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Abstract

Health behaviors are inextricably linked to health and well-being, yet issues
such as physical inactivity and insufficient sleep remain significant global
public health problems. Mobile technology—and the unprecedented scope
and quantity of data it generates—has a promising but largely untapped po-
tential to promote health behaviors at the individual and population levels.
This perspective article provides multidisciplinary recommendations on the
design and use of mobile technology, and the concomitant wealth of data, to
promote behaviors that support overall health. Using physical activity as an

131

mailto:jenhicks@stanford.edu
https://doi.org/10.1146/annurev-publhealth-060220-041643
https://www.annualreviews.org/doi/full/10.1146/annurev-publhealth-060220-041643
https://creativecommons.org/licenses/by/4.0/


exemplar health behavior,we review emerging strategies for health behavior change interventions.
We describe progress on personalizing interventions to an individual and their social, cultural, and
built environments, as well as on evaluating relationships between mobile technology data and
health to establish evidence-based guidelines. In reviewing these strategies and highlighting direc-
tions for future research, we advance the use of theory-based, personalized, and human-centered
approaches in promoting health behaviors.

INTRODUCTION

Reducing behavioral risk factors such as physical inactivity, poor nutrition, smoking, and excessive
alcohol consumption would decrease the global burden of disease and lengthen life spans (10, 87).
Mobile technology is a low-cost and scalable means of measuring behaviors and intervening to
reduce health behavior risk factors. Approximately 76% of people in advanced economies own a
smartphone, as do a growing proportion (a median of 45%) of individuals in emerging economies
(106). Wearable fitness trackers have also grown in use, with an ownership rate of 37% in the
United States (57). Engagement with smartphones is high; the average smartphone user inter-
acts with their device 60 times, for a total of 117 minutes, per day (40, 41). Mobile interventions
seek to harness this engagement by using smartphone apps and wearable devices to deliver behav-
ior change interventions in a timely and accessible fashion. Furthermore, with high-resolution,
real-world data from a growing number of available sensors (e.g., to monitor skin conductivity,
electrical activity in the heart, metabolism, and sleep), mobile technology also has the potential to
uncover the drivers and effects of health behaviors.

There is a gap, however, between the potential of mobile technology and its current impacts on
public health. Interventions to date that target health-promoting behaviors have small to moder-
ate effects on behavior (53, 119); engagement, and the associated health benefits, typically declines
over time (7, 16, 102, 103). Previous reviews have shed light on reasons for the untapped potential
of mobile technology for promoting health behaviors. A common theme is that integrating knowl-
edge across fields will help close the gap between the potential and impact of mobile technology
(38, 67, 99). For example, there remains a lack of theory-based interventions, even though decades
of research demonstrate efficacy of these approaches. Despite advances in machine learning and
biomechanical modeling, personalization of interventions is limited, so current approaches often
fail to account for factors such as the individual’s psychology, physiology, biomechanics, or phys-
ical, social, and cultural environment. There is also a missing feedback loop from mobile sensor
data to discoveries about relationships between physical activity and health, which could be used
to refine and optimize interventions.

Our goal in writing this perspective article is to improve the efficacy of current health-focused
apps and wearables and inspire a new wave of research. We provide a multidisciplinary frame-
work (Figure 1) and specific recommendations for designing mobile technology interventions to
improve health behaviors (see the sidebar titled Recommendations for Improving the Efficacy of
Health-Focused Mobile Technology). For each of these recommendations, we review the current
state of evidence, providing pointers to foundational papers when they are available. We also give
examples from our work and the work of other groups that have inspired the recommendations
we provide and suggest strategies for implementing each of the recommendations. While some
of the examples we highlight are in the pilot phase of development, they draw on approaches that
have significant potential for sustained, positive improvements in physical activity and health. The
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Figure 1

