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Abstract
Research on mHealth apps provides mixed evidence regarding their effectiveness for

behavior change, including physical activity. Synthesizing prior perspectives, we test pre-

dictors of tracking app and physical activity intentions (Study 1; n = 658) and their links

to everyday mobility (Study 2; n = 418; n = 27,617,440 observations). Study 1 showed

that individuals have overlapping perceptions of tracking apps and physical activity. Taking

a naturalistic mobile sensing approach, Study 2 found that tracking app and physical activ-

ity intentions predicted self-reported physical activity – but not logged movement (i.e.,

walking, cycling, or running). Tracking app use was not related to the level of logged

movement in daily life. However, participants who regularly used tracking apps were

more likely to view them as impactful, suggesting that daily mHealth app use is related

to perceived (vs. observed) behavior change. Together, our studies illuminate how per-

ceptions of mobility and mobile media – and their effects – can become intertwined in

users’ minds.

Keywords
Technology acceptance model, theory of planned behavior, health apps, fitness apps,

mobile sensing, perception gap, presumed effects

Our media behaviors are now deeply synced with our daily mobility patterns (Pawlak,
2020; Ross et al., 2022; Singleton, 2019; von Pape, 2020;). By allowing users to
record and reflect on their movement (or “steps”) with just a few swipes, mHealth
apps streamline the process of tracking and self-evaluating our physical activity via
daily movement. Over half of smartphone users have downloaded a fitness or
health-related app (Krebs & Duncan, 2015). Yet, despite massive growth in personal
health technologies (McKay et al., 2018), physical activity levels in the U.S. remain sub-
optimal (National Center for Health Statistics, 2018). Currently, just 1 in 4 adults gets the
recommended 150 min of physical activity each week (Centers for Disease Control and
Prevention, 2020a, 2020b; National Center for Health Statistics, 2018).

We present two studies that seek to clarify how tracking apps—that is, apps that are
designed to track movement or steps using global positioning system (GPS) or other
technology—are related to intended and real-world behavior. Some studies have
shown tracking apps to affect physical activity, but the detected effects are often small
(see reviews: Byambasuren et al., 2018; Hall et al., 2015). Furthermore, current
approaches to studying mHealth technologies typically examine just one app at a time.
Studies focusing on single apps may fail to capture a complete picture of how people
are using them (Pawlak, 2020). A more naturalistic and holistic exploration of movement
tracking apps is thus needed, including careful testing of the impacts of these apps on
behaviors and factors driving behavior change (McCallum et al., 2018). Guided by the
theory of planned behavior (TPB; Ajzen, 1991) and technology acceptance model
(TAM; Davis, 1989), we examine relationships between tracking app and physical activ-
ity perceptions (Study 1), along with their links to real-world app use and movement
(Study 2). Importantly, our studies were not designed to test the causal relationships
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between tracking app use and physical activity. Rather, given the increasingly interwoven
nature of smartphone usage and daily movement, we sought to examine how perceptions
of tracking apps and physical activity relate to one another—and whether these percep-
tions map onto observed mHealth behavior in daily life.

Study 1

Despite the interwoven nature of mHealth app use within everyday life (Lomborg et al.,
2018), theorizing regarding daily mHealth and mobility has largely remained separate. In
response to this literature gap, we aimed to build on TPB and TAM predictions to explain
how tracking app use relates to daily movement (Figure 1). The TPB (Fishbein & Ajzen,
2010) proposes that intentions (and subsequent behaviors) are the product of attitudes,
norms, and perceived behavioral control (e.g., one’s perceived capacity to perform a
behavior). Similarly, the TAM proposes that technology use intentions (and subsequent
behaviors) are shaped by attitudes towards the technology, perceived usefulness (the
degree to which a technology will enhance performance), and ease of use (the degree
to which technology use will be free of effort; Davis, 1989). A norms variable was
later added to the model (i.e., TAM2; Venkatesh & Davis, 2000), which referred to indi-
viduals’ perceptions of what important others think about a given technology behavior.
Numerous studies have shown TPB variables predict intentions to engage in physical
activity (e.g., Armitage, 2005; Courneya, 1995; Dzewaltowski et al., 1990; Hamilton

Figure 1. Study 1 conceptual model.

Note. Diagram displaying the Study 1 conceptual model and specifying novel hypotheses. Yellow

denotes key constructs and proposed relationships from the technology acceptance model

(Venkatesh & Davis, 2000). Blue denotes key constructs and proposed relationships from the

theory of planned behavior (Ajzen, 1991). The model hypotheses for Study 1 are displayed in grey.
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& White, 2008), and the original TAM has been shown to predict intentions to use a
fitness app (Beldad & Hegner, 2018).

