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Who are mobile app users from healthy lifestyle websites?
Analysis of patterns of app use and user characteristics
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Abstract

The use of online communities and websites for health
information has proliferated along with the use of mobile
apps for managing health behaviors such as diet and
exercise. The scarce evidence available to date suggests
that users of these websites and apps differ in significant
ways from non-users but most data come from US- and
UK-based populations. In this study, we recruited users of
nutrition, weight management, and fitness-oriented
websites in the Czech Republic to better understand who
uses mobile apps and who does not, including user
sociodemographic and psychological profiles.
Respondents aged 13-39 provided information on app
use through an online survey (n = 669; M age = 24.06, SD
= 5.23; 84% female). Among users interested in health
topics, respondents using apps for managing nutrition,
weight, and fitness (n = 403, 60%) were more often
female, reported more frequent smartphone use, and
more expert phone skills. In logistic regression models,
controlling for sociodemographics, web, and phone
activity, mHealth app use was predicted by levels of
excessive exercise (OR 1.346, 95% Cl 1.061-1.707, p <
.01). Among app users, we found differences in types of
apps used by gender, age, and weight status. Controlling
for sociodemographics and web and phone use, drive for
thinness predicted the frequency of use of apps for
healthy eating (3 =0.14, p<.05), keeping a diet (3 =0.27,
p ¢.001), and losing weight (8 = 0.33, p <.001), whereas
excessive exercise predicted the use of apps for keeping
a diet (3 =0.18, p<.01), losing weight (3 =0.12, p <.05),
and managing sport/exercise (3 = 0.28, p <.001).
Sensation seeking was negatively associated with the
frequency of use of apps for maintaining weight (3 = —
0.13, p<.05). These data unveil the user characteristics of
mHealth app users from nutrition, weight management,
and fitness websites, helping inform subsequent design
of mHealth apps and mobile intervention strategies.
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The popularity of using the internet as a source of
health information has been increasing in tandem with
increased access to the internet. In the USA, 59% of
adults say that they have searched for information
about health online [1], and similarly, nearly two

Implications

Practice: Any potential intervention efforts utiliz-
ing mobile apps and targeting users of healthy
lifestyle websites should consider underlying user
characteristics such as gender, age, and weight sta-
tus in selection of mHealth apps as well as consider
the underlying psychological needs of users. App
designers should incorporate user profiles in the
design of mHealth apps to facilitate tailoring of app
features to maximize their effectiveness as well as
minimize any possible negative impact on users
with different predispositions.

Policy: Standards for development of mHealth
apps should include evaluation for potential to lead
to psychological or behavioral vulnerabilities to
avoid causing or exacerbating any maladaptive
health behaviors in predisposed users.

Research: There are differences between app
users and non-users of mHealth apps. Whereas
some user characteristics such as excessive exercise
or drive for thinness may help motivate app use,
they should also be evaluated for potential to inter-
act with mHealth app use in terms of leading to
psychological harm or maladaptive health
behaviors.

thirds of Europeans say that they have looked for ways
to improve their health online in the past 12 months
[2]. This is encouraging and has been lauded for its
potential to empower individuals to take charge of
their own health and lifestyle choices. Individuals
can now seek health information online [3], obtain
online support from peers (e.g., via online health fo-
rums) [4, 5], or take part in intervention programs
delivered fully online [6]. This, combined with inter-
net access now readily available to most on their
mobile devices and the explosion in the development
of mobile health (mHealth) apps, means that the po-
tential reach and impact of health promotion efforts
have never been greater.

Indeed, mobile apps are now commonly incorpo-
rated in the design of health promotion programs
(both face to face as well as online) and the mobile
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app market has been growing exponentially [7].
Resulting from this boom are efforts to carefully eval-
uate the “science” behind mobile apps to ensure their
components reflect evidence- and theory-based prin-
ciples of behavior change to maximize their effective-
ness [8-10]. Less encouraging, nonetheless, are statis-
tics regarding the actual use (especially sustained use)
of mobile apps to track health and related behaviors.
Case in point, although seven in ten Americans track
some data about their health, few (9%) actually use
online tools or mobile apps for the tracking, with half
tracking information in their heads and third in pen
and paper instead [11]. Additionally, when individuals
have mobile apps on their phone, only 68% say that
they use them and most are used just once and then
deleted [12]. Unfortunately, research into who the app
users are, how they differ from non-users, their pat-
terns of app use, and factors that may predict app use is
limited, although such data could prove valuable in the
process of app development and tailoring of mHealth
intervention efforts [13, 14]. More concretely, knowl-
edge of factors that make one more likely to use apps
such as level of digital literacy should be taken into
account when designing and marketing mHealth apps
to target audiences [2, 14]. Similarly, understanding
personal characteristics that could predispose one to
benefit more from specific app content or that could
put one at risk for harmful effects from specific app
content would be useful in tailoring app content for
optimal effectiveness [15]. One can hypothesize, for
example, that personality traits such as conscientious-
ness may facilitate compliance with mHealth apps and
higher responsiveness to features that support plan-
ning and goal attainment. On the other hand, individ-
uals high in neuroticism or having high drive for thin-
ness could be at potential risk for negative outcomes
from app features emphasizing behavioral goals such
as weight loss [16, 17]. In this study, we specifically
focus on users of nutrition, weight-management, and
fitness-related websites (later referred to as healthy
lifestyle websites) from the Czech Republic to ad-
dresses two key limitations in the existing mHealth
literature: (1) a limited understanding of general user
(sociodemographic) and psychological characteristics
linked to mHealth app use and (2) homogenous data
sources limiting the generalizability of findings beyond
the Anglo-American context.