A multidisciplinary and adaptive approach to motivating physical activity and health. The foundation of the
approach is based in behavior change theory and developed and refined in an iterative fashion using human-
centered design. This foundation guides the data that are collected and how interventions are designed.
Sensors and mobile apps, such as those in smartwatches and smartphones, collect data about individuals and
their environments. Data might include common measures such as steps, heart rate, and weather or more
novel quantities such as metabolite concentrations from sweat or fatigue as assessed by smartphone typing
accuracy. These data are used in data-driven models and combined with scientific evidence to personalize
precise feedback and engagement strategies provided to an individual. A variety of approaches can be
employed to engage the user, such as incorporating narratives as part of apps, customizing suggestions based
on an individual’s schedule, and integrating citizen science–derived suggestions influenced by individuals’
local contexts, such as relationships with family and friends.

closing section highlights knowledge gaps and promising research directions.We use physical ac-
tivity as a primary example, but many of the recommendations can be applied to other health
behaviors. Integrating state-of-the-art mobile technology with multidisciplinary scientific theory
and research will help realize the potential of mobile technology to transform public health.

RECOMMENDATIONS

Recommendation 1: Employ Health Behavior Change Theory
and Human-Centered Design

Decades of research have established effective behavior change theories and human-centered de-
sign, but both remain underutilized primarily due to a lack of knowledge about these approaches
and how to implement them in mobile technology interventions.
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RECOMMENDATIONS FOR IMPROVING THE EFFICACY OF HEALTH-FOCUSED
MOBILE TECHNOLOGY

1. Employ health behavior change theory and human-centered design.
2. Test emerging health behavior promotion approaches, such as citizen science and narrative interventions that

utilize the strengths of mobile technology and the power of stories.
3. Cultivate adaptive mindsets that inspire behavior change and improve health and well-being beyond the

effects of behavior change.
4. Personalize interventions to intrinsic and extrinsic factors, such as biomechanical and physiological capacity,

and social, cultural, and built environments.
5. Collect data on individual and environmental factors to evaluate relationships between intrinsic and extrinsic

factors, health behaviors, and health to establish evidence-based health recommendations.

Behavior change theory.Theory-based interventions are driven by a specific theory or set of
theories that specify presumed mediators and mechanisms for the outcome or behavior change of
interest. For example, social cognitive theory posits that behavior is influenced by how one learns
from dynamic personal, social, and environmental factors (9). To apply this theory to the design of
an intervention, researchers implement strategies that support observational learning (e.g., observ-
ing other participants), enhance social support and self-efficacy for the specific behavior change of
interest (e.g., problem-solving around barriers to change), and, ideally, are culturally adapted (104).
The social-ecological model may be a particularly advantageous theory because it emphasizes how
behavior is impacted by factors that span multiple levels, including person-level, interpersonal, or-
ganization, environmental, and policy (14).The behavior change wheel is a helpful framework that
guides implementation of theory-based behavior change interventions, helping designers choose
appropriate behavior change techniques that will impact an individual’s capability, opportunity,
and motivation to perform the health behavior of interest (66). Additional taxonomies of behavior
change techniques (65) can guide development and ensure consistent reporting between studies.

Meta-analyses have demonstrated that digital interventions based in behavior change theory
are efficacious for promoting health behaviors, including physical activity (34, 95, 119), more so
than interventions that do not rely on theory (117). For example, King and colleagues (48) de-
signed and deployed a virtual agent named “Carmen” in a community center to increase physical
activity in low-income, older Latinx adults. Following social cognitive theory (9) combined with
the transtheoretical model (80), Carmen employed self-regulatory skills, such as goal setting, and
social environmental factors, such as social support. This culturally adapted, community-based
intervention increased walking by 250 min per week in the intervention group, compared to only
25 min in the waitlist control group, and, in a larger randomized clinical trial, was as effective
as trained human advisors in promoting significant physical activity increases over a 12-month
period (49).

Human-centered design.Human-centered design, as described byNorman&Draper (74), is an
iterative process focused on satisfying the needs of end users to ensure that interaction with tech-
nologies is efficient and satisfying. This approach actively engages the user (e.g., a patient) and
other key stakeholders (e.g., a caregiver or physician) throughout stages of envisioning, imple-
menting, and evaluating an intervention (122). Together, such approaches are commonly referred
to as human-centered design, which is closely related to the design-thinking process (Figure 2).
Design thinking emphasizes empathy with users in a cycle of rapid prototyping and testing (122).
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A human-centered, design-thinking approach to creating mobile health interventions. The design-thinking process is a valuable
framework for creating interventions that are centered on user needs and grounded in behavior change theory. Stages of the process
shown are adapted from Mummah and colleagues (69). Figure adapted from the Stanford d.school (CC BY-NC-SA 4.0).