In addition to testing the main predictions of both models, Study 1 set out to explore
associations between key TAM and TPB constructs. First, we proposed that attitudes
towards tracking apps will be positively associated with attitudes towards physical activ-
ities (H1). Prior perspectives suggest that individuals with stronger attitudes are more
likely to have attitude-consistent beliefs and cognitions (Chaiken et al., 2014). In other
words, attitudes towards physical activity and tracking technologies may mutually
reinforce each other given their shared focus on physical health. Indeed, the majority
of participants in a recent study strongly agreed that using apps increased desire, fre-
quency, and consistency of physical activity (Hoj et al., 2017). Second, we anticipated
that holding more positive attitudes towards tracking apps would be associated with per-
ceived behavioral control (PBC) related to physical activities (H2). As noted by Ajzen
(2002), the more favorable our attitudes are towards something, the greater our perceived
behavioral control is likely to be. In the Hoj et al. (2017) study noted above, over 80% of
participants agreed that apps influenced their ability to be physically active and to achieve
their activity-related goals. Thus, those who view tracking apps as worthwhile and useful
may perceive greater control over their ability to engage in physical activity.

Third, we hypothesized that perceived descriptive norms (i.e., beliefs about the extent
to which others are doing something; Cialdini et al., 1990) for tracking app use and phys-
ical activities would be positively associated (H3). Tracking apps are designed for self-
surveillance to record and encourage movement (Zheng, 2021). If we perceive that
others are using tracking apps, we are likely to perceive they are also engaging in physical
activity. We focus on descriptive norms (vs. injunctive norms) given that descriptive
norms have been associated with technology and internet use in prior work (Cho,
2011; Sumaedi & Sumardjo, 2020), as well as exercise intentions and behaviors (Cho
& Tian, 2021). Finally, we proposed that intentions to use tracking apps would be posi-
tively associated with intentions to engage in physical activity (H4). See Figure 1.
Although physical activity encompasses a wider variety of activities than those tracked
by many mHealth apps, people who are motivated to use apps are likely doing so to
increase their overall physical activity. This last hypothesis echoes past research
showing that fitness app users (vs. non-users) are more physically active (Barkley
et al., 2020) and more likely to maintain physical activity over time (Wang et al., 2016).

Method

Study 1 analyzed baseline data from Project mCog: a multi-study project assessing nat-
uralistic smartphone use in combination with daily mobility. All study procedures were
approved by the Institutional Review Board (IRB) at the corresponding author’s institu-
tion. From May to December 2019, 2,748 participants completed a pre-screening survey
after being recruited via: (a) a random sample of university students via email; or (b) local
Facebook or Instagram ads targeted within 25 miles of the city center. Of those, 879 par-
ticipants met the eligibility criteria and approximately 75% (n = 658) completed the base-
line survey. To be eligible, participants were required to own an Android smartphone
capable of running the study app (see Study 2). The average age of participants was
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35.33 years (SD = 12.02; range = 18–76 years) and 65% (n = 430) were female.
Additional information about the recruitment process and sample characteristics are pro-
vided in the online supplementary materials (OSM).1

Measures. All self-report measures for Study 1, as well as other measures collected as
part of the overall project (Project mCog), are available on the project information
page on Open Science Framework (OSF).2 All items in Study 1 were measured on a
5-point Likert scale from 1 (strongly disagree) to 5 (strongly agree), unless noted below.

Theory of planned behavior. TPB measures were based on Ajzen (1991, 2003).
Perceived behavioral control was measured with two items (e.g., “I have control over
whether I can take part in physical activities; r = .70). Attitudes were measured using
four five-point semantic differential pairs: not enjoyable to enjoyable; unpleasant to
pleasant; harmful to beneficial; not useful to useful (Cronbach’s α = .80). Descriptive
normswere measured with a single item: “My family/friends participate in physical activ-
ities.” Finally, physical activity intentions were measured by asking participants: (a) the
number of days they planned to engage in physical activity (e.g., “running, walking for
exercise, calisthenics, golf, or gardening”) on a scale from 0 to 14 days; and (b) the
planned duration of physical activity on those days with responses ranging from 1
(less than 15 min) to 5 (more than 60 min). Physical activity days and duration were
multiplied to estimate the number of 15-min intervals of intended activity during the
14-day study period (range = 0–70). Baseline physical activity was assessed with
response options ranging from 0 (0 times per week) to 8 (more than 7 times per week).

Technology acceptance model. Items measuring TAM constructs were modified from
Davis (1989) unless noted and designed to mirror TPB measures. Perceived usefulness
was measured with three questions, including “I find tracking apps useful”
(Cronbach’s α = .88). Attitudes towards tracking apps were measured with three five-
point semantic differential pairs: not enjoyable to enjoyable; unpleasant to pleasant;
harmful to beneficial (Cronbach’s α = .85). Perceived ease of use was measured with
a single item (“I find tracking apps easy to use”). Likewise, descriptive norms (Ajzen,
2003) were measured by a single item: “My family/friends use tracking apps.”
Tracking app use intentions were measured with the item “Over the next 2 weeks,
how many days do you plan on using apps that track your movement or steps do you
plan to regularly use?” (with response options from 0 to 14 days). Baseline tracking
app usage also was assessed with response options ranging from 1 (2 or more times a
day) to 5 (less than once a month).