Generally speaking, mobile app users tend to be
young, have above average education and income
levels, and reside mostly in urban or suburban areas
[12]. The profiles of mHealth app users more specifi-
cally are mapped mostly through industry analysis of
mHealth consumers with the intent to size up the
mHealth market as opposed to increasing understand-
ing about the population of app users and their app use
behavior. These reports are also rarely accessible to
non-industry audiences or without paying a fee. We
found only few scientific studies that have attempted to
directly profile mHealth app users. In a survey of adult
mobile phones users in the USA [18], 58% have
downloaded an mHealth app at some point with the

most common goals being to track physical activity
(53%), eating (48%), for weight loss (47%), or learning
to exercise (34%). Although respondents in this survey
reported being interested in a number of app features
including behavior goal tracking, medical monitoring,
and consultation, few used all these features and the
discontinuation rates were high (46%). Only few asso-
ciations with user characteristics were reported with
those downloading mHealth apps being younger, La-
tino/Hispanic, with higher income and education, and
obese [18]. Whether there were differences in user
characteristics by type of mHealth app or in preferred
features was not investigated in this study.

Recently, Bhuyan et al. [19] have used data from the
Health Information National Trends Survey (HINTS)
conducted by the National Cancer Institute to evaluate
mHealth use across different health-related behaviors
among US adults. They found that nearly 36% of
smartphone or tablet owners had an mHealth app,
using it for achieving health-behavior goals (60%),
medical decision-making (35%), or using it to commu-
nicate with healthcare providers (38%). In terms of
demographic profiles, mHealth app users resembled
app users more generally by being younger, non-
Latino White, married, educated, with higher income,
having medical coverage and a healthcare provider,
being relatively healthy, from urban areas, and having
confidence to take care of themselves. Findings indi-
cated differences in the use of different types of
mHealth apps and key user characteristics. Specifical-
ly, older individuals were less likely to use apps to
reach behavioral goals, but obese individuals were
more likely to use such apps compared to underweight
individuals. Individuals aged 35-44, African Ameri-
cans, and non-smokers were more likely to use apps
for medical decision-making as compared to those
younger than 35, those being White, and smokers,
respectively. Those aged 65 and above, African Amer-
icans, and those with a regular healthcare provider
were more likely to use apps to seek physician’s sec-
ond opinion. Whether additional user factors such as
psychological characteristics predispose individual to
differential use of mHealth apps could not be
ascertained from this study.

The scarcity of data on mobile app use patterns and
app user characteristics is in contrast with the importance
that is typically placed on user perspectives by technolo-
gy acceptance and usability theoretical models that em-
phasize the involvement of user input and consideration
of user characteristics along the app development process
[20-22]. For example, in the Unified Theory of Accep-
tance and Use of Technology model [22], user character-
istics such as gender, age, or experience level are hypoth-
esized to moderate the effects of social cognitions such as
performance and effort expectancy, social influence on
intentions to use technology, or the effects of facilitating
conditions on usage itself. Understanding more about
user characteristics linked to mHealth app use could
reveal important individual difference variables in recep-
tiveness to different mHealth app features or intervention
strategies [23]. In addition to sociodemographic factors
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[24], psychological characteristics could either predispose
individuals to benefit from their use or put them at risk
for negative consequences by influencing what type of
information/features one attends to, how one processes
that information, and subsequently uses the information/
features to self-regulate own behavior [25, 26]. For exam-
ple, individual traits such as neuroticism could predispose
one to benefit differentially from mHealth apps
supporting weight loss or exercise behavior [16, 17].
Highly neurotic individuals are more likely to engage
in problematic health behaviors such as extreme dieting
or excessive exercise [27], which could be theoretically
facilitated by use of mHealth apps. Unfortunately, there is
little data on the associations between mHealth app use
and psychological characteristics of its users, although
different aspects of personality have been linked to dif-
ferent features of persuasive technologies [28, 29] and
social cognitions (e.g., behavioral control, barriers, atti-
tudes) being predictive of technology uptake outcomes
(e.g., intention to use apps [30] or intensity of mHealth
app use [23]).

Importantly, data on mHealth app use or user charac-
teristics involve predominantly US- and UK-based pop-
ulations, limiting the generalizability of the findings to
contexts that may differ culturally in rates of technology
use, societal support for use of technology towards
achieving health outcomes, or more specifically in con-
sumer behavior towards mHealth solutions. The 2016
Global Internet Report by the Internet Society [31] re-
ports that there are now 3.2 billion internet users world-
wide; nonetheless, the growth rates of internet penetra-
tion are slowing and use varies by region. For example,
82% of Europeans and 89% of individuals in the USA
use the internet, compared to 60% in Brazil, 39% in
Nigeria, or 22% in India [32, 33]. Corresponding figures
for smartphone ownership are 67% in Europe, 72% in
the USA, 42% in Brazil, 28% in Nigeria, and 17% in
India. Specific information on user characteristics linked
to mHealth use, in particular, is however scarce and
limited largely to the US population (as per the reports
by Bhuyan et al. [19], and Krebs et al. [18]).