As Matheson and colleagues (62) note, in the context of behavior change for health, design
thinking puts the focus on “what matters most” to users rather than “what’s the matter”with them.

Design thinking and human-centered design have had a significant impact on health care in-
novation through programs such as Stanford Biodesign, which has led to the formation of more
than 40 companies that have aided more than 400,000 patients in its first 15 years (116) and accel-
erated to a cumulative 4.3 million patients in subsequent years (101). Such approaches have also
shown promise in the context of mobile technologies for health, including “Ubifit,” developed by
Consolvo and colleagues (19). Through a process of user interviews and field studies, the team
discovered that requiring users to actively engage with a separate app to monitor their behavior
reduced engagement. Instead,Ubifit displayed progress toward physical activity goals on a glance-
able flower visualization on the lock screen of the phone, leveraging the large number of times
each day that users viewed their screen. The system helped participants maintain physical activ-
ity levels, including during the winter holidays. By contrast, the comparison group without the
glanceable visual feedback showed significantly reduced activity (19, 20). Additional studies com-
pared the effectiveness of varying motivational frames (50) in forming online communities (82,
83) and implementing narrative (70) through a similar process of human-centered design. Em-
ploying human-centered design to develop and refine these interventions led to user engagement
and improvements in target health behaviors.

Implementation. Several research teams have provided frameworks that guide users through si-
multaneously applying behavior change theory and human-centered approaches to the design of
mobile interventions. The IDEAS (integrate, design, assess, and share) framework guides design-
ers through a process of focusing on a specific target behavior, gaining familiarity with behavior
change theory, and building an initial intervention with only the most essential features (69). The
framework of Voorheis and colleagues (115) draws from a review of studies using mobile health
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technologies to promote health-related behavior change. They show how best practices from be-
havioral change theory and design thinking can be applied to mobile health intervention design
in an integrated behavioral design-thinking approach.

Additional challenges remain in implementing theory-based, human-centered design. First,
the technologies used in an intervention (e.g., a commercial activity tracker) may already contain
behavioral change techniques (e.g., displaying step counts to promote self-monitoring) that must
be accounted for when integrating additional interventions. Mercer and colleagues (64) reviewed
the use of behavior change techniques and theory in activity trackers, which serves as a help-
ful reference for intervention designers using commercial technologies. Researchers should also
clearly and consistently define all the theory and design approaches used, as well as the outcomes
measured, to guide future intervention designers to themost efficacious strategies for specific pop-
ulations and behaviors (25, 102). In addition, as Voorheis and colleagues (115) discuss, the guidance
of behavior change theory could at times conflict with the identified preferences of users. Inte-
grating user data is an opportunity to bridge the gap between theory and preferences by adapting
interventions to individuals.

Recommendation 2: Test Emerging Health Behavior Promotion Approaches

The types of strategies used to promote engagement with mobile technology remain limited. Taj
and colleagues (105) report that goal setting and self-management are most common,with Direito
and colleagues (22) also noting action planning, feedback, instruction, and social comparison as
strategies employed.These strategies are reviewed extensively elsewhere (18, 31, 65) and present in
many commercial wearable devices (18, 64). New approaches, such as the use of citizen science and
narrative, could achieve longer-term engagement while also providing new avenues to customize
interventions, new insights about barriers to physical activity, and strategies to translate findings
into policy change.

Citizen Science.Citizen science is the joint participation of professional scientists and the gen-
eral public in research (46). The level of participation can vary from donation of data to cocreated
research that is conducted “by the people” (55, 85). Technology-enabled, user-engaged citizen
science provides an accessible means for capturing how people’s local physical and social environ-
ments influence their ability to change their behavior. This information can then be incorporated
into further intervention development and customization.

