified at least 5, sometimes overlapping and intersecting, 

modes of self-tracking: private, communal, pushed, imposed, and exploited. These modes 

refer to the reasons for tracking and question the agency of deciding to self-track and 

whether that decision is voluntary or involuntary. Private tracking is entirely voluntary 

and refers to when an individual tracks personal health information and uses the data for 

themselves to somehow improve their health or lives without sharing that data with 
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others. Communal trackers are also voluntary trackers but see themselves as part of larger 

tracking communities. The community may be online through websites dedicated to 

tracking and the “quantified self” or through participation in conferences and meetings. 

Some forms of tracking may still involve individual goals or self-improvement as 

well as involvement in community, but may also, in varying degrees, be less self-oriented 

(Lupton 2014b). Pushed tracking, in contrast to personal tracking, generally involves an 

outside group or agent that designates a need or reason for the tracking and then pressures 

the individual to participate in the activity. The actual tracking is mostly voluntary, but 

motivation does not come from within the individual. A growing movement towards 

workplace or health insurance incentives for tracking health indicators provides evidence 

for this type of tracking. For example, employment incentives may be tied to workplace 

programs that promote wellness, such as discounts for health insurance for employees 

who meet certain wellness criteria. These types of programs are designed to promote 

health and behavioral change and decrease healthcare and/or insurance costs (Lupton 

2013).  

These types of incentives may cross from pushed—and therefore, voluntary—to 

imposed and involuntary. Imposed tracking is done for the benefit of an outside entity. In 

this case, employers may require participation in tracking-associated wellness programs 

to receive incentives or pay (Lupton 2014b). Lupton (2014b) also provides an example of 

students being required to wear heart-rate monitors so that educators can be sure they are 

fully involved during physical education activites. In this case, there is little the student 

can do to refuse the monitoring. Finally, all of the five types of tracking may fall under 
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exploited tracking, in which the individual’s data is used for some the benefit of others. 

This occurs through a repurposing of the generated data so that companies, marketers, or 

advertisers can use the generated data to target consumers more efficiently. The most 

obvious example of this comes from self-tracking related to commercial goals where the 

individuals’ movements or tracking activities give a company more insight into the 

persons’ habits, health, or in app purchases related to this, which can then translate into 

revenue for the company through targeted sales. 

The modes of tracking may differ from the types of meanings and goals 

associated with tracking. Rooksby et al. (2014) define “activity trackers” as a broad 

category of devices that are used by individuals to track their daily activities. In their 

definition activity trackers include smartphone apps, but also refers to pedometers, heart 

rate monitors, scales, or blood pressure devices. These devices cover a wide range of 

activities and behaviors including running, cycling, walking, sleep cycle monitoring, 

caloric intake (monitoring food and drink), and weight. Rooksby and colleagues (2014) 

investigated a small qualitative sample of 22 participants in the United Kingdom and 

found 5, also sometimes overlapping, meanings that individuals hold about their tracking 

activities. These included: 1) directive tracking--where the device was used to set 

performance goals; 2) documentary tracking--where the device was used to document 

routines or distances between places; 3) diagnostic tracking--which refers to when the 

device is used as a link between two factors such as sleep and general feelings of 

awakeness; 4) collecting rewards--which was somewhat linked to documentary tracking 

in the sense that in this case trackers were used to “win” some achievement or “reward” 
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for completing a fitness task; and 5) fetishized tracking--which refers to the trackers 

being a technology that is digitally pleasing to the self.  

Neff and Nafus (2016) make similar arguments as Rooksby et al. (2014). They 

argue that data generated from self-tracking can be used for monitoring and evaluating, to 

elicit sensations, to debug a problem, to cultivate a habit, and/or for aesthetic purposes. 

Monitoring and evaluation are basic features of most tracking devices. They allow the 

user to monitor biofeedback and to evaluate performance or change. The data may be 

used to elicit sensation, such as feeling happy when a goal is met or upon achieving a 

particular award. The data may be used to debug a problem in the sense that they can be 

used to help self-diagnose illness or conditions, and to help the user alleviate potential 

discomforts or complications. Users can try to cultivate new habits or change old ones 

using self-generated data. For example, someone may try to stop smoking by tracking the 

frequency at which he or she chooses not to smoke or by tracking the amount of money 

saved for each pack of cigarettes not smoked. Finally, some self-trackers have taken an 

interest in tracking for aesthetic purposes, where the generated data can be used to create 

works of art based on the output. These works of art generally take the form of some kind 

of digital art that showcases data points that can be still or moving.  

Taken together, the reasons someone may choose to use smartphone apps to track 

health data may vary based the mode of tracking and whether their participation is 

entirely voluntary. It may also vary based on individual purposes, needs, or goals. 

Someone tracking weight or diet may have different goals or needs than someone 
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tracking a health indicator such as blood pressure, though both may result in improved 

health outcomes. 

Quantified Self 

Early accounts of digitized tracking used the term “lifelogging” to describe the 

concept of using computers to track body indicators (Lupton 2016), though other terms 

are still in use [e.g. lived informatics (Rooksby et al. 2014)]. A more recent “quantified 

self” term originated with Gary Wolf and Kevin Kelly in 2007 (Lupton 2016). Wolf and 

Kelly established The Quantified Self (http://www.quantified self.com), a website that 

hosts information about health tracking, discussion boards, and serves as a place for 

organizing meetings for digital self-trackers. The popularity of the idea of the quantified 

self has grown substantially since its introduction and an entire subculture has arisen 

around it. Many of the community members use as many as 11 apps or more to track 

sleep, diet, exercise, water intake, reproductive functions, etc. (Lupton 2016). Though 

some trackers report a greater sense of control of self or a healthier lifestyle due to their 

efforts, there is still little research on the extent of these patterns or how beneficial this 

intensity of tracking is to health and wellness..  

 Lupton (2016) has more recently somewhat moved away from the cyborg concept 

and theorizes the quantified self-movement in several new ways in her book The 

Quantified Self, though she still maintains the concept of humans as hybrid beings. The 

first of these is through the lens of sociomaterialism. A sociomaterialist approach points 

to the power of object technologies and their power to influence human behavior. This 

approach is derived from the writing of Deuze (2011), who sees humans as living in 
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media rather than with it, and Latour (2005), who views human actors as part of network 

of interactions that includes humans and nonhuman agents. Digital technologies are 

accepted as part of an almost inescapable network whether someone chooses to use these 

technologies or not. This line of theorization is consistent with the cyborg assemblage 

since it sees the actor as assembled with their devices that provide tracking and feedback. 

 Deuze (2011) suggests that humans are so deeply entrenched in pervasive media, 

that media becomes almost invisible. Individuals are so exposed to media in their lives, 

that they cease to recognize its presence. It blends into the processes of every day life 

where it has great influence, but this influence may not be immediately recognizable. 

This is what Deuze means by living within media rather than with it. Digital devices and 

technologies become embedded in the social conscience of society without much 

resistance because they become part of everyday routines and social lives (Lupton 2016). 

Institutions reflect the overall trends of society as well, meaning it is difficult to escape 

from them. For example, smartphone use appears to be quite common in the U.S. (Smith 

2015), but this is likely not just because more people are choosing to use smartphones. It 

is also because phone companies and service providers offer smartphones as part of deals 

and packages that increase their availability. Further, companies that see the benefits of 

workplace incentives and wellness programs as methods to reduce costs related to 

insurance and healthcare may require employees to track and become digitized (Lupton 

2016). 

 Latour’s (2005) Actor Network Theory essentially redefines the meaning of 

society. Humans are actants within this theory that may act upon nonhuman objects (e.g. 
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smartphones), but it does not stop there. Nonhuman objects are also valid actants from 

this standpoint because they have the capacity to act upon humans. These actions take 

place within a large and potentially complex web of relationships that make up the 

experience of the action. What this means for the use of digital technologies is that there 

is a configured network of human and nonhuman actors. Individuals may choose to use 

smartphone apps by submitting their data to the smartphone, and the smartphone app then 

acts upon the human by providing feedback that changes the way the individual thinks 

about or experiences the data.  

How the individual uses these apps and acts upon them and vice versa is not the 

end of the story, though, nor is it really the beginning. Apps are designed, developed, and 

produced with specific designs that are a result of coding decisions made by the app 

developers (Lupton 2016). This is, in itself, situated within a larger economy where the 

decisions are influenced by factors like smartphone design and capability, marketing, 

advertising, and distribution. App designers must consider whether smartphone is capable 

of efficiently running the app, whether there is a market for its uses and what the target 

market is, how to advertise the product, whether changes in design would make this more 

effective, and also how an app will be distributed. All said, the total network of actants, 

both human and nonhuman, involved in app use is quite large. The app user and app are 

part of a network of decisions and factors influencing the end product that the individual 

experiences.  

 The second line of theorization Lupton (2016) offers is “knowing capitalism” 

derived from Nigel Thrift ‘s work (2005). The use of technologies designed to track and 
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quantify the body rests within the larger capitalist market. People are sites of generated 

data that can be used for purpose beyond the immediate use of the trackers themselves. 

The data generated can be commodified and used to gain insight into patterns of lifestyles 

and behaviors and viewed as commercial properties. The digital data economy provides 

companies with data that can be used to monitor consumer behavior. Companies can use 

this data to target consumers through marketing and advertising and allows them to 

exercise greater control over consumers. Many apps are offered for free because they 

have a social media component to promote this type of data generation. The decision to 

track digitally through the user of self-tracking devices, then, is situated within the larger 

capitalist market economy. 