To this end, we present data obtained from Czech
users of healthy lifestyle websites to evaluate individ-
ual factors (sociodemographic and psychological)
linked to mHealth app use. In the Czech Republic,
located in central Europe, 82% of the population are
internet users (figure representing the European aver-
age and a 14th ranking among the 28 European coun-
tries) [32]. The figure grows beyond 90% among those
that are young, educated, or economically active. Four
in ten Czech users access the internet via their cell
phones. Although falling in the mid-range among Eu-
ropean countries and lacking behind the US, the
Czech Republic has the highest mobile phone pene-
tration in central Europe [34], with rates of usage
increasing dramatically in recent years [35]. In terms
of health profile, the Czech Republic has comparable
life expectancy with the US (82 for the Czech Republic
versus 81.2 for the US), but on average, fewer Czechs
self-rate their health as good or very good as compared
to the US but on par with countries such as Hungary or

Norway [36]. Obesity rates in the Czech Republic
stand at 33%, the highest in Europe but it is compara-
ble to the US, with 29% of the Czech population
insufficiently active (compared to 32% in the region
of Americas) [37].

As part of a study on the role that digital technolo-
gies play in supporting healthy lifestyles, Czech users
from different healthy lifestyle websites were recruited
for a survey on their website and mobile app use. The
primary objective of this study was to examine the
general pattern of mHealth app use among this popu-
lation. To achieve this goal, we intend to (a) evaluate
differences between mobile app users and non-users
with respect to sociodemographic factors and selected
psychological characteristics, (b) to examine the pat-
terns of app use among app users, and (c) to examine
associations between different aspects of app use and
sociodemographic and psychological factors.

Method

Participants

Participants were recruited as part of study (THINLINE)
examining the role digital technologies play in
supporting healthy lifestyles including diet, weight loss,
and exercise and sport behaviors among young adults.
Individuals seeking information specifically on lifestyle
choices, such as diet, nutrition, or physical activity, make
up nearly three quarters (74%) of those looking for health
information online [2] and represent a population with
arguably at least some level of motivational readiness to
seek information about their health, to actively sustain
specific eating and exercising oriented lifestyle, and/or to
undertake behavior change. By specifically targeting
users of healthy lifestyle websites, i.e., those who are
already using technology (i.e., the internet), we were able
to reach individuals with sufficient digital literacy (e.g., to
seek health-related information online) and who may
thus be more inclined to use technology-mediated inter-
vention strategies (including mobile apps) to improve
their health or reach behavioral goals.

The inclusion criteria were age 13-39 and current use
of websites targeting nutrition, weight loss, and exercise
or sport. The online survey was initiated by 1143 users.
Data from 141 respondents were discarded due to stating
that they do not use the internet, phone, or websites we
inquired about (z = 11), filling in only page one and
providing low-quality data (n = 107), and having low-
quality data (low number of items answered, conflicting
responses, and suspect/unreliable times spend on an-
swers) (n=23). Out of the resulting 1002 users, for this
study, we analyzed data from 669 respondents aged 13-
39 who provided information on app use and reached
the final page of the survey which contained some of the
measures of individual characteristics used in this study.
There were no differences in sociodemographic charac-
teristics including age, income, or education between
those included in the analysis and those excluded due
to missing data. Slightly fewer males have reached the
final page of the survey as compared to females (63%
versus 71%, p < .05). The final sample (r = 669; M
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age = 24.06, SD = 5.23) consisted of 403 self-identified
app users (i.e., those stating they use apps on their
smartphone related to healthy lifestyle such as dieting,
weight management, sport/exercise, or for improving
health status) and 266 non-users (i.e., those stating they
do not use apps on their smartphone related to healthy
lifestyle).

Measures

Background information-Basic demographic informa-
tion was collected including age, gender, household
income, education, and nationality. Given the mixed
age sample, participants ranked household income
level by selecting one of the following response op-
tions: “It is not enough to cover all expenses,” “Just
covers all expenses,” “It covers all expenses, it is not a
problem for me/us,” and “It is high, we do not have to
worry about expenses.” We recoded that self-reported
highest education attained for respondents younger
than 26 to reflect parents’ education level, except for
cases in which respondents aged 18-26, had higher
attained education than their parents.

Information on website and app use—Respondents rated
the frequency of internet and smartphone use follow-
ing two separate questions “How often do you use the
internet/smartphone?,” with response options never
(=1), several times a month (=2), several times a week
(=3), almost daily (=4), and daily (=5). Two separate
questions “How much advanced a user are you of the
internet/smartphones?” measured level of internet
and smartphone use skills on a scale ranging from
beginner (=1) to expert (=8).

The question “How often do you visit websites regard-
ing nutrition, weight loss, or exercise and sport?” mea-
sured the frequency of website visits. Respondents
answered with respect to three types of websites, i.e.,
those focused on “nutrition (e.g., relating to specific
diets, and healthy meals),” “weight loss (e.g., diets or
instructions on how to lose weight),” and “exercise or
sport (regarding your exercise or sport, but not, e.g.,
following the results of professional athletes).” Re-
spondents answered on a 6-point scale with the re-
sponse options: never (=1), almost never (=2), several
times a month (=3), several times a week (=4), almost
daily (=5), and daily (=6). Additionally, respondents
indicated their activity on these websites by answering
yes/no to whether they add evaluations, add com-
ments, share content on their profiles, add content to
sites, or talk with other people. The yes responses were
summed to indicate intensity of website activity.