Involving laypeople in data sharing and collection is incredibly valuable. For example, the
UK Biobank effort has compiled a database with half a million individuals living in the United
Kingdom, including physical activity and other health behaviors, along with biological and
clinical measures (24). This data set has revealed strong relationships between a greater number
of available facilities for physical activity and lower adiposity (61). Althoff and colleagues (6) used
step counts collected via a commercial smartphone application to quantify a new measure of
population scale health-activity inequality and show that this measure is a strong predictor of body
mass index in countries around the world. These are a few examples of the ways that large-scale,
citizen-contributed data describing free-living behaviors and health indicators have allowed the
discovery of new relationships that are challenging to study with traditional approaches alone.
Cocreation of research with community members has the potential to increase engagement,
accelerate translation, and identify and resolve barriers to physical activity (e.g., the Our Voice
app in Figure 3). There is growing worldwide use of such technology-driven citizen science
methods to address community health inequities across the life course (51, 52).

Narratives.Narrative-based feedback is another promising approach to increase engagement
with mobile interventions for health attitudes and behaviors. Underpinning virtually all
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Figure 3

Our Voice app for technology-enabled citizen science. Rodriguez and colleagues (84) implemented the mobile tool as part of an
elementary school Safe Routes to School program. Engaging citizen scientists to audit their environments and develop solutions
through the app resulted in greater community engagement and greater levels of walking and biking to school. The Our Voice
approach seeks to advance health equity by empowering individuals to advocate for local environmental changes.

communication, narratives are (a) a kind of embodied thought that humans perform through
language; (b) a class of objects—such as novels, short stories, and video games—with specific char-
acteristics that can be described; and (c) a specificmode of understanding by which humans cognize
the world.Through the construction of a plot, and by delimiting a beginning, a middle, and an end
to a story, narratives involve events arranged in time and space via relationships of cause and ef-
fect. Central to the creation of meaning, narratives help humans make sense of the complexity
of their lives and are ubiquitous across cultures. Particularly salient to intervention design is
the fact that when people become immersed in a story, they are transported in a way that sup-
presses counterargument and cognitive resistance, thus unlocking receptivity to events and ideas
represented in the narrative (35, 68, 92, 97). Moreover, by leveraging behavior modeling and
observational learning, narratives can further encourage positive behavior change (17, 42).

Prior research has shown that narratives for health communication lead to significant persua-
sion for prevention (though not cessation) of behaviors (94). When culturally relevant, narratives
are also ameans to reach diverse groups (15, 71, 75). Sousa and colleagues (98) compared children’s
participation in an active video game after watching a narrative-based versus non-narrative-based
video about the benefits of physical activity. The narrative group had greater immersion, as well
as significantly higher physical activity levels. These results are in line with the meta-analysis
by Zhou and colleagues (123) who showed that narrative game–based interventions can change
behaviors, knowledge, self-efficacy, and enjoyment. Murnane and colleagues (70) are translating
these narrative-based approaches to a mobile environment through the WhoIsZuki app, as well
as the Perfecto app, which combines narrative feedback with culturally relevant representations
(Figure 4) to promote physical activity.

Implementation.New tools and technologies for employing citizen science, narrative, and other
emerging approaches for engagement are becoming more widely accessible. Platforms for citi-
zen scientists to donate their mobile device data are now available (13, 36, 63) and, for example,
have allowed for the rapid collection of data during the COVID-19 pandemic and the creation of
models to predict infection early in the disease course (3, 32). In a perspective article, members of
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a  WholsZuki b  The Perfecto Project

Figure 4

Example narrative-based mobile interventions. (a) WhoIsZuki uses a multichapter quest in which the main character’s progress is driven
by the user’s physical activities and goals. In the pilot feasibility study, the authors explored how narrative-based smartphone interfaces
can address limitations of conventional (i.e., heavily quantitative) behavioral feedback formats. (b) The Perfecto Project is designed to
motivate physical activity and health among middle-aged and elderly Latinx people. The Perfecto project team hypothesizes that
narratives with plotlines and images that draw on the values and activities of a particular group may be more motivating for that group
than nonnarrative or strictly quantitative feedback. In both examples, a variety of chapter-relevant activity icons (such as sea creatures
and colored butterflies in the depicted chapters) and goal-completion indicators (e.g., Zuki characters and balloons) appear in the
visualization as users log physical activities. In the process, this completion of physical activity goals moves the story forward and
unlocks the next chapter of the narrative. WhoIsZuki artwork by Anna Kong and Xin Jiang; Perfecto Project artwork by Sam Romero.

this author team (39) provide best practices for analyzing data sets donated or otherwise collected
via commercial devices. In addition, current participatory action methods of citizen science that
seek to engage community members in the fuller scientific process, as provided through the Our
Voice and Galileo apps, have benefited significantly from active partnerships with researchers,
technology specialists, community stakeholders, and community members worldwide (54, 76).