 Lupton (2016) also offers theories of selfhood in late modern society and cultures 

of embodiment. The idea of modern selfhood follows the work of Foucault (1986; 1988) 

where care of the body is seen as a means of learning the rules about proper and 

appropriate conduct in society, as is the care of the self and soul. Technology is a method 

of producing knowledge about the body and selfhood. Situated within this strain of 

thought are the works of Giddens (1991), Beck (1999), and Bauman (2000) who view 

contemporary practices of selfhood as exercises in self-reflexivity, or getting to know 

one's self through information seeking and choice making. These authors suggest that 

there is certain amount of unknown risk that is present in modern society that humans 

must seek to reduce. There is an emphasis on self-responsibility in an age of uncertainty 

and risk because of a reduction of constraints on the individual life course. Smartphone 

apps and other digital technologies may help reduce risk through digital tracking. They 
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assist in the process of knowing oneself, of learning the rules of self-care and appropriate 

behavior, and help gather and improve knowledge about the self.  

Summary 

The current state of research into mobile app use and health suggests that these 

technologies have potential to influence health in a positive way. Notably, most studies 

have focused on specific health conditions and outcomes (Borg-Roig et al. 2014; Riley et 

al. 2011). Theorization on the meanings of self-tracking cultures is more readily available 

than data on outcomes, especially as they pertain to the more general public as opposed to 

more dedicated trackers such as the members of the Quantified Self. There is a need for 

more research on the relationships that may exist between app use and general health 

outcomes in the general adult population. Further, the degree that technology use 

influences these health outcomes and how different technologies interact to influence 

health are important as well and require further investigation. This study seeks to address 

some of those omissions by assessing health outcomes based on the notion of a digital 

cyborg assemblage where health benefits are conferred to those who adapt to technology 

use and its advantages.  

HYPOTHESES 

 App use is conceptually situated within the digital cyborg assemblage presented by 

Lupton (2013). The first two hypotheses of this study are based on the notion that humans 

can be part of a network of cyborg technologies, i.e., a digital cyborg assemblage (Lupton 

2013) where health apps may be used to digitize data and confer health advantages. Thus: 
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 H1: Individuals who use smartphone apps for self-tracking are more likely to have 

better health than those who do not use smartphone apps for self-tracking. 

 H2: Individuals who self-track health indicators for any reason are more likely to 

have better health than those who do not track. 

Further, previous literature on health information and technology provides the basis 

for several interaction hypotheses about app use for health purposes. Also situated within 

the digital cyborg assemblage presented by Lupton (2013), technology use and electronic 

health literacy are theoretically important to adopting newer technologies. The more 

technologically inclined individuals are, the more likely they would be expected to embrace 

technologies that can be deemed “cyborg.” In theory, technology use, specifically 

cellphone use for purposes other than as a phone and internet use, should interact with 

smartphone app use to influence health outcomes. Thus:  

H3: Self-trackers who also use smartphones apps are more likely to report better 

health outcomes than self-trackers that do not have smartphone apps or those that do not 

track.  

H4: Use of the internet as a health technology and smartphone app use interact to 

affect health such that increased internet use has a greater positive effect on health for 

smartphone app users than for non-app users.  

H5: Use of cellphone features (e.g. for internet access, e-mail, texting, look for 

health information, and banking) and use of smartphone apps interact to affect health such 

that increased cellphone technology use has a greater positive effect on health for 

smartphone app users than for non-app users.  
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 There is reason to believe health outcomes may differ between men and women 

smartphone app users. Based on the evidence presented by Ramirez et al. (2016) that 

women rely on their smartphones for internet access more often than men, that women 

are more likely to search the internet for healthcare information (Houston and Allison 

2000; Smith-Barbaro et al. 2001), and research that women use mobile health more often 

than men (Bauer et al. 2014; BinDhim et al. 2014), the following hypothesis is tested: 

H6: Smartphone app use for health is expected to show a stronger effect on health 

for women than for men.  

The final hypothesis refers to potential differences in health outcomes between 

white and nonwhite users. Nonwhites appear to be more reliant on their smartphones for 

internet healthcare information and potentially more likely to change their behavior due 

to the information they receive (Ramirez et al. 2016; Wartella et al. 2016). Thus the final 

hypothesis states: 

H7: Smartphone app use for health is expected to show a stronger effect for nonwhites 

than for whites. 
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CHAPTER III 

DATA AND METHODS 

 This chapter depicts the data and methods that are used in this study. The data 

section provides a description of the dataset and the sample. A description of variables used 

in the analysis, their levels of measurement, and how they are coded is provided in the 

dependent variables and independent and control variables sections. The method for 

calculating interaction terms used in the analysis is also provided.  

 The methods section provides a detailed description of how coefficient estimates 

were generated for relationships between the variables in the analysis. This section contains 

an overview of how multinomial logistic regression is used to analyze self-reported health 

and how ordinary least squares (OLS) regression is used to analyze health as measured by 

number of health conditions.  

DATA AND SAMPLE 

 The data for this study come from Pew Research Center’s Mobile Health 2012 

dataset (Fox and Duggan 2012). The sample is nationally representative of U.S. adults 

aged 18 and older. The total sample size for the full dataset is 3,014 U.S. adults. The 

sampling design is disproportionately stratified so that black Americans and Hispanics 

are overrepresented; however, the data are weighted to account for the disproportionate 

method of sampling so that the final sample is more closely representative of the actual 
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 population of U.S. adults (Fox and Duggan 2012). The sample is restricted to only 

respondents who were asked questions relevant to the current study. The data were 

further screened for missing values. Restriction, removal of missing values, and 

weighting yielded a usable sample size of 1,799 respondents. This analysis improves on 

previous uses of this dataset (Fox and Duggan 2012) using more rigorous statistical tests 

of significance and association.  

DEPENDENT VARIABLES  

Self-Reported Health 

The first dependent variable of interest is subjective self-reported health. The 

original question was: “In general, how would you rate your own health – excellent, 

good, only fair, or poor?” This variable is measured at the ordinal level and is reverse 

coded so that 1=Poor; 2=Fair; 3=Good; and 4=Excellent health. This is reverse coded 

from the original coding so that a higher score reflects better health.  

Number of Conditions 

 The second dependent variable is an index of health conditions and is included as 

an alternative means of assessing overall health. The index is a summation of 6 

dichotomous indicators: “Are you now living with any of the following health conditions: 

1) diabetes or sugar diabetes; 2) high blood pressure; 3) asthma, bronchitis, emphysema, 

or other lung conditions; 4) heart diseases, heart failure, or heart attack; 5) cancer; and 6) 

other. “Yes” responses are summed to create an index that ranges from 0-No conditions 

to 6-All possible conditions.  
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INDEPENDENT VARIABLES 

App Use  

The primary independent variable is whether a respondent has a mobile 

application on his or her smartphone for purposes of tracking a health indicator. This is 

taken as a proxy measure for use of an application and is assessed as a dichotomous 

variable using responses to the question “On your cellphone, do you happen to have any 

software applications or ‘apps’ that help you track or manage your health or not?” 

Original responses are coded as 1=Yes and 2=No, but they are recoded here as a dummy 

variable where 1=Yes and 0=No. Dummy variables are used for discrete responses to 

make them dichotomous so that they may be used in regression analysis (Tabachhnik and 

Fidell 2013). 

Self-Tracking 

Whether or not respondents keep track of weight diet or exercise is measured 

dichotomously using responses to the question “Now thinking about your overall health, 

do you currently keep track of your own weight, diet, or exercise routine, or is this not 

something you currently do?” This is included as a dummy variable where 1=Yes and 

0=No. In contrast, whether or not respondents track another indicator is measured as a 

dichotomous dummy variable where 1=Yes and 0=No to the question “Do you happen to 

track your own blood pressure, blood sugar, sleep patterns, headaches, or any other 

indicator?” 
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CONTROL VARIABLES  

Cellphone Use 

 To assess the degree to which respondents use their cellphones as technological 

devices beyond as a “phone” an index is constructed from six items: “Do you ever use 

your cell phone to 1) send or receive e-mail; 2) send or receive test messages; 3) take a 

picture; 4) access the Internet; 5) look for health or medical information online; and 6) 

check your bank account balance or do any online banking?” The final index ranges from 

0 to 6, where 0 is the least amount of cell phone use and 6 is the most.  

Internet Use 

Internet use for health information is measured using an index that totals “Yes” 

responses to 12 indicators that assess whether the respondent has ever looked online for 

information about 1) a specific disease or problem; 2) a certain medical treatment or 

procedure; 3) health insurance; 4) pregnancy and childbirth; 5) food safety or recalls; 6) 

drug safety or recalls; 7) medical test results; 8) how to lose weight or control weight; 9) 

reduce health care costs; 10) caring for an aging relative or friend; 11) an advertised drug; 

12) any other health issue. The resulting index ranges from 0-No internet use for health 

information to 12-Most internet use for health information. 

Demographics 

 Demographic variables include age, gender, education, household size, total 

family income, marital status, race/ethnicity, employment status, and insurance status. 

Age is a continuous variable measured in years of age. Gender is assessed using a dummy 

variable where 1=male and 0=female. Education is an 8-category ordinal level variable 
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reflecting the highest degree or education received, but is treated as interval/ratio 

continuous variable. Household size is measured by the number of persons in each 

household including the respondent and is treated as an interval/ratio variable. Total 

family income is measured using nine ordinal categories (e.g., less than $10,000; $10,000 

to under $20,000; etc.), but is treated as interval/ratio. Marital status is a dummy variable 

where 1=Married and 0=Not married for any reason. Race is a dummy variable where 

1=white 2=nonwhite. Whether the respondent identifies as Hispanic is measured as 

1=Hispanic and 0=Non-Hispanic. Employment status is measured as a dummy variable 

where 1=Employed full time and 0=Not employed. Finally, insurance status is a dummy 

variable where 1=Insured and 0=Not insured. 

INTERACTION TERMS 

 Interaction terms are used to assess whether the effects of two variables vary 

together (Tabachnik and Fidell 2013). Two interaction terms are used to test for the 

interaction between smartphone app use and self-tracking. The first term is created using 

the created dummy variable for self-tracking for weight, diet, or health and multiplying it 

by the dummy variable for smartphone app use. The second term is created by using the 

dummy variable for self-tracking for other health indicators times the dummy variable for 

smartphone app use.  