With respect to apps use, we asked respondents if they
use special applications/programs on their
smartphone helping with the following goals: healthy
eating, keeping a diet, losing weight, gaining weight,
maintaining your existing weight, sport or exercise,
and/or improving the status of their health. Respon-
dents then rated their use on a 6-point scale with the
response options: never (=1), almost never (=2), sev-
eral times a month (=3), several times a week (=4),
almost daily (=5), and daily (=6). Additionally, we also

asked app users to rate how important general app
features (monitoring activities, planning activities,
sharing activities with others, competing with others,
communicating with others) were to them on a scale
ranging from completely unimportant (=1) to
completely important (=6).

Individual characteristics—We assessed several individ-
ual characteristics to represent those that could impact
app use beyond the sociodemographic variables:

Body mass index—Self-reported weight and height
were collected to compute body mass index (BMI)
(weight[kg] / height/m?]) and derive categories of un-
derweight, normal weight, and overweight/obese indi-
viduals based on WHO’s international classification
and adjusting based on gender and age for respondents
13-18 using the IOTF guidelines [38].

Drive for thinness—Seven items from the subscale
Drive for thinness from the Eating Disorder
Inventory-3 (EDI-3 [39]) answered on a 6-point scale
ranging from never (=1) to always (=6) were used. The
scale was computed by averaging the items, with
higher scores indicating higher drive for thinness (in-
ternal consistency was good with Cronbach’s o = .85).

Excessive exercise=Five items from the subscale Exces-
sive exercise from the Eating Pathology Symptoms
Inventory Scales (EPSI [40]) answered on a 5-point
scale ranging from never (=1) to very often (=5) were
used. The scale was computed by averaging the items,
with higher scores indicating greater tendency for ex-
cessive exercise (internal consistency was good with
Cronbach’s o = .87).

Sensation seeking—Four items from the Brief Sensa-
tion Seeking Scale-4 (BSSS-4 [41]) were used. The
items were “I would like to explore strange places,”
“I like to do frightening things,” “I like new and
exciting experiences, even if I have to break the rules,”
and “I prefer friends who are excitingly
unpredictable.” Items were rated on a 4-point scale
ranging from definitely does not apply (=1) to definite-
ly applies (=4). The scale was computed by averaging
the items, with higher scores indicating higher sensa-
tion seeking (internal consistency was good with
Cronbach’s o = .81).

Neuroticism—Three items from the short 15-item Big
Five Inventory (BFI-S [42]) were used. The items were
“I worry a lot,” “I get nervous easily,” and “I remain
calm in tense situations” (reverse scored), answered on
a 6-point scale ranging from definitely does not apply
(=1) to definitely applies (=6). The scale was computed
by averaging the items, with higher scores indicating
higher neuroticism (internal consistency was accept-
able with Cronbach’s o = .71).

All psychological measures were translated by Ph.D.
level psychology scientists with expert knowledge of
English.

Procedure
The study utilizes data from visitors of websites fo-

cused on nutrition, weight loss, and exercise collected
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as part of a project on eating behaviors in the context
of internet and technology use. The university Re-
search Ethics Committee approved the study. The data
were collected via online survey between May and
October 2016. For participant recruitment, we
approached Czech websites oriented on eating habits,
exercising, dieting, and weight loss with a request to
publish an invitation for study participation. Partici-
pants were motivated by the chance to win one of five
vouchers for an e-shop in the amount of 40 euros each.
In total, 65 websites agreed and published the
invitation.

Statistical analysis

Basic descriptive statistics were run including means,
standard deviations, and frequencies to describe the
demographic and internet/app use patterns of the re-
spondents in the resulting sample. To analyze differ-
ences between users and non-users of mobile apps,
independent sample ¢ tests and chi-square difference

tests were conducted. Additionally, logistic regression
was conducted to identify significant predictors of app
use based on respondents’ individual characteristics.
To further describe the subgroup of app users, we
conducted chi-square difference tests, ¢ tests, and
ANOVAs to analyze differences in app use based on
age, gender, and weight status. Finally, we conducted
hierarchical regression analyses to identify correlates
of frequency of app use by type and different
sociodemographic and psychological characteristics.
Due to the non-normal distribution of the data, these
analyses were conducted in Mplus.6 using maximum
likelihood estimation with robust standard errors and a
Satorra-Bentler scaled test statistic (MLM).

Results

Sample description
Among the 669 respondents who completed the sur-
vey, the majority were females (84%) with slightly