Data analysis. Descriptive statistics and zero-order correlations were first conducted to
understand distributions and patterns in the data (Table 1). Confirmatory factor analysis
was used to assess the robustness of multi-item scales. A structural equation model was
specified to test our proposed hypotheses. Due to non-normality, models were tested
using the lavaan package in R 4.0.2 with diagonally weighted least squares estimator
(DWLS; Rosseel et al., 2020). All models used listwise deletion for missing values. In
the case of non-normal, ordinal variables, DWLS is less biased and more consistent
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than maximum likelihood estimation while making no distributional assumptions about
observed variables (Beauducel & Herzberg, 2006; Li, 2016). Model fit was assessed
using the comparative fit index (CFI; values ≥ 0.95), standardized root mean square
residual (SRMR; values ≤ 0.8), root mean square error of approximation (RSMEA;
values ≤ 0.06), and Chi-square test of model fit (χ2) for DWLS (Zhao, 2015). The full
structural model controlled for baseline tracking app use and physical activity.

Results

We first conducted a confirmatory factor analysis (CFA) to assess the dimensionality of
the three multi-item scales assessed on the baseline survey: perceived usefulness of track-
ing apps, attitudes toward tracking apps, and attitudes toward physical activity. The
model fit was acceptable (χ2 (32) = 96.68, p < .001, CFI = .979, RMSEA = .06,
SRMR = .08) with standardized item loadings above .62 for all three scales.

To test study hypotheses, the full structural model was tested. Model fit indices sug-
gested an acceptable fit to the data (χ2 (122) = 411.48, p < .001, CFI = .92, RMSEA =
.07, SRMR = .09). See Figure 2 for standardized path coefficients.

The original TAM predictions were largely supported. Tracking app usefulness was
positively associated with tracking app norms, β = .14, p = .011, as well as tracking
app ease of use, β = .69, p < .001. In addition, tracking app usefulness was positively
related to tracking app attitudes, β = .37, p < .001, which were positively related to
intended tracking app use, β = .12, p = .003. However, no relationship was detected
between tracking app norms and intentions. Likewise, original TPB predictions were
largely supported. Physical activity attitudes, β = .29, p < .001, and perceived behavioral

Table 1. Study 1 descriptive statistics and Pearson correlations between variables.

M SD 2. 3. 4. 5. 6. 7. 8. 9.

1. Tracking app

usefulness

3.84 0.83 .57∗∗∗ .58∗∗∗ .37∗∗∗ .40∗∗∗ .11∗∗ .17∗∗∗ .14∗∗∗ .09∗

2. Tracking app ease of

use

4.03 0.86 .45∗∗∗ .27∗∗∗ .39∗∗∗ .10∗ .19∗∗∗ .14∗∗∗ .07

3. Tracking app

attitudes

3.83 0.94 .24∗∗∗ .29∗∗∗ .07 .45∗∗∗ .09∗ .10∗∗

4. Tracking app norms 3.69 1.09 .15∗∗∗ .35∗∗∗ .04 .03 .02

5. Tracking app

intentions

6.49 5.95 .04 .13∗∗ .08 .23∗∗∗

6. Physical activity

norms

3.78 1.01 .20∗∗∗ .25∗∗∗ .16∗∗∗

7. Physical activity

attitudes

4.17 0.80 .31∗∗∗ .33∗∗∗

8. Physical activity PBC 4.38 0.74 .25∗∗∗

9. Physical activity

intentions

18.37 15.22

Note. n = 658.
∗p ≤ .05, ∗∗p < .01, ∗∗∗p < .001.

PBC: perceived behavioral control.
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control, β = .21, p < .001, were positively associated with physical activity intentions.
The relationship between physical activity norms and intentions was marginally signifi-
cant by conventional standards, β = .09, p = .061.

Beyond core TPB and TAM predictions, our data showed that attitudes towards track-
ing apps were positively associated with attitudes towards physical activity, β = .41,
p < .001 (H1 supported). Tracking app attitudes were positively related to perceived
behavioral control of physical activity, β = .17, p < .001 (H2 supported). Tracking app
norms were positively associated with physical activity norms, β = .42, p < .001 (H3 sup-
ported). However, tracking app intentions were unrelated to physical activity intentions in
our model specification (H4 unsupported), despite being positively related as a zero-order
correlation (see Figure 2).