 The gender variable is multiplied by the smartphone app use variable to test for 

the interaction between smartphone app use and gender.  

 The nonwhite dummy variable is multiplied by the smartphone app use variable to 

test for the interaction between smartphone app use and race.  
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 An interaction term for smartphone app use and internet technology use is created 

by multiplying the smartphone dummy variable with the internet technology use scale. A 

final interaction term multiplies smartphone app use by cellphone technology use.  

METHODS OF ANALYSIS 

 The analyses are split into two separate methodological investigations. The reason 

for this is that self-reported heath is at the ordinal level and requires statistical techniques 

different from objective health rated in terms of number of conditions. All data were 

screened for missing cases and variables, and corrected for issues related to violations of 

the assumptions of the appropriate tests for the measures. Descriptive statistics are 

presented prior to individual analysis. Analysis one is of self-reported health and 

Analysis two is of objective health measured as number of the conditions.  

Analysis One 

 The first analysis is of general self-reported health. Self-reported general health is 

a four-category, ordinal variable. The appropriate method of analysis would normally be 

ordinal regression. Preliminary analysis of the parallel lines test for ordinal regression 

models ruled out ordinal regression as an appropriate method given this data. The test 

was significant in most models, indicating the assumptions necessary to conduct ordinal 

regression were not met. Therefore, multinomial logistic regression is instead employed 

as the method of analysis for self-reported health.  

Two sets of estimates were generated using multinomial logistic regression with 

category 1=poor as the reference group. The first set of estimates compares the likelihood 

of being in each category of health (fair, good, and excellent) with being in poor health 
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while holding other factors constant. The first set does not include interaction terms. The 

second set compares the likelihood of having poor, fair, or good health with having 

excellent health and does include interaction terms along with all of the variables in the 

first set of estimates. There are two additional sets of estimates with excellent health as 

the reference group instead of poor health so that different relationships could be 

explored.  

Analysis Two 

The second analysis is also of health, but health is measured using the health 

conditions scale. Since the constructed index for conditions ranges from 0 to 6, it is 

appropriate to treat this variable as interval/ratio and to use ordinary least squares 

regression. There are 5 models in the second analysis. Number of conditions is the 

dependent variable in Model 1 and smartphone app use will be independent. The self-

tracking variables are added to Model 2. Internet use and cellphone use are added to 

Model 3. The sociodemographic variables are added to Model 4. Model 5 includes all 

variables as well as the interaction terms for smartphone use and self-tracking; 

smartphone use and internet technology use; and smartphone use and cellphone 

technology use.  

LIMITATIONS, POTENTIAL PITFALLS, AND ALTERNATIVE APPROACH 

 This study is limited by its cross-sectional design, which rules out true causal 

relationships. Further, the data are secondary, so there was no control over how the 

questions are worded or whether all of the questions relevant to smartphone application 
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use and health are asked of respondents. Still, the representativeness of the sample and 

size of the sample are advantages that offset some of these issues. 

 There is a possibility that the relationship between app use or self-tracking and 

health might be reciprocal. As a result, the regression estimates might be biased. 

Structural equation modeling might provide more stable estimates with the right 

measures. However, while SEM may be perceived as methodologically more innovative, 

the large number of dichotomous variables used in this study made it difficult to provide 

acceptable model fit statistics and estimates. Comparatively speaking, the analysis using 

multinomial logistic regression and linear regression appears to be a “safer” and more 

stable design in this case.  
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CHAPTER IV 

RESULTS 

 This chapter reports the results of the statistical analyses conducted as part of this 

study. The descriptive statistics section provides information about the characteristics of 

the sample including the means and standard deviations of the variables used in the 

analysis. The results of the multinomial regression models estimating self-reported health 

are presented in the second section of this chapter. The final section contains the results 

of the ordinary least squares regression models estimating health based on the number of 

conditions someone has.  

DESCRIPTIVE STATISTICS 

 The sample size for the study is 1,799 respondents representative of U.S. adults 

age 18 and older. Table 1 shows the descriptive statistics for the final sample. On 

average, respondents reported “good” health (M=3.15) and less than one health condition 

(M=.57). A large percentage of respondents had no health conditions to report and the 

majority had 2 or less, which resulted in the low mean value for this measure. Thirteen 

percent of respondents had a cellphone application for health tracking purposes. Sixty-

two percent reported self-tracking for diet, weight, or exercise, while 29 percent reported 

self-tracking of some other health indicator.  
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Table 1. Descriptive Statistics for Dataset, Pew Research 2012 

 

Variable 

 

 Mean S.D. 

General Self-Reported Health 

(4-point scale) 

 3.15 .708 

Conditions (7-point index)  .57 .886 

    

Has Cellphone App  .13 .340 

Self-Track #1 for  

    Weight/Exercise 

 .62 .485 

Self-Track #2 for Other Health 

    Indicator 

 .29 .455 

Cellphone Use (7-point index)  3.72 1.85 

Internet Use (13-point index)  2.93 2.611 

Age  41.40 15.523 

Male  .50 .500 

Education (8-point scale)  4.70 1.851 

Household Size (6-point scale)  2.20 .924 

Total Family Income (9-point 

    scale) 

 5.06 2.424 

Nonwhite  .25 .436 

Hispanic  .13 .333 

Employed  .53 .499 

Has Insurance  .79 .408 

    

N  1799  

 

 On average, respondents were 41 years of age, 50 percent male, and had some 

college (M=4.70). Respondents lived with approximately two adults per household 

(M=2.20), and had incomes around $40,000 to $50,000 (M=5.06), on average. Twenty-

five percent were nonwhite and 13 percent were Hispanic. Fifty-three percent were 

employed full time and 79 percent reported having some form of insurance.  
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MULTINOMIAL LOGISTIC REGRESSION ON SELF-REPORTED HEALTH 

 Table 2 shows the multinomial regression models with “poor health” as the 

reference group. These models explain 16.5 percent of the variation in self-reported 

health. Models were constructed with interaction terms, but are not shown because the 

interaction terms were not significant for fair, good, or excellent health relative to poor 

health.  

Column 1 shows the odds of having fair health relative to poor health. The second self-

tracking variable for tracking for a health indicator other, diet or exercise is statistically 

significant. Self-trackers of other health indicators are 68.2 percent less likely to have fair 

health compared to poor health than non-self-trackers of other indicators. The Hispanic 

variable is also statistically significant. Hispanic adults are 56.1 percent less likely to 

report fair health compared to poor health than non-Hispanics. Column 2 shows the odds 

of having good health relative to poor health. Self-tracking for a reason other than diet or 

exercise is statistically significant here as well. Self-trackers of other health indicators are 

74.6 percent less likely to be in good health compared to poor health than non-self 

trackers for reasons other than diet or exercise. Age and education are statistically 

significant in Column 2 as well. Each 1 year increase in age is associated with a 3.5 

percent decrease in the odds of being in good health relative to poor health Each level 

increase in education is shows a 19 percent increase in the odds of having good relative to 

poor health. Hispanics are 50 percent less likely to be in good health relative to poor 

health compared to non-Hispanics. The results are similar for excellent relative to poor 

health shown in Column 3, but are more extreme. Self-trackers for reasons other than diet  



 49 

Table 2. Multinomial Logistic Regression Table Predicting Self-Reported Health with “Poor” Health as Reference Category, 

Pew Research 2012 

 (1) 

Fair vs. Poor Health 

(2) 

Good vs. Poor Health 

(3) 

Excellent vs. Poor Health 

Variable B Odds Ratio B Odds Ratio B Odds Ratio 

Has App .120 

(.615) 

1.128 -.047 

(.583) 

.954 .166 

(.592) 

1.180 

Self-Track 1 -.098 

(.390) 

.907 -.025 

(.583) 

.975 .224 

(.376) 

1.251 

Self-Track 2 -1.144** 

(.392) 

.318 -1.372*** 

(.368) 

.254 -1.728*** 

(.379) 

.178 

Cell Use .048 

(.109) 

1.050 .066 

(.102) 

1.068 .142 

(.105) 

1.153 

Internet Use .059 

(.070) 

.398 -.016 

(.066) 

.984 -.129 

 (.068) 

.879 

Age -.021 

 (.013) 

.980 -.036** 

(.013) 

.965 -.051*** 

(.013) 

.950 

Male -.274 

(.345) 

.760 -.289 

(.323) 

.749 -.401 

(.332) 

.670 

Education .029 

(.110) 

1.029 .174* 

(.103) 

1.190 .265** 

(.106) 

1.303 

Household Size -.224 

(.161) 

.799 -.339* 

(.148) 

.713 -.366 

(.154) 

.694 

Total Family  

     Income 

.143 

(.098) 

1.154 .316*** 

(.092) 

1.372 .426*** 

(.094) 

1.531 

Nonwhite -.095 

(.386) 

.909 -.319 

(.361) 

.727 -.102 

(.371) 

.903 

Hispanic -.824* 

(.452) 

.439 -.694* 

(.414) 

.500 -.998* 

(.432) 

.369 
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Employed -.607 

(.384) 

.545 -.002 

(.357) 

.998 -.259* 

(.366) 

.772 

Has Insurance -.362 

(.472) 

.696 -.235 

(.446) 

.791 -.562* 

(.456) 

.570 

Constant 3.406*** 

(1.031) 

 4.441*** 

(.973) 

 3.896*** 

(.996) 

 

-2 Log  

Likelihood 

3415   

Model χ2 280   

Pseudo R2 .165   

Degrees of 

 Freedom 

42   

N 1799   

Note: The odds ratio is the antilog of B. Standard errors are in parentheses. 

Models 1b and 2b are not shown because the interaction terms are not significant in these models.  
*p≤.05, **p≤.01,***p ≤.001 
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or exercise are 82.2 percent less likely to be in excellent health relative to poor health 

compared to those who do not self-track. Each year increase in age the odds of being in 

excellent health compared to poor health decrease by 5 percent. The odds of being in 

excellent health relative to poor health increase by 30.3 percent for each level increase in 

education. Hispanics are 67.1 percent less likely to report excellent health compared to 

poor health than non-Hispanics. Insured respondents are 43 percent less likely to report 

excellent health than poor health. 