Table 1| Demographic characteristics and general website use of the sample

Variable Missing Total App users App non-
cases/% sample users
(N=669) (n=403) (n=266)
Mean (SD) Mean Mean
(SD) (SD)
Age 0/0 24.06 (5.23) 23.80 (5.25) 24.45 (5.19)
Self-rated internet skills 4/0.6 6.20(1.15) 6.22(1.16) 6.16(1.14)
Self-rated smartphone skills** 15/2.2 5.55(1.67) 5.97(1.25) 4.90(2.01)
Intensity of activity on websites* 17/2.5 1.79(0.71) 1.84(0.71) 1.71(0.71)
Body mass index* 32/4.8 23.08 (4.31) 22.79 (3.99) 23.52 (4.72)
Weight status category (age/gender matched % % %
based on BMI percentile)
Underweight 32/4.8 6.3 6.3 6.3
Normal weight 70.0 71.4 68.0
Overweight 16.8 17.2 16.2
Obese 6.9 5.2 9.5
Gender** 0/0 83.6 female 87.1 female 78.2 female
Education
Primary 7/1.0 0.3 0.3 0.4
Secondary 39.3 40.0 38.2
Tertiary 60.4 59.8 61.5
Household income
Not enough to cover all expenses 3/0.4 2.4 1.7 3.4
Just covers all expenses 29.9 29.2 30.9
Covers all expenses, not a problem 60.7 60.8 60.4
It is high, no worry about expenses 7.1 8.2 5.3
Nationality
Czech 0/0 91.9 92.3 91.4
Slovak 7.5 7.4 7.5
Other 0.6 0.2 1.1
Daily/almost daily frequency of visits to websites
Nutrition websites*** 0/0 46.9 52.1 39.1
Weight loss websites*** 16.9 20.8 10.9
Exercise or sport websites*** 37.2 42.9 28.6
Daily frequency of internet use 0/0 88.6 90.6 85.7
Daily frequency of smartphone use*** 0/0 80.1 89.8 65.4

Note. Statistically significant difference at *p<.05, **p<.01, ***p<.001
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Table 2 | Psychological characteristics of the sample

Variable Missing cases/% Total sample App users App non-users
(N=669) (n=403) (n=266)
Mean (SD) Mean (SD) Mean (SD)
Excessive exercise* 3/0.4 3.03 (0.95) 3.21 (0.88) 2.77 (1.01)
Drive for thinness* 16/2.4 3.19 (1.20) 3.34 (1.15) 2.97 (1.24)
Sensation seeking 3/0.4 2.75 (0.76) 2.76 (0.75) 2.74 (0.77)
Neuroticism 6/0.9 3.60 (1.18) 3.67 (1.19) 3.50 (1.15)

Note. Statistically significant difference at *p<.001

more than half of the sample stating having achieved
primary or secondary education (58%). The majority
(60%) of the sample also stated having sufficient level
of household income (i.e., covering most expenses),
being Czech nationals (92%), and using the internet
and smartphones on a daily basis (89 and 80%, respec-
tively). The respondents self-rated their skill level with
the internet and smartphone use relatively high
(M=6.2, SD=1.2 and M= 5.6, SD= 1.7, respectively,
on a scale ranging from 1 “novice” to 8 “expert”). The
self-reported frequency of visits was the highest for
nutrition websites with 47% of respondents visiting
these sites almost daily or daily, 14% several times a
week, and 29% several times a month (detailed over-
view of sociodemographic and web/app usage can be
seen in Table 1).

App users versus app non-users

There were no statistically significant differences be-
tween app users and non-users relative to age, income,
or education. Nonetheless, there were proportionately
more women among app users compared to non-users
(87% versus 78%; x,° =9.241, p<.01), and as expect-
ed, app users reported more frequent use of their
smartphones (y,” = 105.193, p<.001) and rated their
smartphone skills as significantly better ({50 = 8.395,

p < .001) as compared to non-users. There were no
differences in the frequency of internet use or rating of
internet skills between the two groups but app users
were generally more frequent users of all types of
websites (nutrition, weight loss, and sport/exercise)
and were engaging in more activity on the websites
as well (See Table 1). Although app users had slightly
lower BMI than non-users ({535 = 2.120, p<<.05), there
were no differences among the groups based on rep-
resentation in weight status categories reflecting age-
and gender-specific norms [38].

When comparing app users and non-users in
terms of psychological characteristics, app users
scored significantly higher on scales assessing exces-
sive exercise and drive for thinness than app non-
users (See Table 2). To see whether psychological
characteristics predict app use beyond
sociodemographic factors, we conducted a logistic
regression analysis. Controlling for gender, age, ed-
ucation, income, BMI, self-rated smartphone skills,
frequency of website visits, and intensity of website
activity, the use of apps for managing healthy life-
style was predicted by levels of excessive exercise
(OR 1.289, 95% CI 1.021-1.628, p < .01). Individ-
uals with higher levels of excessive exercise were

more likely to report using apps (Table 3).

Table 3 | Logistic regression predicting mobile app use

B S.E. Sig. Exp(B) 95% C.I. for EXP(B)
Lower Upper

Block 1
Gender 0.65 0.28 0.01 1.96 1.11 3.36
Age 0.00 0.02 0.99 1.00 0.96 1.04
Income 0.09 0.16 0.57 1.09 0.81 1.48
Education -0.06 0.20 0.75 0.94 0.64 1.38
BMI - 0.04 0.02 0.09 0.96 0.91 1.01
Smartphones skill 0.40 0.06 0.00 1.49 131 1.68
Intensity of website activity 0.17 0.14 0.22 1.19 0.90 1.56
Frequency of website visits 0.25 0.11 0.02 1.29 1.04 1.60

Block 2
Excessive exercise 0.25 0.12 0.03 1.29 1.02 1.63
Drive for thinness 0.08 0.10 0.42 1.08 0.89 1.31
Sensation seeking -0.11 0.13 0.42 0.90 0.69 1.17
Neuroticism 0.08 0.09 0.37 1.08 0.91 1.28