Discussion

Study 1 generally provided support for core predictions within the TPB and TAM.
However, perceived norms were less influential on both tracking app and physical activ-
ity intentions in our study. Although TPB studies have generally supported the
norms-intention relationship in the context of physical activity, TAM studies have
often not (Ketikidis et al., 2012, Yuan et al., 2015). Because health and fitness apps
are among those most often used (Lobelo et al., 2016), others’ use of physical activity
tracking apps may have less influence on personal intentions. Indeed, some research

Figure 2. Full Structural Model with Standardized Parameter Estimates.

Note. n = 658. Model χ2 (122) = 414.48, p < .001, comparative fit index (CFI) = .92, root mean

square error of approximation (RMSEA) = .07, standardized root mean square residual

(SRMR) = .09. Dashed lines indicate statistically insignificant results. ∗p ≤ .05; ∗∗p < .01.
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has shown that peers do not impact exercise behaviors, with or without apps (Herrmann
& Kim, 2017).

Our analyses illustrated the interwoven nature of mobile media and personal health. In
particular, those who held more positive attitudes towards tracking apps also had more
positive attitudes towards physical activity, as well as greater perceived behavioral
control of their physical activity. These findings point to the possibility that
technology-related perceptions could indirectly impact health-related perceptions. In add-
ition, our data displayed a relationship between descriptive norms for tracking app use
and physical activity; that is, the more participants perceived others to be using tracking
apps, the more they perceived them to be engaging in physical activity. Altogether, the
results affirm how perceptions of mHealth tracking apps and actual health behavior
may coalesce in users’ minds.

Finally, the fact that we did not detect a significant relationship between tracking app
and physical activity intentions in the structural model was unexpected. This may be due
to the fact that attitudes and perceived behavioral control accounted for a substantial pro-
portion of the variance in intended physical activity, leaving little variance to be
explained by intended tracking app use (or even physical activity norms). Indeed,
when examining the bivariate correlations, we observed a positive small association
(r = .23) between tracking app and physical activity intentions. We next turn to Study
2 to shed light on the real-world links between tracking apps and daily movement,
while also considering the perceived impact of mHealth apps.

Study 2

Beyond intentions, understanding the perceptual factors that drive everyday use of
mHealth apps and engagement in key types of physical activity is crucial for the devel-
opment of health technologies and interventions. Study 2 draws on self-reported and
recorded app use and daily movement to investigate intention–behavior relationships pro-
posed by the TPB and TAM (H1–H2), as well as to probe the real-world relationships
between tracking apps and daily movement (H3–H4). Our measurement approach thus
centers on physical movement through everyday spaces (i.e., walking, biking,
running), rather than stationary exercises (e.g., spin classes). Altogether, our Study 2
data allow for a naturalistic and ecologically valid investigation of tracking app usage
to unearth how tracking and mobility are synced in daily life.

In alignment with the TAM (Davis, 1989), we expected that intentions to use tracking
apps would predict logged (H1a) and self-reported (H1b) tracking app use. Likewise
in accordance with the TPB (Fishbein & Ajzen, 1975), we expected that physical activity
intentions would predict logged movement (H2a) and self-reported physical
activity (H2b). Though recorded movement does not account for all forms of physical
activity, it represents a central component and reflection of everyday health behavior.
The intention–behavior relationship is supported in the context of physical activity,
although it is not particularly strong (McEachan et al., 2011; Rhodes & Dickau, 2012).
Notably, mobile media—and tracking apps on smartphones, in particular—may help
strengthen the link between intention and behavior. Personal phones are deeply linked
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to individuals’ everyday habits and even identities (Ross & Bayer, 2021), which contrib-
ute to their potential to monitor and improve health (Michie et al., 2017).

Moreover, by allowing users to record and reflect upon their movement, tracking apps
may also bolster physical activity above and beyond intentions. Thus, we hypothesized
that those who use tracking apps more frequently will engage in more daily movement
(H3) over the 2-week study period, controlling for intentions and past behavior. At the
same time, some research has shown that fitness trackers that record movement are
“unlikely to generate meaningful changes in physical activity behaviors” (Lynch et al.,
2020, p. 428). Other work has noted small effects of tracking app use on physical activity
behavior (see reviews: Byambasuren et al., 2018; Hall et al., 2015), while also noting the
low quality of evidence. As described in Lynch et al. (2020), measurement of physical
activity varies significantly across studies. Some studies incorporate objective measures
while others rely on self-reports, making the generalization of findings across studies dif-
ficult. Here, by examining both, we pursue a more comprehensive approach to understand
the role of daily movement specifically.