Several resources are available to guide the development and incorporation of narrative. Shaf-
fer and colleagues (92) share aspects of a narrative that are most likely to create immersion. For
example, stories that are coherent, temporally ordered, told in first person, or incorporate elements
of humor or surprise have all been shown to create stronger immersion. Murnane and colleagues
(70) also carefully detail their design process for creating the WhoIsZuki platform.

Several other potential approaches could lead to greater and longer-lasting engagement and,
thus, larger improvements in health, including gamification (118) and social connection or influ-
ence (109). Additional research on the efficacy of citizen science, narrative, and these additional
approaches is needed, along with investigation into how best to customize strategies to an
individual or desired outcome, as discussed in more detail in the section below on personalization.

Recommendation 3: Cultivate Adaptive Mindsets that Inspire Behavior Change

Mindsets are core assumptions regarding the nature and workings of things within ourselves and
in the world that work together with the properties of the body (29). Mindsets create a meaning
system that aids people in making predictions, interpreting events, and taking action. Previous
work has demonstrated the influence of mindsets across several domains, including intelligence
(28), stress (21), and illness (124). When it comes to physical activity and health behavior,
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two types of mindsets are particularly relevant: (a) mindsets about the process of engaging in
health-related behaviors, that is, the extent to which individuals associate physical activity and
healthy eating with appealing versus unappealing qualities (11); and (b) mindsets about the
adequacy of one’s activity and its corresponding health consequences (121).

Mindsets are important, but often overlooked, drivers of health and behavior change that
are rarely leveraged within health technology. Moreover, in some cases, well-intentioned ef-
forts to motivate behavior change may inadvertently inspire maladaptive mindsets. For example,
lofty physical activity guidelines with stringent definitions (e.g., for intense aerobic exercise and
strength training) made people feel that their current activity levels were inadequate, a mind-
set that resulted in even less physical activity the following week (121). Conversely, teaching
people that many types of activity can induce health benefits led to more adaptive mindsets, which
in turn predicted self-efficacy and engagement in physical activity. Mindsets are a good target for
intervention because they can be altered with brief but psychologically “wise,” multimedia inter-
ventions (6, 11, 18). With a short presentation and informational pamphlet highlighting the fun
and enjoyable aspects of exercise (as opposed to merely harping on the health benefits of exercise),
Boles and colleagues (11) improved mindsets and increased adherence to a 10-week fitness class
and motivation for future exercise.

Implementation.To establish more useful mindsets, we recommend that mobile devices help
people view the process of physical activity as appealing while avoiding the demotivation that
comes from feeling inadequate. As a first step, mindsets can be evaluated for their relationship to
a specific outcome within the population of interest. For instance, a multipoint survey uncovered
that mindset relates to future physical activity levels in individuals with knee osteoarthritis (12)
and is available as part of Boswell and colleagues’ supplementary materials for others to reuse.
Changing mindset within an intervention can be implicit; for example, changing notifications to
acknowledge the activity that people are currently doing or highlighting the appealing qualities
of activities incorporates mindset change strategies into an intervention without the participant’s
knowledge. Mindsets can also be changed through explicit intervention to teach about the power
of mindset and empower individuals with strategies for cultivating more adaptive mindsets.

Recommendation 4: Personalize to Intrinsic and Extrinsic Factors

Many interventions are generic or employ only rudimentary personalization, but interventions
can be personalized in a host of ways. Both the content and delivery of an intervention can be
personalized, and various factors can drive these personalizations (Figure 5). Some of these factors
include demographic variables, physiological and biomechanical capacity (e.g., the presence of
osteoarthritis), genomics, and other biochemical measurements, as well as physical, cultural, and
social environments (e.g., climate or presence of a partner). The algorithm used to personalize
can be based on knowledge from behavior change, biomechanical, or other models; alternately, a
machine-learningmodel driven by past behavior can drive personalization.The desired outcomes,
whether related to engagement, behavior, or health, can also be personalized.