The first set of multinomial regression models with poor as the reference group 

does not provide support for the hypothesis that having a smartphone app is associated 

with better health. The hypothesis that self-trackers report better health is also not 

supported. In the case of self-trackers of diet or exercise, there is not a statistically 

significant relationship between self-tracking for this reason and self-reported health 

outcomes. For self-trackers of reasons other than diet or exercise, the hypothesis that self-

trackers report better health is contradicted. Self-trackers for reason other than diet or 

health appear to be less likely to be in the fair, good, or excellent categories compared to 

poor health. The remaining hypotheses regarding the interactions between self-tracking 

and smartphone app use, use of internet technology, use of cellphone technology, gender 

and smartphone app use, and race and smartphone app use are not supported since none 

of the interaction terms were significant in the models where they were included.  

The results differ when “”excellent” health is substituted for poor health as the 

reference group. Though, this makes some of the interpretations of results more 

awkward, there are different associations between the independent and control variables 
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and self-reported health when poor, fair, and good health are compared to excellent 

health. Table 3 shows the results of the multinomial logistic regression models predicting 

the odds of someone having poor, fair, or good health relative to “excellent” health. 

Columns 1, 2, and 3 show the first set of estimates without interaction terms. The last 

column 3b, shows the estimates of being in good health relative to excellent health with 

interaction terms included. Results for poor relative to excellent health and fair relative to 

excellent health with interaction terms are not shown because the coefficients for the 

interaction terms were not significant. The models without interaction terms explain 16.5 

percent of the variation in health. The models with interaction terms explain 17.6 percent 

of the variation. The lower -2 log likelihood and higher χ2 value indicate that the 

interaction term models are better fitting models; however, the interactions terms are only 

significant for the odds of having good health relative to excellent health.  

 The result of the first set of estimates in Columns (1), (2), and (3) show that 

having a smartphone app is not a significant predictor of self-reported health. Thus, the 

first hypothesis that individuals that have smartphone apps report better health is not 

supported here. Self-tracking diet or exercise is not a significant predictor of having poor 

relative to excellent health, but is a significant predictor of fair and good health relative to 

excellent health. Self-trackers of diet and exercise are 27.5 percent less likely to be in fair 

health compared to excellent health. They are also 22 percent less likely to be in good 

health than in excellent health. Self-tracking for other health indicators is significantly 

associated with the odds of having poor, fair, or good, health relative to excellent health. 

Self-trackers for other health indicators are 5.628 times as likely to be in poor health, 
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Table 3. Multinomial Logistic Regression Table Predicting Self-Reported Health with “Excellent” as the Reference Category, 

Pew Research 2012 

 (1) 

Poor Vs. Excellent Health 

(2) 

Fair vs. Excellent Health 

(3) 

Good vs. Excellent 

Health 

(3b) 

Good vs. Excellent 

Health  

with Interaction Terms 

Variable B Odds Ratio B Odds Ratio B Odds Ratio B Odds Ratio 

Has App -.166 

(.592) 

.847 -.045 

(.286) 

.956 -.212 

(.167) 

.809 -1.767* 

(.818) 

.171 

Self-Track 1 -.224 

(.376) 

.799 -.322** 

(.194) 

.725 -.249* 

(.120) 

.780 -.322** 

(.127) 

.725 

Self-Track 2 1.728*** 

(.379) 

5.628 .583*** 

(.204) 

1.792 .355** 

(.134) 

1.427 .504*** 

(.150) 

1.655 

Cell Use -.142 

(.105) 

.868 -.093 

(.057) 

.911 -.076* 

(.036) 

.926 -.078* 

(.037) 

.925 

Internet Use .129* 

(.068) 

1.138 .188*** 

(.037) 

1.207 .113*** 

(.024) 

1.120 .097*** 

(.026) 

1.102 

Age .051*** 

(.013) 

1.052 .030*** 

(.007) 

1.031 .015*** 

(.004) 

1.015 .015*** 

(.004) 

1.015 

Male .401 

(.332) 

1.493 .127 

(.180) 

1.135 .112 

(.113) 

1.118 .018 

(.122) 

1.018 

Education -.265** 

(.106) 

.767 -.236*** 

(.057) 

.790 -.091** 

(.034) 

.913 -.096** 

(.034) 

.908 

Household 

Size 

.366** 

(.154) 

1.442 .142 

(.094) 

1.153 .027 

(.061) 

1.028 .026 

(.062) 

1.027 

Total Family 

Income 

-.426*** 

(.094) 

.653 -.282*** 

(.046) 

.754 -.110*** 

(.027) 

.896 -.108*** 

(.028) 

.898 

Nonwhite .102 

(.371) 

1.107 .007 

(.205) 

1.007 -.217* 

(.132) 

.805 -.230* 

(.144) 

.794 
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Hispanic .998* 

(.432) 

2.713 .174 

(.271) 

1.190 .304* 

(.179) 

1.355 .307* 

(.181) 

1.360 

Employed .259 

(.366) 

1.295 -.348* 

(.194) 

.706 .256* 

(.118) 

1.292 .271* 

(.119) 

1.311 

Has 

Insurance 

.562 

(.456) 

1.755 .200 

(.229) 

1.221 .327* 

(.152) 

1.387 .322 

(.152) 

1.380 

Has App x 

Self-Track 1 

.560 

(.423) 

1.750 

Has App x 

Self-Track 2 

-.842** 

(.352) 

.431 

Has app x 

Cell Use 

.119 

(.147) 

1.127 

Has App x 

Internet Use 

.122* 

(.068) 

1.129 

Has App x 

Male 

.598* 

(.332) 

1.819 

Has App x 

Nonwhite 

-.022 

(.351) 

.978 

Constant -3.896***

(.996)

-.490 

(.500) 

.545* 

(.323) 

.679* 

(.328) 

-2 Log

Likelihood

3415 3396 

Model χ2 280 299 

Pseudo R2 .165 .176 

Degrees of

Freedom

42 60 

N 1799 1799 

Note: The odds ratio is the antilog of B. Standard errors are in parentheses. 

Models 1b and 2b are not shown because the interaction terms are not significant in these models. 
*p≤.05, **p≤.01,***p ≤.001
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1.792 times as likely to be in fair health, and 1.427 times as likely to be in good health 

relative to excellent health when compared to those who do not self-track other 

indicators. Therefore, self-tracking for other indicators appears to be associated with 

higher odds of being in less than excellent health; i.e., poorer overall health. Thus, self-

tracking for diet or exercise appears to be associated with having better health. The 

results for the two self-tracking variables provide a conflicting result for the second 

hypothesis that individuals who track for any reason are more likely to report better 

health than nontrackers. This could be due to the nature of the self-tracking variables. The 

first self-tracking measure is related to diet and exercise, which could be considered 

preventative or proactive health measures. The second variable is related to whether they 

are tracking any other health indicator. Therefore, people may be preselected to have 

worse overall health because the reasons for their tracking may be motivated by the 

health condition(s) rather than the other way around. 

 Several control variables are also significant in the multinomial logistic regression 

model. For each level increase in cellphone technology use, the odds of being in good 

health relative to excellent health decrease by 22 percent. Cell phone technology use is 

not a significant predictor of the odds of having poor or fair health relative to excellent 

health. Internet use as a health technology is significantly associated with higher odds of 

being in poor, fair, or good health relative to excellent health. Each level increase in use 

of the internet as a health technology increases the odds of being in poor health relative to 

excellent health by 13.8 percent, the odds of being in fair health relative to excellent 

health by 20.7 percent, and the odds of being in good health relative to excellent health 
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by 12 percent. Given the nature of the questions used in index measuring internet use as a 

health technology, this may not be surprising since, similar to the second self-tracking 

variable, respondents may be preselected to have poorer overall health, which influences 

whether or not, and how, they use the internet as a health technology.  

 Age is significantly associated with higher odds of being in poor, fair, or good 

health relative to excellent health. Each one-year increase in age is associated with a 5.2 

percent increase in the odds of having poor relative to excellent health, a 3.1 percent 

increase in the odds of having fair relative to excellent health, and a 1.5 percent increase 

in the odds of having good health relative to excellent health. Thus, it also appears that 

age is more strongly associated with the odds of having poor or fair health relative to 

excellent health when compared to the odds of having good relative to excellent health. 

Overall, these results are not surprising as it makes sense of perceived self-reported 

health to be perceived less favorably (i.e. good or excellent) as someone gets older. 

 Education and total family income are significantly associated with the odds of 

having excellent health. Both variables show decreases in the likelihood of having poor, 

fair, or good health relative to excellent health. For each level increase in education there 

is a 23.3 percent decrease in the odds of having poor health relative to excellent health. 

The odds of having fair health relative to excellent health decrease by . 21 percent for 

each level increase in education. Each level increase in education decreases the odds of 

having good relative to excellent health by 8.7 percent.  

 Total family income follows a similar pattern as education. An interpretation of 

the odds ratios indicates that each level increase in total family income decreases the odds 
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of having poor relative to excellent health by 34.7 percent, the odds of having fair relative 

to excellent health by 24.6 percent, and the odds of having good relative to excellent 

health by 10.4 percent. Both education and total family income seem to be important for 

predicting the odds of having poor or fair health relative to excellent health. This may be 

due to education and income being important resources that can translate to better health, 

as well as there being a smaller “gap” between what is perceived as good health versus 

excellent health.  