However, there is often a meaningful gap between actual and self-reported data in
regard to physical activity and tracking apps (as well as mobile communication at
large; Boase & Ling, 2013; Vanden Abeele et al., 2013). That is, what people
believe they are doing does not match what they are actually doing. The observed-
versus-perceived gap has been studied in relation to the TPB more broadly, with
TPB variables shown to better predict self-report than behavioral measures
(McEachan et al., 2011). This disparity between perceived and observed behavior
may be driven by self-evaluation inflation or deflation (Scholer et al., 2014).
Independent of changes in daily activity, people who use tracking apps may believe
that apps are contributing to their health goals. Therefore, we expected that those
who engage with tracking apps more will hold stronger beliefs that their app use
impacted their level of physical activity (H4).

Method

At the end of the baseline survey (Study 1), participants were provided with a link to
download the study application, which was custom-made for Project mCog. The study
app passively recorded their use of other apps and logged their movement over the
next 2 weeks, transmitting data up to every 10 s regarding tracking app usage (e.g.,
MyFitnessPal), location (i.e., GPS), and mobility/transportation status (via the Google
application programming interface [API]) to a secure server. See Figure 3 for an illustra-
tion of the logged data collected via the study app.

At the end of this 14-day period, participants completed an endpoint survey, which
inquired about their app usage and physical activity over the previous 2 weeks. Of the
658 participants who took part in the baseline survey, 71% (n = 465) downloaded the
app, contributed logs of their phone and movement activities (n = 28,752,369 device
observations), and completed the endpoint survey. Of those, we excluded those who
completed the endpoint survey over a week after completing the 2-week tracking
period (n = 16) or experienced difficulties with data transmission (n = 31) (see the
OSM for more information), leaving a final sample of 418 participants and 27,617,440
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device observations. Of those 418 individuals, about 65% (n = 271) were women and the
average age was 35.04 years (SD = 11.26).

Measures

Logged app use. Logged app use was operationalized as the proportion of days with
recorded tracking app use (out of days with any app use during the study period). App
use represented any activity during which an app was in the foreground of participants’
phones. Forty-three tracking apps were either: (a) regularly used; or (b) self-reported in
the endpoint survey (see the OSM for a list of these apps). On average, participants
used tracking apps on 34% of study days. Because the logged tracking app use variable
was not normally distributed (i.e., bimodal), it was recoded into three ordinal categories
(1: no tracking app use; 2: tracking app use logged ≤ 80% of study days; 3: tracking app
use logged > 80% of study days).

Figure 3. Logged data collected via study application.

Note. Map displaying the logged data collected for one example participant across the 2-week study

period by the study application. Logged movement is shown in blue. All other logged data points

for the participant (i.e., observations lacking physical activity according to the Google application

programming interface (API) are shown in orange. Darker shading indicates a greater amount of

logged data points within a geospatial area.
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Self-reported tracking app use. Self-reported tracking app use was assessed in the end-
point survey. Participants reported how many days they used tracking apps to track their
movements or steps during the study period. On average, participants said they used
tracking apps 7.68 days during the 14-day study period, or 55% of study days. To
align with the logged tracking app use variable, this variable was grouped into three
ordinal categories (1: no tracking app use self-reported; 2: tracking app use self-reported
≤ 80% of study days; 3: tracking app use self-reported > 80% of study days).

Logged movement. Logged physical activity was operationalized as the amount of time
per day that was spent engaging in physical movement during the study period (see
Figure 3). To account for differences in data transmission across phones and participants,
we divided the logged data period into 15-min intervals. Each movement interval was
then coded as a form of physical activity if their modal mobility/transportation status
during that time interval (based on the Google API) was biking, walking, or running.
Therefore, logged movement was measured as the number of 15-min intervals of physical
movement per day.

Self-reported physical activity. Self-reported physical activity was assessed on the end-
point survey in the same manner as intended physical activity in Study 1 (with the item
wording edited to reference the prior 2-week study period). Specifically, participants were
asked: (a) the number of days they participated in physical activity (e.g., “running,
walking for exercise, calisthenics, golf, or gardening”) on a scale from 0 to 14 days;
and (b) the duration of physical activity on those days with responses ranging from 1
(less than 15 min) to 5 (more than 60 min). Physical activity days and duration were
multiplied to estimate the number of 15-min intervals of intended activity during the
14-day study period (range = 0–70). To increase the comparability of logged movement
with self-reported physical activity, the self-reported measure was converted to minutes
per day.

Perceived impact. After self-reporting their tracking app use and physical activity over
the 2-week study period, participants were asked to assess the perceived impact of track-
ing app use on physical activity with the item “To what extent do you think apps that track
your movement or steps have impacted your activity level?” The item was measured on a
scale from 0 (no impact) to 5 (strong impact). See the OSM for additional measurement
details on all Study 2 measures, including validation and alternative operationalizations.