Research on the personalization of mobile health behavior interventions is in its early stages.
Meta-analyses of mobile interventions to improve health behaviors provide some evidence that
personalized interventions improve physical activity and other behaviors and, in some cases, are
more effective when compared directly to nonpersonalized approaches (33, 58, 110).

Personalizing to current physiological capacity, such as biomechanics, is important to the
design of efficacious physical activity interventions but is currently underutilized. For exam-
ple, Halilaj and colleagues (37) showed that physical activity intensity, as assessed by an activity
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Examples of how personalization based on intrinsic and extrinsic factors could drive a physical activity
intervention for older adults. An individual with knee osteoarthritis is recommended low-impact activities in
short bouts. The content emphasizes the joy of movement to elicit an adaptive mindset. Extrinsic factors
such as having a partner and living in a hot climate result in further personalization by engaging the
individual’s partner and suggesting activity in the early morning, respectively.

tracker, is correlated with imaging-based measures of cartilage health; in particular, sedentary and
high-intensity activities are associated with degradation of cartilage, while moderate-intensity ac-
tivity is associated with cartilage health. These relationships should be reflected in the physical
activity goals of individuals with or at risk for osteoarthritis. Uhlrich and colleagues (113) showed
that personalizing an individual’s walking pattern is associated with a reduction in deleterious knee
loads. These studies combine biomechanical models with data from wearable sensors to drive
personalization.

Personalizing interventions to an individual’s social, cultural, built, and natural environments
also shows promise. Shameli and colleagues (93) show that teams entering an activity-based
competition are most active when the team includes both men and women. When leveraging
social connections (e.g., friends in an app’s social network), same-sex friend connections had the
largest influence on activity levels (5). External and internal characteristics can also be jointly per-
sonalized. For example, See and colleagues (91) review the literature to identify approaches to
tailor a safe and effective physical activity intervention for older adults living in rural areas with
hot climates by customizing the timing and nature of activity, along with providing hydration
reminders.

Implementation. In developing a personalized intervention, a key step is gathering the required
data. Advances in mobile sensor technology, along with tools to analyze the resulting data, are
increasing themeasures that can be used for personalization.For example, tools to quantifymuscu-
loskeletal biomechanics and metabolic energy consumption via inertial measurement units (which
are included in all modern smartphones) or video (such as that collected with a smartphone) are
now available (2, 47, 96). In the section on evaluating and establishing relationships, we highlight
additional available sensors and apps for research on physical activity and health.

Given data about a participant, intervention developers next need an algorithm to person-
alize the content or delivery of the intervention. One promising approach for personalization
is to combine data- and theory-driven models to personalize interventions; this approach can
simultaneously leverage advances in machine learning, along with decades of knowledge from
biomechanics, psychology, and health promotion. Murphy and colleagues (73) have also devel-
oped tools to aid the creation of just-in-time adaptive interventions, which aim “to provide the
right type/amount of support, at the right time, by adapting to an individual’s changing internal
and contextual state” (p. 1). The team has published work describing the underlying theory and
design principles/process (73) and shares software used in the implementation of these and other
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adaptive interventions (https://d3c.isr.umich.edu/). Researchers can also directly involve users
in the design of an intervention (45, 90), for example, by guiding the user through formulating
and testing hypotheses (e.g., “Do I sleep better if I exercise early in the day?”).

Future work is needed to determine precisely when and how an intervention should be per-
sonalized. For example, the need for personalization increases when predictive models poorly
generalize from person to person. Additional, similar guidelines, along with a better understand-
ing of the most influential (and robust) measures to drive personalization will improve the efficacy
and efficiency of personalized interventions. Finally, greater incorporation of biochemical mark-
ers, including inflammation levels, glucose levels, and other physiological measures such as stress
signals,may be useful for designing personalized interventions andmonitoring outcomes (e.g., 26).