Block 1 Nagelkerke R=0.20

Total Nagelkerke R=0.22

TBM



(-4
<<
[T
¥T]
(-4
<<
=
2
(-5
(=]

(9=) Aitep “(5=)

Allep Jsowie ‘(7=) 39am  Sall[} |BIDAIS “(£=) YIUOW © Sa} |BIDAIS ‘(=) JaARU Jsow]e ‘(T=) JaAau 0} Sulpuodsaliod se pajaidiajul aq pinoys sanjea Aouanbal4 *s)sa} adualayip aienbs-1yd Juedyiusis Ajjednsiels 10a))a1 pjoq ui pajysiysiy suosuedwod dnois oA

(I E4N4 wzT) 16T (T0°T) 29T e'T) S6°T 8z'1) L6°T (GREER? (¢v'1) 1€ #2'1) 68°1 snjels yyeay suiroiduwi
(0z'1) €6°C (Tz'T) Y0'e (60°T) £9°C 61T°1)ETE (rz'T) €0'¢ (01°'T) 06°C (€€'1) 00°€ (61°1) C0°E 951249%3 10 Hods
(90°T) 87’1 onwot (¥'1)00C #0'1T) ¥S'T @newot GO0 TLT (G0'1) 09'T (TT1n) 9T 1ySiam Sujuieiutely
(g1'0) 60°1 (Lg0) 511 (71'1) 851 (07°0) S0°1 (75°0) ¥1°1 (66°0) 171 (9°0) 51 (65°0) ST'T yS1om Bujuien
(€7'1) €0'C (8T1) 78T (rneet (60'1) ££'1 (T€T) ¥6'1 (st ST #80) £&1 (62°1) 96°1 Jys1am 3ulsoq
(ccn) 491 (o1 st (ccn st (160) T¥'T (GT1) 65T w11 091 (€8°0) €€'T G191 191p e Suidaa))
(9eT1) €€t (s€'1) 7' (ten) L1°€ (Tnete (8 1) 97T (6T'1) €5°C (61°1)80°C (9€1) 08T 3unes Ayjeay
@ @asw @asw @asmw @asyw @asw @asyw @asw
98 =u lC=Uu g =u 9 =u 6/C=Uu 89 =1u o =u we=u
959(0/1y313MIBAQ JySIam ewloN yS1am-1apun 6€-6C 8761 81-€1 EIEN d)ewsa
snjels s/ a3y 1apusg
sa110831ed snjels JySiem pue ‘a8e ‘lapuas pue dde jo adAy Juaiayip Aq asn jo salpuanbaly uesyy | g ajqeL
S9 78 9°el 791 1°9S snjels yieay sulroidu)
At 1'TC €/C S'/T 6'6 351219%3 10 Hodg
oy LY 6'8 9°¢l 5'89 1y31om ujuiejule
01 [ LT s 9'06 1ysiam 3ujules
9 7’8 01 991 1°86 y31am 8uiso
oy S9 S'S 6'6 6'¢l 191p e 3u1daay
701 71 7.1 [T 8'CcE Sunes Ayyesay
Ajreq Ajrep 1sowy 399M B SaWl} |elandS yjuow e Sawl} |eI9AIS SEVEN] 104 ddy

(% u1) s1asn dde Aq pasn sdde jo sadA] | 4 a)qeL

page 897 of 901

TBM



ORIGINAL RESEARCH

page 898 of 901

App-user characteristics and patterns of app use

In the next set of analyses, we focus specifically on the
subsample of app users. App users reported using apps
for helping manage sport and exercise most often
(35% using them almost daily or daily), followed by
apps for healthy eating (25% using them almost daily
or daily) and apps targeting weight loss and health
(15% using them almost daily or daily) (See Table 4).
The pattern of use relative to types of apps differed by
gender for apps targeting losing and gaining weight, as
well as improving health status. Females used weight
loss apps more frequently than males (;(42 = 13.717,
$<.01). Although the use of weight-gaining apps was
overall relatively low, male users reported using them
more frequently as compared to female users
(x4 = 13.903, p < .01) and were also more frequent
users of apps for improving health status
(x4*=10.238, p<.05). The use of weight-gaining apps
also differed by age and weight status. Users aged 13-
18 reported more frequent use of weight-gaining apps
(xs® = 19.067, p < .05) compared to the older groups
and underweight app users were also using weight-
gaining apps more frequently (ys* = 22.878, p<.01).
For ease of presentation, we report mean frequencies
(not category percentages) of use by different types of
apps by gender, age, and weight status categories to
demonstrate these differences (See Table 5).

In terms of types of features valued the most, app
users ranked monitoring as most important to them
(M=4.2, SD= 1.7 on a scale ranging from 1 “completely
unimportant” to 6 “completely important”) followed by
planning of activities (M= 3.3, SD=1.7). The impor-
tance of other activities such as sharing (M = 1.8,
SD=1.2), competing (M= 1.7, SD=1.2), or commu-
nicating (M= 2.0, SD = 1.4) with others was rated as
relatively unimportant. The rated importance of dif-
ferent activities on the apps did not differ by gender,
weight status, or age category.