Data analysis. Descriptive statistics and Spearman correlations for relevant variables are
displayed in Table 2. We specified generalized linear models to examine predictors of
tracking usage, physical activity, and perceived impact of tracking apps. All models
were tested using the MASS package in R and used listwise deletion for missing
values. First, ordered logit models were specified to examine the predictors of logged
(Model 1A) and self-reported (Model 1B) tracking app use. Second, negative binomial
models were specified to examine the predictors of logged movement (Model 2A) and
self-reported physical activity (Model 2B), which had negative binomial distributions.
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Finally, ordered logit models were tested to assess perceived impact; separate models
were specified for logged app use and movement (Model 3A) and self-reported tracking
and physical activity (Model 3B). All models controlled for age, gender, the season when
the data were collected, and baseline tracking app use. We also controlled for the number
of days that data was transmitted to the study team (“data transmission days”) in models
that included logged variables. As a robustness check, we ran additional models (i.e.,
ordinary least squares [OLS], logistic, and rank regressions) using the Stats and Rfit
packages, which revealed largely consistent results with the models reported below
(see the OSM).

Results
Intention–behavior relationships. Models 1A and 1B examined intention–behavior rela-
tionships for tracking app use (Table 3). Model 1A showed that intended tracking app
use was unassociated with logged tracking app use, β = 0.03, p = .252 (H1a not sup-
ported). Model 1B specified intended tracking app use as a predictor of self-reported
tracking app use, showing tracking app use intentions were associated with greater self-
reported tracking app use, β = 0.12, p < .001 (H1b supported).

Models 2A and 2B investigated intention–behavior relationships for physical activity
(Table 3). Model 2A showed that physical activity intentions were unassociated with
logged movement, β = 0.01, p = .123 (H2a not supported).3 Model 2B specified intended
physical activity as a predictor of self-reported physical activity, revealing that physical
activity intentions were associated with greater self-reported physical activity, β = 0.01,
p = .009 (H2b supported).

Tracking app use–physical activity relationships. Beyond intentions, Models 2A and 2B
examined relationships between tracking app use and physical activity over the 2-week
period. Model 2A showed that logged tracking app use was not related to logged move-
ment, β = −0.09, p = .243. Model 2B specified self-reported tracking app use as a pre-
dictor of self-reported physical activity, and found that self-reported tracking app use did
not predict self-reported physical activity, β = −0.05, p = .500 (H3 was not supported).

Perceived impact. Finally, Models 3A and 3B investigated the relationships between
tracking app usage and perceived impact (Table 4). Model 3A specified logged tracking
app use as a predictor of perceived impact, and found that logged tracking app use was
(marginally) positively associated with perceived impact at conventional significance
standards, β = 0.24, p = .093.4 Model 3B specified self-reported tracking app use as a
predictor of perceived impact, and revealed that self-reported tracking app use was posi-
tively associated with perceived impact, β = 0.80, p < .001 (H4 partially supported).

General discussion

We adopted an ecological measurement approach to clarify the interrelationships
between perceived and observed mHealth behavior. Our studies reinforce foundational
frameworks in health behavior, while also providing new perspectives on “media
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effects” in the age of mobile media. In Study 1, we identified overlapping views of track-
ing apps and physical activity, implying an interplay between people’s perceptions of
mobile media and their mobile behavior. In Study 2, as predicted by the TAM and
TPB, intentions for tracking apps and physical activity were shown to predict self-
reported app use and physical activity; however, intentions were not predictive of
logged app use or movement (respectively). Moreover, despite participants reporting
that the apps “impacted” their activity level, neither self-reported nor logged tracking
app use was related to logged movement in daily life.

Although mHealth apps hold promise as a tool for increasing physical activity, find-
ings from Study 2 suggest that tracking app use may have limited influence on real-world
behavior. Self-reported tracking app use was not associated with self-reported physical
activity, and logged app use was not associated with logged movement. These results
add to the body of evidence showing a limited role of mHealth apps in increasing physical
activity (e.g., Lynch et al., 2020). Importantly, our study was designed to capture natur-
alistic use of tracking apps, prioritizing ecological validity over direct interventions and
causal inference. In turn, future research should examine this relationship for heavier
users of tracking apps and those engaging with specific goals to increase their daily move-
ment. The lack of a relationship in our real-world dataset may reflect that tracking apps
require less deliberation than physical activity; going on a run requires setting aside time,
getting dressed, finding a route, etc. By contrast, tracking apps can be set to automatically

Table 4. Ordered logit models predicting perceived impact of tracking app use.