Recommendation 5: Evaluate and Establish Evidence-Based
Health Recommendations

Evidence for the health benefits of physical activity is strong (53); however, much remains
unknown about themany relationships between intrinsic (e.g.,mindset, physiological state, biome-
chanics, genomics) and extrinsic (e.g., natural, built, and social environments) factors, health
behaviors (such as physical activity), and health outcomes.Mobile devices andwearable sensors can
be valuable tools to uncover these relationships, which will, in turn, improve the personalization
of interventions and guide policies to enhance health at the population scale.

Mobile health technology allows us to run large-scale studies and collect free-living, mul-
tidimensional longitudinal data. For example, accelerometer and step count data collected via
wearable sensors or smartphones have helped reveal several principles that govern physical activity
as it relates to health. Zahrt & Crum (120) used data from the large National Health and Nutri-
tion Examination Survey (NHANES), including data from physical activity monitors, to show that
perception of physical activity (which is related to the activity adequacy mindset discussed above),
even when adjusting for measured physical activity levels, is a strong predictor of future mortality.
Combining mobile technology data with other data sets (e.g., weather, environment, genetics, and
economic data) is another powerful approach. For instance, Althoff and colleagues (6) connected
activity data from a smartphone with information about the built environment to discover that
the walkability of a city is a strong predictor of “activity inequality,” the variation of activity within
a population.

While devices to measure physical activity are most common, the available sensor and data
types are also rapidly evolving, expanding the types of relationships that we can study. Continuous
glucose monitors have become readily available, revolutionizing diabetic care due to the relation-
ship between managing blood-glucose levels and reducing health risks, including microvascular
and neuropathic complications (23).Mobile glucose monitors were used in research by Savikj and
colleagues (88) to demonstrate that high intensity interval training (HIIT) was effective in improv-
ing blood glucose in men with diabetes when conducted in the afternoon, while morning HIIT,
surprisingly, increased blood glucose, which could guide physical activity recommendations for
this population. Additional sensors on the horizon measure other biomarkers such as interstitial
metabolites (107) and hormones (78) and gather data about the external environment. For exam-
ple, measuring biological and chemical environmental exposure (44) could be used to determine
relationships between exposure to pollutants (e.g., from wildfires) and the effects of physical activ-
ity. Advances in computer vision have also expanded the information we can gain from photo and
video about diet and nutrition (60, 114) and biomechanics (47). Researchers have also developed
novel approaches that leverage day-to-day interactions with a mobile phone (e.g., typing accuracy
and latency times in interacting with mobile apps) to assess psychomotor performance and sleep
metrics (4, 77). These new physiological measures, captured over long durations and in free-living
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settings, have the potential to help us not only uncover associations, but also reveal causal relation-
ships and the precise biological mechanisms by which physical activity and other health behaviors
influence health.

Implementation.Uncovering relationships between physical activity and health remains an open
challenge for the field. Several tools are available to aid this work, including platforms to collect,
store, and analyzemultimodal data frommobile technology.Depending on available resources and
expertise, researchers can opt for a paid turnkey solution (79, 111) or deploy their own platform
using open-source software developed by others (8, 81, 86, 100, 111). For example, the open-
source Personal Health Dashboard (7) integrates wearable data with genetics and health records
and allows researchers to customize workflows on their own or in collaboration with the research
team.

Determining which measurements to use can be overwhelming, but databases are emerging to
help evaluate the myriad choices. The Feasibility Studies Database (https://feasibility-studies.
ctti-clinicaltrials.org/) is a freely accessible database of mobile technologies drawn from the sci-
entific literature, searchable by participant demographics, therapeutic area, sensor technology,
outcome measurement, and other parameters. The Digital Medicine Society’s Library of Dig-
ital Endpoints (https://www.dimesociety.org/communication-education/library-of-digital-
endpoints/) captures wearables-based outcomemeasurements used in industry-sponsored studies
of medical products.