Other control variables show significant associations, but only for some of the 

relative categories. Household size is only significant for the odds of having poor health 

compared to excellent health. The logged odds of having poor health increase by .366 for 

each level increase in household size which translates to a 44.2 percent increase in the 

odds of having poor health for each one level increase in household size. The effect of 

household size may be important as a predictor of poor health because it may be related 

to persons cohabiting in situations where one, or more, of the household members is 

acting as a caretaker. Nonwhites are 19.5 percent less likely to have good health 

compared to excellent health, meaning they report better health, but they are not more or 

less likely to have poor or fair health relative to excellent health than whites. Hispanics 

are 2.713 times as likely to be in poor health relative to excellent health and 1.355 times 

as likely to be in good health relative to excellent health as non-Hispanics. The effect of 

being Hispanic is not significant for fair relative to excellent health. Those with insurance 

are 1.387 times as likely to have good health as they are excellent health, but insurance 
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does not significantly predict the odds of having poor or fair health relative to excellent 

health.  

Employment status is not a significant predictor of the odds of the having poor 

relative to excellent health; however, it has an opposite effect on the odds of having fair 

relative to excellent health as it does on the odds of having good relative to excellent 

health. Full-time employees are 29.4 percent less likely to report fair health compared to 

excellent health, but 29.2 percent more likely to report good health compared to fair 

health. This may be due to full time employment having a form of a balancing effect, 

where the benefits of having full time employment act as a health buffer that helps ensure 

better health, while the additional work of having full-time employment also reduce the 

chances of someone feeling they have excellent health.   

Column 3b shows the results of the odds of having good relative to excellent 

health with interaction terms included. The interaction terms were not significant for the 

odds of having poor relative to excellent health or of having fair relative to excellent 

health. The interaction term for having an app and self-tracking for diet and exercise is 

not statistically significant, but the term for having an app and self-tracking for reasons 

other than diet or exercise is. The unique effect of self-tracking for other health indicators 

shows higher odds of being in good health rather than excellent health. However, self-

tracking for reasons other than diet or exercise and having a smartphone app is associated 

with less likelihood of being in good health instead of excellent health. In other words, 

smartphone app users that track for reasons other than diet or exercise and that have a 

smartphone app use are more likely to have excellent health, rather than just good. This 
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partly supports the hypothesis that smartphone app use is associated with better health, 

though the effect is not statistically significant for the poor health and fair health 

categories. Though this result provides some support for the hypothesis that smartphone 

apps are associated with better health, self-tracking for reasons other than diet or exercise 

is still contrary to the overall hypothesis regarding self-tracking and health because self-

trackers for reasons other than diet or exercise display a tendency towards good health 

over excellent health.  

The interaction term for of having an app and internet use is also significant. 

Internet use is positively associated with the odds of being in good health compared to 

excellent health. This effect is stronger for app users. For each one-unit increase in 

internet use for app users, the logged odds of being in good relative to excellent health 

increase by .219. This is contrary to the hypothesis that app use and internet use will 

interact to increase health; however; as mentioned for self-tracking for other reasons and 

internet health technology use, the reason for the increase in the likeliness of having good 

health rather than excellent health may have something to do with pre-selection. Persons 

who have an app and also use the internet as a health technology may be doing these 

things because of their health as a motivating reason rather than the other way around. 

The interaction term for having an app and being male is statistically significant 

as well. Having an app increases the odds of men reporting good health over excellent 

health compared to women and non-app-users. 
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OLS REGRESSION ON NUMBER OF HEALTH CONDITIONS 

 Health is analyzed with ordinary least squares regression in the second analysis 

since health, as measured by number of health conditions, can be treated as an 

interval/ratio variable. Bivariate correlations were run to detect issues of multicollinearity 

prior to regression analysis and are shown in Table 4. This revealed no multicollinearity 

problems. Initial analyses showed that there were 18 outliers that were removed from 

further analysis. Additionally, nonnormality presented an issue. Thus, the number of 

conditions index was log transformed using Lg10+1 to more closely approximate a 

normal distribution.  

 Five regression models are presented in Table 5. These models estimate the health 

as measured by number of conditions. Since a lower score means fewer conditions, better 

health is reflected by a lower score as opposed to a higher one.  

 Model 1 shows the regression model estimating health using app use as an 

independent variable. This model explains .3 percent of the variation in health. Having an 

app for health tracking is statistically significant. Those who have an app for tracking 

have fewer conditions, on average, than those who do not have an app for tracking. 

Model 2 includes app use and the self-tracking variables. Two of the three predictor 

variables -- having an app and self-track for reasons other than diet or exercise -- in 

Model 2 are statistically significant. Model 2 is a better model than Model 1 because it 

explains 11.8 percent of the variation in health compared to less than 1 percent in Model 

1. Those who have an app for tracking have better health, on average, than those who do 

not have an app (B=-.039, p<.001). Those who self-track for other health indicators have 
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Table 4. Bivariate Correlations of Variables Used in the Analysis 

  Number 

of 

Condition

s 

Has 

App 

Self-

Track 1 

Self-

Track 2 

Internet 

Use 

Cellpho

ne Use 
Age Male Education 

Number of 

Conditions 

 1.00         

Has App  -.055* 1.00        

Self-Track 1  .047* .163*** 1.00       

Self-Track 2  .334**** .048* .270*** 1.00      

Internet Use  .079*** .248*** .174*** .160*** 1.00     

Cellphone 

Use 

 -.193*** .305*** .031 -.114*** .277*** 1.00    

Age  .365**** -.149*** .039 .178*** -.087*** -.425*** 1.00   

Male  -.064*** -.062** -.046* .034 -.147*** -.017 -.026 1.00  

Education  -.070** .099*** .183*** .047* .211*** .099*** .155*** -.064** 1.00 

Income  -.074*** .102*** .132*** .013 .121*** .094*** .226*** .058** .413*** 

Household 

Size 

 -.016 .000 -.024 -.037 .038 .086*** -.167*** .019 -.085*** 

Nonwhite  -.007** .045* -.073** .026 .008 .171*** -.162*** .016 -.105*** 

Hispanic  -.092*** -.013 -.085*** -.079*** -.023 .074*** -.130*** .052* -.189*** 

Employed  -.161*** .097*** -.043* -.108*** .058* .219*** -.081*** .127*** .143*** 

Has 

Insurance 

 .117*** .062** .136*** .087*** .173*** .-.001 .296*** -.099*** .247*** 
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Table 4. Continued 

 Income Household 

Size 
Nonwhite Hispanic Employed  Has Insurance 

Number of 

Conditions 

      

Has App       

Self-Track 1       

Self-Track 2       

Internet Use       

Cellphone Use       

Age        

Male       

Education       

Income 1.00      

Household Size .067** 1.00     

Nonwhite -.183*** -.020 1.00    

Hispanic -.136*** .035 .240*** 1.00   

Employed .281*** -.017 .010 .012 1.00  

Has Insurance .367*** -.031 -.127*** -.170*** .153*** 1.00 
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Table 5. Regression Table Predicting Health (Number of Conditions), Pew Research 2012 

 Health (Measured in Conditions) 

 Model 1 Model 2 Model 3 Model 4 Model 5 

Variable B ß B ß B ß B ß B ß 

Constant .145*** 

(.005) 

 .111*** 

(.007) 

 .162*** 

(.012) 

 -.007 

(.024) 

 -.002 

(.024) 

 

Has App -.032* 

(.014) 

-.055 -.039*** 

(.013) 

-.066 -.020 

(.014) 

-.034 -.007 

(.013) 

-.012 -.086 

(.062) 

-.147 

Self-Track 

1 

  -.014 

(.010) 

-.035 -.017* 

(.009) 

-.042 -.011 

(.009) 

-.027 -.015 

(.009) 

-.038 

Self-Track 

2 

  .151*** 

(.010) 

.347 .136*** 

(.010) 

.313 .111*** 

(.010) 

.255 .118*** 

(.010) 

.272 

Cell Use     -.018*** 

(.003) 

-.171 -.001 

(.003) 

-.008 -.001 

(.003) 

-.007 

Internet 

Use 

    .007*** 

(.002) 

.092 .008*** 

(.002) 

.103 .007*** 

(.002) 

.097 

Age       .004*** 

(.000) 

.354 .004*** 

(.000) 

.354 

Male       -.012* 

(.002) 

-.036 -.014 

(.009) 

-.036 

Education       -.012*** 

(.003) 

-.110 -.012*** 

(.003) 

-.111 

Household 

Size 

      .012** 

(.015) 

.052 .011** 

(.005) 

.050 

Total 

Family 

Income  

      -.010*** 

(.002) 

-.124 -.010*** 

(.002) 

-.122 

Nonwhite       .015 

(.010) 

.032 .007 

(.011) 

.016 

Hispanic       -.037** -.062 -.037** -.061 
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(.013) (.013) 

Employed       -.023** 

(.009) 

-.060 -.023** 

(.011) 

-.059 

Has 

Insurance 

      .024* 

(.011) 

.050 .023* 

(.011) 

.048 

Has App x 

Self Track 

1 

        .037 

(.032) 

.058 

Has App x 

Self Track 

2 

        -.048* 

(.026) 

-.051 

Has App x 

Cell Use 

        .008 

(.011) 

.077 

Has App x 

Internet 

Use 

        .003 

(.005) 

.024 

Has App x 

Male 

        -.007 

(.025) 

-.009 

Has App x 

Nonwhite 

        .047* 

(.026) 

.047 

           

R2 .003  .118  .145  .263  .266  

F 5.472**  79.276**

* 

 60.108**

* 

 44.947**

* 

 31.913**

* 

 

N 1781  1781  1781  1781  1781  

Note: B (SE) = unstandardized estimate of the regression coefficient (and its standard error). ß = standardized estimate of the 

regression coefficient. 
*p≤.05, **p≤.01,***p ≤.001
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more conditions, on average, than those who do not self-track other health indicators 

(B=.151, p<.001). Self-tracking for weight, diet, or exercise, is not statistically 

significant. 

 Model 3 includes the variables from Model 1 and Model 2 and adds cellphone use 

and internet use. Model 3 is an improved model over Model 2 as it explains 14.5 percent 

of the variation in health. Having an app for tracking is no longer statistically significant 

in Model 3. Self-tracking for weight, diet, or exercise is statistically significant in this 

model at the .05 level. Self-trackers for this reason report better health than those who do 

not track weigh, diet, or exercise. Self-tracking for other health indicators remains 

statistically significant and retains its direction from Model 2. Cellphone use is 

statistically significant and negatively associated with conditions; thus, as cellphone use 

increases, health increases. Internet use is statistically significant and positively 

associated with conditions meaning as internet use increases, health decreases.  