Perceived impact

Model 3Aa

(n = 411)

Model 3Bb

(n = 411)

β SE p β SE p

Covariates
Age < .01 .01 .608 .01 .01 .270

Gender c .44 .23 .053 .55 .20 .038∗

Season: Springd .23 .33 .489 .07 .34 .842

Season: Summerd .14 .24 .557 .08 .24 .754

Data transmission .08 .11 .042 - - -

Tracking app use
Baseline tracking app use .39 .08 <.001∗∗ .29 .08 <.01∗∗

Intended tracking app use .06 .02 .012∗ .04 .02 .088

Logged app use .24 .14 .093 - - -

Self-reported app use - - - .80 .17 <.01∗∗

Physical activity
Baseline Physical Activity −.01 .02 .811 −.05 .02 .054

Intended Physical Activity .02 .01 .037∗ .01 .01 .213

Logged Movement < .01 < .01 .953 - - -

Self-Reported Physical Activity - - - .04 .01 .001∗∗

Note. aModel 3A examines tracking app impact using logged data; bModel 3B is estimated using self-reported

data; cGender reference group: male; dSeason reference group: autumn. ∗p ≤ .05; ∗∗p < .01.
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run in the background, raising the question of whether more usage is required for apps to
be effective. Indeed, some work suggests that people do use tracking apps more for self-
monitoring than for exercise or fitness (Payne et al., 2015), undermining the notion that
mHealth apps are meant to enact direct behavior change.

Taken together, our two studies illustrate the complex relationships between mobile
media and everyday movement, along with the need for research to further investigate
their links (Ross et al., 2022). It may be that the proposed, or presumed, effects of tracking
apps on physical activity are more indirect. Results from Study 1 suggest that people’s
perceptions of tracking apps are related to how they think about physical activity in
general—and these shared perceptions were seen for attitudes, behavioral control, and
norms. Therefore, our perceptions of tracking technology may be as important as the
technology itself in influencing decisions to engage in physical activity. From this
angle, mHealth apps have the potential to help people by working in the background
to influence the perceptions that underlie behavioral intentions.

Outside the null relationship found between tracking app usage and real-world move-
ment, our studies further our understanding of behavioral intentions, along with their
links to real-world behavior. Our findings affirm the robust intention–behavior connec-
tion in the context of physical activity (McEachan et al., 2011), and now in the
domain of tracking app use. Here, physical activity and self-reported intentions consist-
ently predicted self-reported physical activity and tracking app use, respectively (control-
ling for past behavior). Yet intentions were not associated with our logged measures. This
intention–behavior divergence may reflect the tendency to answer questions about their
behavior in a consistent manner, as suggested by the overlapping views of tracking apps
and physical activity. Alternatively, this divergence supports previous findings showing
TPB variables are more effective at predicting self-reported behaviors than objective
measures (McEachan et al., 2011). Notably, our data adds to the body of work revealing
inconsistencies between perceived (self-reported) and recorded (logged) behaviors. We
found that the self-reported physical activity and logged movement estimates were
only moderately correlated (r = .27), which may reflect the fact that our logged
measure does not account for some forms of physical activity. By contrast, in the case
of tracking apps, we found that self-reported and logged estimates and were strongly cor-
related (r = .71), suggesting that participants had a relatively accurate view of their track-
ing app use.

Another key takeaway from our findings was the emergence of a perception gap—that
is, participants perceived that tracking apps were having a bigger “impact” on their
behavior than they actually did. Other studies have illustrated that people’s ideas about
how much physical activity they are getting may not reflect actual amounts (Crum &
Langer, 2007). Here, those who self-reported and logged greater use of tracking apps
also perceived that tracking apps exerted a stronger impact on their physical activity.
These findings make sense when considering the findings from Study 1, where those
with more positive attitudes towards tracking apps also had more positive attitudes
toward physical activity. Consequently, it may be fruitful to consider the ways that
mHealth apps influence how people think about their health progress. Individuals who
have been successful at achieving a health goal, for example, may find visualized
markers and progress badges as self-affirming. In other words, tracking apps may
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bolster the extent to which individuals believe in their own ability to enact behavior
change, indirectly contributing to physical activity via a self-fulfilling prophecy. Future
work can investigate these perceptual processes more directly, including users’ own
folk theories tied to mHealth apps (Kanthawala et al., 2019), using both quantitative
and qualitative approaches.

Over time, tracking apps may reward people who already engage in healthy behavior,
rather than create new healthy habits. This explanation is supported by the strong predictive
role of past behavior in the Study 2 models. Without the underlying motivation to build long-
term habits, the reinforcing and reaffirming potential of mHealth apps is likely to unravel—or
even backfire by displaying the lack of progress. If physical-activity tracking app use repre-
sents an outcome (rather than a cause) of individuals’ health tendencies, then future research
necessitates a new perspective on mHealth perceptions. Studies must continue to explore the
fusion of theoretical perspectives from health communication and media psychology, as the-
orizing has largely remained separate. In doing so, researchers should evaluate the differential
roles of attitudes (i.e., general beliefs regarding the benefits/costs of apps) and perceived
impact (i.e., self-perceived influence of apps on their own and others’ specific behavior) of
mHealth apps. In addition, future work can explore how perceptions of mobile health
and physical health behaviors are related to perceived mobile affordances (Schrock, 2015)
or the psychological connection between users and their smartphones (Ross & Bayer,
2021). By expanding theorizing in this way, we can begin to integrate key variables
and processes associated with mobile media use not accounted for in models like the
TAM and TPB.