Large-scale, retrospective data sets (e.g., from commercial devices) are another promising re-
source for large-scale free-living data about activity and health. In addition to helping reveal
relationships, these data sets can provide a valuable baseline for typical, free-living variation of
activity and related behaviors and health measures within a population. Hicks and colleagues (39)
share best practices for conducting research with large-scale wearable data sets and review poten-
tial approaches to move toward causal relationships using natural experiments. They also share
lessons learned to help overcome challenges with data sharing between academia and industry
(e.g., identifying questions of mutual interest). Another means of generating large-scale data sets
is via the citizen science approach, where anyone—not just researchers—can collect data to an-
swer research questions important to them. For all analyses, it is vital to define specific research
questions prior to analysis rather than blindly searching for associations in a given data set.

CONCLUSIONS

Disseminating mobile technology in public health promotion offers several overarching chal-
lenges and opportunities (also summarized in Future Issues, below). Protecting the privacy of
participants and ensuring ethical use of data are essential. In addition to ensuring compliance
with all regulatory and ethics requirements, researchers should share goals, intended data uses,
and results with participants (67). New tools and regulations for conducting research and han-
dling data are also needed (27, 112), for example to prevent users from being reidentified (72), to
ensure informed consent (89), and to support the participation of underrepresented groups (43).
Broader engagement of biomedical ethicists in the design and implementation of mobile health
interventions will facilitate these efforts (59).

Translating mobile health research into practice in clinical and public health remains a chal-
lenge (56). The combined effort of many groups, such as governmental agencies, insurance
companies, scientists and researchers, and private companies, could help meet this challenge.
Partnerships across these groups should create motivation and incentives for translational work
(e.g., focused funding opportunities). Tomlinson and colleagues (108) discuss this cooperation,
and other recommendations, as essential for scaling mobile health technology. Additional work to
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expand on existing research platforms for mobile health interventions would also aid translation.
The start-up cost for current platforms can be high, and a richer feature set (e.g., incorporating
narrative or citizen science approaches) would make these tools more broadly applicable. Expand-
ing these platforms for multimodal mobile health research would not only speed translation but
also accelerate research, eliminating the need for researchers to recreate similar technology with
each new study and increasing the interoperability of different types of data. Integrating into the
platforms tools for data sharing that protect participant privacy will also help reverse the current
status quo where much of the data are not shared.

Most existing interventions focus on preventing disease. We suggest that interventions also
focus on performance goals such as finishing a race, playing with grandkids, or independently
completing activities of daily living such as food preparation.

Research should also consider public health interventions at population scale, rather than solely
on the individual level.While we encourage giving an individual personalized feedback and inter-
ventions to spur them to change their behavior, mobile interventions could have an even broader
impact by uncovering the drivers of and barriers to health behaviors and providing evidence to
improve health care practice and public policy. To support this effort, more work is needed to
quantify and report the economic and health benefits of mobile interventions, such as preventing
disease and reducing years lost due to disability, and determine the equity implications of mobile
interventions through epidemiological and economic models (43).

With the increased emergence of mobile health tools and technologies, standardizing their
evaluation and the associated reporting of research results is essential to ensure quality evidence.
Checklists such as the mobile health evidence reporting and assessment developed by the World
Health Organization mHealth Technical Evidence Review Group (1) and the Consolidated Stan-
dards of Reporting Trials-eHealth (30) can provide a basis for this work. We further recommend
that researchers and consumers select mobile technologies whose efficacy has been demon-
strated in the peer-reviewed literature, with evaluation results reported using these standardized
approaches.

In providing the recommendations in this perspective, we hope to spur new basic science
research on the relationships between physical activity and health, as well as new translational
research on the design of effective mobile interventions to promote health and ultimately more
efficacious interventions to help reduce the global burden of disease.

FUTURE ISSUES

1. Best practices are needed to protect the privacy of participants and ensure ethical use
and sharing of data.

2. Mobile health research must be translated to practice in clinical and public health.

3. Expanding from disease prevention to improving and maintaining performance in ways
that are meaningful across the population and across the life span is a key opportunity.

4. Public health interventions at population scale are needed to address barriers and drivers
of health behaviors.

5. Quantifying the economic and health benefits and equity implications of mobile
interventions will support prioritization and scaling.

6. All interventionsmust be evaluated and results shared in a standardizedmanner to ensure
reproducibility and high-quality evidence.
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