 Model 4 includes all variables from the previous models and sociodemographic 

variables. Model 4 is a better fitting model than the previous models. It explains 26.3 

percent of the variation in health. Of the previous substantive variables, only self-tracking 

for other health indicators and internet use are statistically significant in Model 4, and 

both are consistent with the previous model in direction. Age is statistically significant 

and positively associated with number of conditions (B=.004, p<.001). Males report 

fewer conditions, on average, than females (B=--.012, p<.01). Education is negatively 

associated with number of conditions (B=-.012, p<.001). Household size is positively 

associated with the number of conditions (B=.012, p<.01). Total family income is 
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negatively associated with number of conditions (B=-.010, p<.023). Hispanics report 

fewer conditions on average than non-Hispanics (B=-.037, p<.01) and do the employed 

compared to the non-employed (B=-.023, p<.01). The insured report more conditions, on 

average, than the non-insured (B=.024, p<.05).  

Interaction terms are introduced in Model 5. Model 5 shows a statistically 

significant effect of interaction between having an app and self-tracking for other 

indicators and between having an app and nonwhite. The significant interaction term 

between having an app and self-tracking for other health indicators shows that having an 

app varies in effect for trackers versus non-trackers, where having a smartphone app 

moderates the effect of self-tracking. Self-trackers for reasons other than diet or exercise 

that also use apps have fewer conditions, on average, than non-self-trackers and non-app 

users because having an app mediates the effect of self-tracking. Having an app varies in 

effect on health between whites and nonwhites. Nonwhites who have an app have more 

conditions, on average, than nonwhite non-app-users. Though Model 5 includes 

interaction terms, Model 4 is the best fitting model for the data due to the principle 

parsimony.  

SUMMARY  

 The first hypothesis that individuals that have smartphone apps for self-tracking 

are more likely to report better health than those who do not have smartphone apps is not 

supported by the multinomial regression models on self-reported health. The OLS 

regression models partially support this hypothesis, but the effect of having an app 

disappears when demographics and interaction terms are considered in the models.  
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 The second hypothesis was presented in regards to the effects of self-tracking for 

health indicators and suggested that self-trackers would display better health than non-

self-trackers. Since there are two-self tracking variables, this hypothesis received some 

support, but was mostly contradicted by the second self-tracking variable. Self-tracking 

for diet or exercise has no significant effect on the odds of being in a higher category of 

health relative to poor health. When excellent was used as the reference category, self-

tracking for diet or health shows lower odds of being in a lower category than excellent; 

thus, there is a modest suggestion that self-tracking of diet or exercise may be associated 

with better health. When health is measured by number of conditions, however, self-

tracking for diet or exercise is only significant when included with technology use, but 

not when additional factors are considered. 

 On the other hand, self-tracking for other reasons was consistently associated with 

poorer health. When poor was considered the reference group for self-rated health, self-

trackers for reasons other than diet or exercise were less likely to belong to the fair, good, 

or excellent health categories than they were to the poor category. Likewise, when 

excellent health was used as the reference group, self-trackers for reasons other than diet 

or exercise were more likely to belong to the lower categories of poor, fair, or good 

health than they were to the excellent health category. Self-trackers for this reason also 

consistently showed a higher number of conditions, on average, than those who did not 

self-track for reasons other than diet or exercise. Overall, these results contradict the 

hypothesis that self-trackers tend to report better health than non-self-trackers.  
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Hypothesis three is that self-trackers who also have smartphones apps are more 

likely to report better health outcomes than self-trackers that do not have smartphone apps 

or those that do not track. When self-rated health is used as the dependent variable, having 

an app and self-tracking were not statistically significant predictors of having fair, good, 

or excellent health over poor health. Having an app and self-tracking for a reason other 

than diet or exercise did interact in a way that self-trackers for reasons other than diet or 

exercise are less likely to belong to the good health category than the excellent health 

category. The interaction term for having an app times self-tracking for other health 

indicators shows that having an app varies in effect for trackers who have apps compared 

to those who do not.  

Hypothesis 4 is that use of the internet as a health technology and smartphone apps 

use interact to affect health such that increased internet use has a greater positive effect on 

health for smartphone app users than non-app users. Internet use, by itself, appears to be a 

significant indicator of health in some situations, but is associated with poorer health 

outcomes. When combined with app use, the effect of internet technology use increases the 

effect of having an app and increases the odds of being in good health as opposed to 

excellent health. Thus, though there is only modest evidence, this hypothesis is 

contradicted by the results, or is not supported.  

Hypothesis 5 states that the use of cellphone technological features and use of 

smartphone apps interact to affect health such that increased cellphone technology use has 

a greater positive effect on health for smartphone app users than non-app users. Cell phone 

use alone shows a positive effect on health, and as cellphone use increased, health 
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outcomes did as well. It did not interact with smartphone app use, however; and therefore, 

this hypothesis was not supported by the data.  

The sixth hypothesis was that using a smartphone app for health is expected to show 

a stronger effect on health for women than men. Having an app was associated with lower 

odds of being in only good health compared to excellent for women, but the effect is weaker 

for men. Thus, there may be some differences between how app use differs in a way that 

promotes healthier outcomes for women. This relationship was not observed when poor is 

used as the reference category, or when conditions is used as the dependent health variable.  

Hypothesis seven states, using a smartphone app for health is expected to show a 

stronger affect for nonwhites than whites. This hypothesis is not well supported by the 

results but does receive some partial support. Nonwhites were more likely to be in good 

health than excellent health compare to whites, and this effect was stronger for nonwhites 

than whites. The interaction of having a smartphone app shows fewer conditions for 

nonwhite app users compared to whites. 

As would be expected, age tends to be associated with a decline in health in most 

of the models. On the other hand, education and income tend to show positive 

associations with health. Comparing the beta values for education and income also shows 

that income tends to be a slightly stronger predictor than education.  

Hispanics tended to display poorer overall self-reported health than non-Hispanics 

across the multinomial regression models, but fewer health conditions, Other control 

variables held tenuous relationships that were not consistent across methods and 

regression models. Household size is only significant for the odds of having poor health 
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compared to excellent health in the multinomial regression models. Household size also 

shows a positive relationship with health conditions, whereas the size of the household 

increase, number of conditions do as well. Employment was somewhat contradictory 

since full-time employees are 29.4 percent less likely to report fair health compared to 

excellent health, but 29.2 percent more likely to report good health compared to fair 

health. Full time employees were 22.8 percent less likely to have excellent health as 

opposed to poor health. Having insurance is associated with poorer health outcomes. 
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CHAPTER V 

CONCLUSION 

This chapter summarizes the findings of this study as they pertain to each of the 

hypotheses tested. A discussion of the implications of the findings follows. The final 

section highlights the limitations and directions for future research.  

SUMMARY OF THE FINDINGS 

 The purpose of this study is to investigate the relationships between smartphone 

apps and health outcomes in the general population of U.S. adults. Thirteen percent of the 

final sample of U.S. adults had a smartphone app for tracking health indicators. Sixty-two 

percent tracked weight or exercise, and 29 percent tracked an indicator other than diet or 

exercise.  

This study tests seven hypotheses. As the primary interest of this study, the first 

hypothesis that individuals who use smartphone apps for self-tracking are more likely to 

have better health than those who do not do so is not well supported by the data. 

Smartphone app use is associated with fewer health conditions when having an app is 

considered as a sole predictor of health conditions, and when self-tracking reasons are 

controlled for. The effect goes away when additional variables are considered, though. 

Therefore there is only partial support for this hypothesis. Part of the issue here may be 

that the smartphone app variable is a proxy measure and only relates to whether they 

have an app, as opposed to regularly using it. This is a limitation of secondary data and 
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using pregenerated questions and responses; the measures may have been a poor fit for 

the research question at hand. Even so, smartphone app use may not directly lead to 

improved health outcomes. 

The second hypothesis that individuals who self-track health indicators for any 

reason are more likely to have better health than those who do not track is mostly 

contradicted by the findings. Self-tracking for diet or exercise is not consistently 

associated with health outcomes in this research. Self-trackers for this reason display 

lower odds of belonging to a lower health category when compared to excellent health, 

i.e. they are more likely to be in the excellent health category. However, self-tracking for 

diet or exercise does not change the odds of being in a higher health category when 

compared to poor health. Self-tracking for other health indicators, however, is mostly 

consistent in being associated with poorer health outcomes. When compared to poor 

health, self-trackers for reasons other than diet or exercise are less likely to belong to a 

higher (fair, good, or excellent) health category and they are more likely to belong to a 

lower health category when compared to excellent health. Self-trackers of other health 

indicators also report more conditions, on average, than non-self-trackers.  

The third hypothesis is also not well supported by the results. Self-tracking and 

having a smartphone app were expected to interact in a way that self-trackers who had 

smartphone apps would display better health. The only support for this hypothesis comes 

from the odds of being in good health as opposed to excellent health and in self-tracking 

and health as measured by number of conditions. The unique effect of self-tracking for 

other health indicators shows that self-trackers are more likely to belong to the good 
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health category than the excellent health category. When smartphone app use is 

considered as an interaction term with self-tracking, however, the reverse is observed. 

Self-trackers for reasons other than diet or exercise that have smartphones apps show a 

tendency towards excellent health over good health than non-app users. Having a 

smartphone app also interacts with self-tracking in a way that moderates the relationship 

between self-tracking and health. Self-trackers that had smartphone apps have fewer 

conditions (better health) than self-trackers without smartphone apps.  