In sum, regardless of whether mHealth apps can solve the “physical inactivity epi-
demic” (Fenton, 2005), we argue that the perception that mHealth matters is significant.
In some cases, this perception may represent a misattribution of mobile media effects, as
some individuals may overly attribute health progress to a given technology. The self-
perceived impact of mobile media, and potential exaggeration of their effects, warrants
comparison to core communication theories tied to the “presumed influence” of mass
media (Gunther & Storey, 2003). In contrast to such mass media theories (e.g., third
person effect), we highlight how individuals may (mis)attribute the effects of personal
health technologies. Future work can pursue the precise mechanisms of such mobile
media effects just as past work has done with mass media effects (see McLeod et al.,
2017, for a review). In doing so, it may become clearer how distinct self-processes inter-
act with tracking technologies at large, as well as which media effects heuristics become
salient in different domains. As health technologies become increasingly ingrained in our
daily living, and particularly our mobility (Pawlak, 2020; Singleton, 2019), untangling
these psychological mechanisms is vital.

From a methodological standpoint, we showcase the potential of measuring movement
for mobile communication and media psychology studies (Bayer et al., 2023; Ross et al.,
2022), with special relevance in contested areas of research such as mHealth. In doing so,
our investigation illustrates the importance of measuring both self-reported and logged
outcomes to gain a fuller picture of daily technology and health behaviors. Without col-
lecting such measures in parallel, researchers are likely to overlook established and emer-
gent perception–behavior gaps that are central to the study of media effects. Nonetheless,
there are several limitations to note. First, our study leveraged participants’ personal
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phones, which may be preferable to asking participants to carry an additional device that
is less embedded in their personal routine (Kuntsche & Labhart, 2013), but may exclude
those who use independent tracking devices (i.e., without smartphone-linked apps).
Second, similar to many mobile sensing studies, our study also relies on a non-
representative sample of Android users. Although Android users have been found to
be demographically similar to users of other phone types (Shaw et al., 2016), more rep-
resentative, probability-based samples are needed to provide generalizability.

In addition, it is possible that the weak link between tracking app usage and physical
activity in our data is due to the challenge of isolating effective apps or app behaviors.
Given the wide range of smartphone usage and potential tracking apps, our sensing-based
measures may overlook beneficial uses within apps or subsets of apps. It is also possible
that certain subgroups, such as individuals hoping to lose weight (Qin et al., 2021),
would benefit more than the student and community sample recruited in our investigation,
or the positive potential of mHealth app use may depend on the varied motives that drive
users (Klenk et al., 2017). Notably, our self-reported data implied that different participants
understand tracking apps in diverse ways. For example, several participants reported using
Pokémon GO to track their steps, while other users of the app did not view Pokémon catch-
ing as physical activity tracking. Measurement challenges also may have played a role in
our estimation of physical activity: Our logged measure of physical activity captured only
activity involving direct movement (e.g., running, walking, biking), sidestepping other
activity behaviors (e.g., running on a treadmill, swimming, weightlifting) or activities
that occurred when participants did not carry their phones. Likewise, while we recorded
apps that were linked to wearables, our data collection overlooks direct engagement with
wearables (e.g., Apple Watch, Fitbit). Such devices allow users to continuously track
their physical activities and may reflect a different pattern of behavior than mHealth app
usage on a phone. Follow-up work should thus assess other forms of physical activity
while simultaneously attending to direct engagement with wearables.

Conclusion

Although tracking apps are widely used, questions about their effects on physical activity
remain. We sought to fuse the TAM and TPB frameworks to better understand the shared
relationships between mHealth technology and physical activity perceptions (Study 1),
along with their links to real-world behavior (Study 2). We found that individuals’
views of tracking apps reflected their broader views toward physical activity. In addition,
we found that more frequent use of tracking apps was associated with seeing them as
being more impactful on their health behavior, suggesting a potential indirect (or pre-
sumed) influence of mHealth apps for some users. Conversely, no direct relationships
were detected between tracking app use and daily movement. We hope our results can
be used to guide the design of future mHealth campaigns and apps—in parallel—
given the increasingly interwoven nature of mobile behaviors.
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Notes

1. See https://osf.io/bfnpz/ for OSM, datasets, and analysis scripts.
2. See https://osf.io/d56cx/ for an overview of the overall project design and measurement.
3. Alternative models performed during our robustness check revealed a significant effect for H2a.

See OSM and RMarkdown for full results.
4. Alternative models performed during our robustness check revealed an insignificant effect for

H3a. See OSM and RMarkdown for full results.
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