To evaluate whether psychological characteristics
help predict different types of app use, hierarchical
multiple regression analyses were conducted. Due to
the low frequency of use of weight gaining apps, we
did not include this category in the regression analysis.
Sociodemographic characteristics (gender, age, in-
come, education, and BMI) were entered in step one,
followed by psychological characteristics in step 2. All
models were statistically significant (See Table 6).
Drive for thinness predicted the frequency of use of
apps for healthy eating, keeping a diet, and losing
weight, whereas excessive exercise predicted the use
of apps for keeping a diet, losing weight, and manag-
ing sport/exercise. Sensation seeking was negatively
associated with the frequency of use of apps for main-
taining weight.

Discussion

This study aimed to uncover the differences between
mHealth app users and non-users based on their
sociodemographic and psychological characteristics
and to identify factors that predict app use or are

Table 6 | Predicting frequency of app use by type of app

Sport/ Improve health
exercise

Maintain weight

Losing weight

Keeping a diet

Healthy eating

.015/.021
.896/.852
.007/.005

-.13/-.13
.01/-.01

.553/.640
.114/.047
.747/.456

.03/.03
.09/.11

.847/.889
.641/.579
.371/.265
.919/.978
.223/.179

.066
.186
.020
.501

.001/.144  .01/-.01

.052/.311
.785/.831

.18/.08

.105/.712
.034/.143

.09/.02

.034/.151
.234/.291
.359/.251
.159/.195

.11/.08

Gender
Age

-.03/-.03
-.05/-.06
-.01/-.00
-.07/-.08
.10
.08

-.11/-.05
.01/.01

-.12/-.08
.03/.02
.01/.03
12/.11

.18

27

-.07/-.06
-.05/-.06
-.08/-.07
-.01/-.03

.09

-.14/-.15
.08/.08
117,12

.08

—-.02/- .04
-.06/-.05
-.07/- .04

28

.543/.726

.802/.511

Income

124/.117

.288/.377
.181/.521
.000
117
411
344

.204/.448
.002/.014
.019
.000
.924
944

-.07/-.04
17/.13

12

33

Education

BMI

.039/.040

146
734
241
753

.035/.054

.000
.000
.679
.156

.855/.667

.084
.018
.155
195

Excessive exercise
Drive for thinness

.02

.09

.14

-.06
-.02

-.04
-.05

-.13
-.04

-.01
-.00

-.02
-.08

-.08
-.07

Sensation seeking
Neuroticism

RZ

.05/.06

.01/.10

.01/.04

.06/.18

.02/.12

.03/.06

Note. Each model run separately by type of app. Presented are standardized regression coefficients and p level; the coefficients from steps 1 and 2 are divided by slash; all analyses were conducted on data from respondents with no missing data on all variables

(n

369), significant associations (p <.05) are in bold
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associated with use across different types of apps. In a
sample of Czech youth and adults (13-39) recruited
from healthy lifestyle websites (i.e., representing indi-
viduals already engaged with technology for health-
related goals), we showed that those who also use
mHealth apps are more likely to be women, more
frequent, and more skilled smartphone users visiting
healthy lifestyle websites more frequently and engag-
ing with them more (e.g., by adding comments, eval-
uations, or sharing content). More importantly, after
controlling for key sociodemographic factors, we iden-
tified psychological variables that were associated with
app use, suggesting that indices such as excessive ex-
ercise or drive for thinness may represent predisposing
factors in mHealth app use among individuals using
the internet to manage their healthy lifestyles.

App users versus app non-users

With respect to the comparisons between app users
and non-users, we found no differences based on age,
income, or education. This is in contrast with previous
studies that found associations between younger age,
higher education (more than high school), income and
greater use of health-related apps [18, 19]. The lack of
differences by age is most likely attributable to the
restricted age range of our sample (13-39) and low
average age (24 years) as compared to previous stud-
ies. In a report by Bhuyan et al. [19], the likelihood of
having an mHealth app decreased with increasing age
starting at age 35 and up. In a study by Krebs and
Duncan [18], the average age of the sample was 40.
The lack of associations with income and education
could additionally reflect our assessment of these fac-
tors. Given the mixed age nature of our sample, we
had to adapt measures to be easily completed by youth
(13-18) as well as adults (19-39). Consequently, our
assessment of education and income (in particular) is
rather crude and may not have been sensitive enough
to detect differences.

We also found that proportionately more women
than men used mHealth apps. In the study by Bhuyan
et al. [19], which was nationally representative, no
differences by gender were found in the use of
health-related apps as was the case in the study by
Krebs and Duncan [18]. The gender differences in
our study could reflect the unique nature of our sample
(i.e., users of healthy lifestyle websites) but could also
be due to the low overall number of males in our
sample. The males in our sample may also represent
those more motivated to complete the survey as pro-
portionately fewer men than women reached the final
page of the survey. It should be noted, nonetheless,
that studies in other areas of app use such as e-
commerce report higher app usage in females as com-
pared to males [15]. Krebs and Duncan as well as
Bhuyan et al. also report associations between BMI
(obese status) and app use for health-related goals.
Although we found app users to have slightly lower
BMI than non-users, BMI did not predict app use in

the logistic regression model in our study. mHealth
app use was predicted by smartphone skills, frequent
website use, and controlling for these and other
sociodemographic factors, also by excessive exercise.