Technology use shows inconsistent results, but some of the findings warrant 

discussion, especially as they relate to the hypotheses four and five. Internet technology 

use, alone, does not significantly predict the odds of being in a health category above 

poor, and thus does not display an association with health in this manner. It does seem to 

predict the likelihood of belonging to the excellent category though. The odds of not 

being in excellent health increased with more internet use. Internet use also interacts with 

smartphone app use in a way that having a smartphone app increases the odds of being in 

only good health instead of excellent health compared to non-app users. Internet use is 

also positively associated with the number of conditions. The average number of health 

conditions increases with internet use.  

Cellphone technology use is a weaker predictor of health than internet use and 

does not say much about the relationship of this type of technology and health. Cellphone 

use is only negatively associated with health conditions when app use, self-tracking, and 

the technology variables are included. This effect disappeared when other factors were 

controlled for. The interaction terms using cellphone technology use are also not 
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significant here. There is no real support for the hypothesis that states “use of cellphone 

technological features and use of smartphone apps interact to affect health such that 

increased cellphone technology use has a greater positive effect on health for smartphone 

app users than non-app users.”  

There is some limited support for the hypothesis that having an app has a stronger 

effect for women. Women that have smartphone apps are less likely to be the good health 

category than excellent, but the effect of having an app is weaker for men. This is the 

only condition under which differences between men and women were observed. Men in 

this study report fewer conditions on average than women, though. Differences between 

men and women in how these types of technologies may be employed and the meanings 

they have of them have not been the subject of in-depth investigation. Though the results 

here only come from the top levels of health (good versus excellent), a small difference 

may be a meaningful starting point to assess whether there are differences in other 

situations as well.  

The final hypothesis that having a smartphone app for health is expected to show a 

stronger affect for nonwhites than whites is partially supported. For whites, having an app 

is not associated with better or worse health, but nonwhites that have an app had fewer 

conditions, on average, than whites. Racial and ethnic differences in the use of smartphone 

apps and health have not been researched much, if at all, in this new emerging field. What 

literature that does exist is related to smartphone use rather than health (Ramirez et al. 

2016; Wartella et al. 2016). Nonwhites appear to be more reliant on their smartphones and 

therefore smartphone apps may be of particular usefulness to health in this group compared 
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to whites. This is an important area that can be expanded upon in the future even in studies 

designed to specifically assess the effectiveness of different apps and interventions.  

Some of the control variables appeared as significant predictors of health. 

Increasing age is associated with poorer health. Education is associated with better health 

as is income. Hispanics do not fare as well on measures of self-reported health as non-

Hispanics. Household size and employment are, in some models, related to health. 

Household size is related to poorer self-reported health and more health conditions. 

Employment exhibited interesting relationships with self-reported health. The overall 

pattern of employment is difficult to untangle. Full-time employees are less likely to be in 

fair health than excellent health, but more likely to be in only good health compared to 

excellent health. Further, the odds of having excellent health instead of poor health are 

lower for full-time employees. Finally, having insurance is associated with poorer health 

outcomes.  

IMPLICATIONS OF THE FINDINGS 

The results call into question how prevalent smartphone app use is in the general 

population of U.S. adults. The overall use of smartphone apps in this sample is much 

lower than in other studies showing high smartphone app use (Krebs and Duncan 2016). 

Unlike the other studies, however, this is a nationally representative sample. Respondents 

were not recruited specifically from healthcare settings, and were not preselected as 

smartphone app users.  

Questions also still remain about as to what degree U.S. adults fit into a digital 

cyborg assemblage conceptualized by Lupton (2013) and whether this assemblage 
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improves health. There is little evidence here that smartphone app use leads to better 

health. This is unlike many other studies that show that better health related outcomes 

result from smartphone app use, but most of this research on the subject has looked at the 

use of specific applications and outcomes (Arsand et al. 2010; Bort-Roig et al. 2014; 

Dallinga et al. 2015; Fukuoka et al. 2010; Mattila et al. 2010; Riley et al. 2011; Stuckey 

et al. 2011). Since this study focuses on app use in general and general health outcomes, 

it may not be surprising that the results are not as supportive of the health benefits of app 

use as they would be in the more specific settings employed by other researchers. 

However, as Cho et al. (2014) noted, health consciousness appears to be an important 

motivator for app use. The most observable difference is between smartphone app users 

and self-trackers for reasons other than diet or exercise in the highest level of self-

reported health. This group is less likely to have good health as opposed to excellent 

health. Smartphone apps may be most relevant to health outcomes when health is of 

primary importance to the user. Their engagement in a digital cyborg assemblage may 

partly come from a desire to improve what they perceive as already being good health. 

Thus, the advantage of using these technologies appears as small increases in the better 

set of health outcomes rather than the poor or fair ones. 

 There is notable difference here in health outcomes based on the type of self-

tracking individuals engaged in. Research has established that diet, weight, and exercise 

are of primary importance to app users (Bert et al. 2014; Krebs and Duncn 2015). 

Because of this, there might be an expectation that self-tracking for diet or exercise is at 

least as important to health outcomes as tracking for other reasons. This is not the case 
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here. Self-tracking for diet and exercise is inconsistently associated with the health 

outcomes observed, though self-trackers for this reason do appear to be less likely to be 

in fair or good health compared to excellent. Self-tracking for other health indicators is 

mostly consistent in its associations with health. Self-trackers for this reason had less 

favorable health outcomes.  

 Some explanation for this difference in self-tracking outcomes may be found in 

the theories outlined earlier. Theoretical approaches to app use have been consistent in 

suggesting that there are different reasons that people may choose to track health 

indicators (Lupton 2014b, 2016; Neff and Nafus 2016; Rooksby et al. 2014). Even the 

notion of a cyborg assemblage or a quantified self where health benefits would be 

expected to be the result of adapting technology to improve self-awareness or health 

outcomes suggests that there must be a reason to try to accomplish these things (Lupton 

2013). Tracking for diet and exercise may be of primary importance to individuals when 

there are not other, more pressing, health issues that require tracking and the focus of 

tracking can be to monitor and evaluate (Neff and Nafus 2016). Therefore, the 

differences in health are observed between the lower categories of health compared to the 

highest.  

Self-tracking for other health indicators may be a result of a need, as opposed to a 

desire, to track these indicators. In the terminology of Neff and Nafus (2016), the focus of 

self-trackers for other reasons than diet or exercise may instead be on debugging a 

problem and to relieve discomfort associated with the problem as would be the case of 

tracking blood pressure for someone with high blood pressure or blood sugar levels for 
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someone with diabetes. In general, self-trackers of indicators other than diet or exercise 

had less favorable outcomes, but were better off if they had a smartphone only in the 

highest two levels of self-reported health. This may suggest that a smartphone app is 

most helpful for “debugging a problem” when health is already perceived favorably.  

In short, this all may have to do with the nature of the variable on self-tracking. 

Having to track for other health indicators may suggest poorer overall health is 

preselected for this indicator, because they would not track were it not for their health 

conditions. This suggestion is also in line with research on specific health outcomes for 

tracking where people take up tracking to solve a problem or to help with a condition 

(Bert et al. 2013; Krebs and Duncan 2015; Neff and Nafus 2016). Tracking blood 

pressure, sleep, sugar, intake, smoking etc. may have very different motivations than for 

tracking diet and exercise. Researching self-trackers of other health indicators with 

specific health conditions and apps designed to help with those conditions may lead to 

different outcomes than the ones observed here. In all, the results suggest that smartphone 

apps may be useful for specific interventions and settings, but not for general health 

outcomes. Though self-trackers, in general and for diet or exercise, may not show 

improvement in general health outcomes, self-trackers for other health indicators may be 

doing so for more specific reasons (Riley et al. 2011). Thus, the applications may be of 

more use to them in managing specific health problems. This would explain why self-

trackers for other health indicators that have apps tend towards the highest category of 

health over the one below it, and also have fewer conditions, though still more than non-

self-trackers. 
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Internet use and cellphone technology use within this study require careful 

interpretation. First, they were very different measures. The internet use variable 

measures how much an individual used the internet for health purposes, while the 

cellphone use variable refers mostly to how much an individual uses the features of their 

smartphone such as texting, taking pictures, or to access the internet. Only one of the 

indicators used to create the cellphone use index measured whether respondents used 

their cellphone to look up health information. Increases in internet use are associated with 

poorer health outcomes here, but cellphone use is not strongly associated with health 

outcomes. 

This may be very explainable. One could predict that more internet use could lead 

to better health through greater knowledge of illness or preventative measures because 

internet use may lead to increases in health literacy that can improve health outcomes 

(Berkman et al. 2011; Jiang and Beaudoin 2015; Sentell et al. 2014). Another take on 

this, however, is that internet use may be a vehicle through which users find knowledge 

about illnesses they have been diagnosed with and also gives them the ability to diagnose 

themselves or, at least, gives them knowledge about it to discuss with their doctor 

(Conrad and Stults 2010). The results here are also more consistent with research that 

shows internet use can be problematic and lead to poorer health outcomes (Bessiere et al. 

2010). Therefore, an increase in health conditions, and poorer overall health, with more 

internet technology use is not altogether surprising, though it contradicts the hypothesis 

presented.  
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 Unlike internet use, using more features of a smartphone seems to have little to do 

with health. In the models where it is significant, better health outcomes appear with 

greater use, but this is not a consistent result. This result, however, points more to the 

potential value of smartphones to health outcomes (Patrick et al. 2008) than to the 

potential pitfalls of high cellphone use ala Lepp et al. (2013). Since the underlying 

construct of the cellphone use variable is so different from the internet variable, the 

outcomes may have varied considerably had the cellphone use variable measured more 

components of using the cellphone for health related activities. 

 Considering humans as part of a digital cyborg assemblage and nonhuman 

network of technologies requires considering all of the nonhuman technologies, and not 

just app use. The results do contribute to this theoretical orientation. That internet use is 

significant, even if associated with poorer health outcomes, suggests some interaction of 

individuals with this type of technology for health purposes. General cellphone use seems 

less important, but again, was restricted to general use and not specific to health. Part of 

measuring an assemblage and network of technology may require that it be distinctly 

relevant to the potential outcome because when individuals are conceptualized as hybrid 

cyborgs, they would be seeking some type of advantage that is not immediately salient in 

the case of how a cellphone is used.  

 The results of the control variables warrant discussion. Age, education, and 

income show significant, but expected, associations with health. Age is part of the life 

course and it would be expected that as age increases, so do the chances of ill health. This 

is what is observed in this research. Education is often referred to as a foundation of good 
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health (Ross and Mirowsky 2010) that leads to better health outcomes, as is the case here. 

The same could be said for income, which generally goes along with education and social 

class, both powerful predictors of better health (Link and Phelan 2010). These results are 

not surprising since there is significant literature that supports them. 

 It is somewhat surprising that Hispanics did not fair as well as non-Hispanics 

since the literature contains a fair amount of information on the “Latino Paradox” where, 

despite lower education levels and average incomes, Latinos tend to fare as well as non-

Hispanic whites on measures of health, if not better (Dubowitz, Bates, and Acevedo-

Garcia 2010). Hispanics did fare better on the more objective measure of health 

conditions than non-Hispanics, though. Importantly, factors, such as immigration status, 

generational status, degree of assimilation or acculturation, or country of origin, related to 

this paradox and health outcomes are not studied here. Any, or all of these, may explain 

the observed effects. 

Household size having a relationship with poorer health outcomes requires some 

explanation as well. Belonging to a larger household might have a relationship with 

poorer health not due to the size of the household itself, but instead come from factors 

such as family members acting as caretakers and live-in relatives who belong to a larger 

household because of their health conditions. This relationship may also increase strain 

across the household as more members with health conditions can increase the overall 

household’s health and food security, though these possible effects are not considered 

here (Tarasuk, Mitchell, McLaren, and McIntyre 2013). 
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Employment correlates positively with health in the literature (Ross and 

Mirowsky 1995; Virtanen et al. 2005), but this not entirely the case in this research since 

full time workers appear less likely to be in excellent health than poor health. This may 

have to do with the selection of the reference groups of poor and excellent. The results 

may have varied had good health been used as the reference instead. 

The results for the control variables age, education, income, ethnicity, household 

size, employment, and insurance coverage have important implications for the theoretical 

dimensions of app use and health. Theories of app use are mostly occupied with the 

reasons for app use and what it means to use apps. These results demonstrate the relative 

importance of demographics to health outcomes, though, even when app and technology 

use are considered. What this means for the concept of a digital cyborg assemblage is 

that, while the human body can be viewed within a network of digital technologies, not 

everyone comes to this network from the same position. The human side of the 

assemblage comes with certain life conditions that must be factored in before considering 

how technology use can improve health outcomes and if, indeed, it does. 

 The specific aim of this study was to investigate the relationships between 

smartphone apps, self-tracking, and health in U.S. adults. Smartphone app use, by itself, 

was not a very strong or consistent predictor of health outcomes when other factors were 

held constant. It does appear to matter when the difference is between good and excellent 

health and coupled with self-tracking for other health indicators than diet or exercise and 

with internet use. Overall, there is little support here for the theoretical suggestion of a 

digital cyborg assemblage that helps improve health, but this is not to say it nonexistent. 
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It more shows that lines of theory about smartphone apps must be tested even more 

rigorously.  

 This being said, a key contribution of this study is the findings in the differences 

of the methods of self-tracking. There is a stark contrast in health outcomes between self-

tracking for diet or exercise and self-tracking for other health indicators. Though, it is 

well-established in the literature of this growing field that people have different reasons 

and meanings associated with tracking (Lupton 2016; Neff and Nafus 2016), this study 

finds strong evidence that there is a considerable difference between the two reasons 

included. Self-tracking for diet or exercise is not as consistently associated with health, 

though it points to better health when it is. Self-tracking of other health indicators, 

however, is associated with poorer health outcomes, though having a smartphone does 

seem to matter to these self-trackers. This is something that can be built upon in future 

research by untangling and differentiating the meanings behind tracking in measures 

designed to capture them. 

 Digital self-tracking appears to be more than a temporary trend as it is growing in 

frequency (Lupton 2016). It is becoming a more common consumer activity, and perhaps 

even more importantly, it has caught the attention of capitalist marketing and advertising. 

This being said, there is little here to base any type of policy recommendation upon. It 

seems inevitable that future research will hold some role in this, though, because data 

collection through smartphone apps and wearable technologies is a growing industry and 

big data is big money (Lupton 2016). Thus, it is important that research evolve to 
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encapsulate all of the important factors and to continue to test theoretical notions about 

digital tracking.  

This study is a step toward understanding, in a general population, how this type 

of technology may be used and how it relates to health outcomes. A step for future 

research would be to create a more detailed and precise survey of U.S. adults that allows 

for more direct measurement of app use and the meanings of this use.  

LIMITATIONS AND FUTURE RESEARCH 

 Several limitations of this study must be acknowledged and addressed in future 

research. First, the Mobile Health 2012 dataset does not contain an ideal measure for 

smartphone app use. A proxy about whether a respondent had an app was used to 

measure app use in this study because it was the only variable available. The use of this 

measure may have impact on the outcomes of this study. A more direct measure for 

smartphone app use should be included in future surveys and analysis.  

 Second, the measures of many variables also limited the methods of analysis. The 

methods were restricted to multinomial logistic regression and OLS regression rather 

than a more advanced method such as structural equation modeling because many of the 

questions were close-ended with yes/no answer choices. Several of the variables such as 

app use, self-tracking, and internet use may have a reciprocal relationship with health 

outcomes that could be observed with better measures. Future research can improve on 

this with better measures so that more advanced statistical analyses can be performed. 

Particularly, since demographic factors are significant here, a model that presents 

demographic factors as exogenous precursors to a digital assemblage of technologies 
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with health outcomes as endogenous variables would appear to be a worthwhile 

undertaking.  

Third, only a measure of smartphone app use (having an app) was available in this 

dataset. This leaves out a very important area of a conceptual digital cyborg 

assemblage—wearable technology (Lupton 2013, 2016; Neff and Nafus 2016). App use 

alone does not represent the full network of human and nonhuman technologies that 

make up the digital cyborg assemblage and thus may not accurately and reliably predict 

health outcomes. This is an important consideration for future researchers, especially as 

wearable technologies become more prevalent and supplant older, non-wearable 

technology.  

Fourth, there are notable theoretical suggestions that are not tested here that may 

make a difference in outcomes. Left unanswered is the question of why individuals use 

smartphone apps and whether they continue to do so and how this translates to health. An 

extended analysis of whether individuals track for private reasons to gain insight about 

themselves or if they belong to a community of trackers, or whether they are pushed into 

tracking voluntarily or required to track involuntarily (e.g. by employers) may provide 

interesting and substantive results (Lupton 2016). Further, future researchers could seek 

to untangle the meanings behind the use as Rooksby et al. (2014) and Neff and Nafus 

(2016) have sought to do. Why someone engages in tracking may be as important as, or 

more important than, the use of an app.  

In summary, results here suggest that future research must build upon theory and 

studies such as this to develop reliable and accurate measures of app use, technology, and 
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health. This would likely improve the accuracy of empirical tests. Essentially, the 

theories, such as the digital cyborg assemblage (Lupton 2013), presented thus far need to 

be consolidated with data. This requires study design that specifically tests the concepts 

presented in the theories. Despite some significant limitations, this study provides some 

insight into important factors that can be used to create more complex models with better 

measures. Other possible indicators must be considered as well. Trust in app privacy 

seems to be quite high (Krebs and Duncan 2015), but concern over privacy issues may be 

a limiting factor in app use when individuals are aware of them. Finally, wearable 

technology must be considered as part of the nonhuman network to accurately assess the 

implications of a digital cyborg assemblage. 
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Self-reported health: 

In general, how would you rate your own health excellent, good, only fair, or 

poor? 

Number of health conditions: 

Are you now living with any of the following health problems or conditions? 

 Diabetes or Sugar Diabetes 

 High Blood Pressure 

 Asthma, bronchitis, emphysema, or other lung conditions 

 Heart disease, heart failure or heart attack 

 Cancer 

 Any other chronic health problem or condition I have already mentioned 

Smartphone app use: 

 On your cell phone, do you happen to have any software applications or ‘apps” 

that help you track or manage your health, or not? 

Self-tracking 1: 

Now thinking about your own health… Do you currently keep track of your own 

weight, diet, or exercise routine, or is this not something you currently do?
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Self-tracking 2: 

How about any other health indicators or symptoms? Do you happen to track your 

own blood pressure, blood sugar, sleep patterns, headaches, or any other 

indicator? 

Internet Use: 

Have you ever looked online for information about… 

 A specific disease or medical problem? 

 A certain medical treatment or procedure? 

 Health insurance, including private insurance, Medicare or Medicaid? 

 Pregnancy and Childbirth? 

 Food Safety or Recalls? 

 Drug Safety or Recalls? 

 Medical Test Results? 

 How to lose weight or control your own weight? 

 How to reduce your health care costs? 

 Caring for an aging relative or friend? 

 A drug you saw advertised? 

 Any other health issue? 

Cellphone Use: 

Do you ever use your cell phone to… 

 Send or receive e-mail? 

 Send or receive text messages? 
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 Take a picture? 

 Access the internet? 

 Look for health or medical information online? 

 Check your bank account or do any online banking? 

Age 

What is your age? 

Household Size 

How many adults currently live in your household, including yourself? 

Education 

What is the highest level of school you have completed or the highest degree you 

have received? 

Employment 

Are you now employed full-time, part-time, retired, or are you not employed for 

pay? 

Hispanic 

Are you, yourself, of Hispanic or Latino origin or descent, such as Mexican, 

Puerto Rican, Cuban or some other Latin American background? 

Race 

What is your race? Are you white, black, Asian, or some other race? 

Income 

Last year – that is in 2011 – what was your total family income from all sources 

before taxes? 
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Insurance 

Are you now personally covered by Private health insurance offered through an 

employer or union? 