The links between self-rated smartphone skills,
more frequent website use, and mHealth app use are
to be expected given that these skills likely define the
more digitally savvy users. Since these individuals also
arguably represent the early adopters of new technol-
ogies [29], learning more about this group of users can
help us design more effective and more broadly ac-
ceptable tech solutions. In our study, the proportion of
(sample eligible) website users that utilized mHealth
apps was relatively high (60%), compared to estimates
from population-based data (Bhuyan et al. reporting
36% having a health-related app on their mobile de-
vice [19]), although this level is consistent with
volunteer-based samples (Krebs and Duncan [18]
reporting 58%). Importantly, our results indicate that
users of healthy lifestyle websites that also use mobile
apps not only are more digitally competent but also
have specific psychological needs predisposing them
to use apps for managing their lifestyles.

Specifically, individuals scoring higher on a measure
of excessive exercise (measured by a subscale of the
Eating Pathology Symptoms Inventory or EPSI) were
more likely to use apps in our sample. This
“phenotype” may represent users more reliant on tech
solutions (as opposed to own self-regulation skills) for
behavioral support, or it could suggest a profile consis-
tent with a heightened risk for eating disorders. Exercise
behavior, if pathologically motivated (e.g., consistent
with exercise dependence) may contribute to the devel-
opment of eating disorders and also negatively influ-
ences quality of life of patients with eating disorders [43,
44]. Future research should also evaluate whether ex-
cessive exercise may further heighten risk in the pres-
ence of other predisposing factors, especially in combi-
nation with high neuroticism and low agreeableness
when it is likely to lead to impulsive behaviors [45].
From this perspective, it seems that mHealth apps can
have both positive and negative impact, either as a tool
for healthy lifestyle or a tool for disordered eating or
excessive exercise behavior. Future research into any
possible links between healthy lifestyle website and app
use and the risk of pathological behaviors such as dis-
ordered eating is warranted.

App-user characteristics and patterns of app use
In our investigation of the patterns of use among app
users only, we found that sport and exercise apps were
used most frequently, followed by apps for healthy
eating and apps targeting weight loss and health. The
majority of users (90%) reported using sport and exer-
cise apps at least some time, with 35% using them
almost daily or daily. This is consistent with other
studies reporting the highest use for exercise-related
apps. For example, among app users from the Krebs
and Duncan study [18], 53% used apps to track their
physical activity, 48% used apps to track eating, and
page 899 of 901
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47% to lose weight. We also identified gender differ-
ences in the type of apps used in directions one might
hypothesize, with females utilizing apps for losing
weight more frequently and males utilizing apps for
gaining weight more often. Interestingly, males also
used apps for improving health status more often,
which may seem contrary to expectations. One reason
for this may be the fact that the males in our sample
tended to have slightly higher BMI as compared to
females (M = 23.7, SD = 0.49 versus M = 22.6,
SD = 0.22 for males and females, respectively). Al-
though this difference only approached statistical sig-
nificance, it could partially explain the difference in
usage of apps for improving health status since we also
found that higher BMI predicted more frequent use of
apps for losing weight and improving health status in
our regression models. This effect is consistent with
previous work finding those who are obese to be more
likely to use mHealth apps to attain health-related
goals [18, 19]. It is also encouraging from an interven-
tion standpoint as it suggests that users potentially in
need of interventions could be open and responsive to
intervention efforts utilizing mobile apps. An alterna-
tive interpretation for the gender differences may also
be related to the fact that male users in our sample
likely represent more motivated male users, with po-
tentially stronger health awareness, the results should
thus be interpreted with caution.

Youngest users and also those classified as underweight
used apps for gaining weight more frequently than the
two older age groups or those with normal weight or
overweight/obese status. Nonetheless, the use of these
types of apps was rather infrequent, inversely correlated
with income, and not predicted by any of the psycholog-
ical variables. Although, this set of results should be
interpreted with caution due to the low numbers of
respondents within some categories (e.g., underweight).

When evaluating the impact of individual character-
istics, in addition to gender and BMI, excessive exer-
cise and drive for thinness were identified as predictors
of app use for healthy eating (drive for thinness only),
keeping a diet, losing weight, and sport/exercise-
oriented apps (excessive exercise only). These are
novel findings and unveil potential individual differ-
ence variables that play a role in the adoption of
different types of mHealth apps. Bhuyan et al. [19]
and others [23, 29] have called for more research into
identifying individual difference characteristics that
could help explain motivation for mHealth app use.
Although the particular set of characteristics that we
evaluated in our study have the potential to motivate
app use, one could also argue they may pose potential
for harm if ultimately leading to or reinforcing mal-
adaptive behaviors such as disordered eating or exer-
cise dependence. Future studies of user factors should
examine whether and which individual characteristics
moderate mHealth app use and subsequent impact on
behavior. It is also possible that the effects of these
individual characteristics may interact with other
person-level factors such as age. This possibility
should be investigated in future studies.

Our findings must be interpreted within the context
of our cross-sectional design and sample characteristics
which are specific to volunteers from healthy lifestyle
websites. The findings cannot be generalized to popu-
lations with low digital literacy, disinterest in using tech-
nologies, or poor access to technologies. Our sample
was low in number of males, which could be perhaps
expected given the nature of websites we recruited from
(focus on nutrition, weight, and sport and exercise) and
possibly reflects males with higher level of motivation.
Although only few studies have investigated user char-
acteristics in relation to mHealth app use, our data were
limited in the selection of psychological variables avail-
able, possibly leading to omission of other important
individual difference variables (also as indicated by the
rather low variance explained in our models). More
research into the user characteristics that motivate

mHealth app use is needed.
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