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ABSTRACT

Mobile-based applications are popular and prevalently used in the US population. Applications focusing on nutrition offer platforms for quantifying
and changing behaviors to improve dietary intake. Such behavior changes can intervene in the relation of diet to promote health and prevent
disease. Mobile applications offer a safe and convenient way to collect user data and share it back to users, researchers, and to health care providers.
Other lifestyle factors like activity, sleep, and sedentary behavior, can also be quantified and included in investigations of how lifestyle is related to
health. Yet, challenges in the assessment offered through mobile applications and effectiveness to change behavior still remain, including rigorous
evaluation, demonstration of successful health improvement, and participant engagement. The data mobile applications generate, however,
expands opportunities for discovery of the integrated and time-based nature of various daily activities in relation to health. This article is a summary
of a symposium at Nutrition 2020 Live Online on the role of mobile applications as a tool for nutrition research and health promotion. The types
and capabilities of mobile applications, challenges in their evaluation and use in research, and opportunities for the data they generate along with
a specific example, are reviewed. Adv Nutr 2021;12:1032–1041.
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Introduction
The American Society for Nutrition sponsored a symposium
at Nutrition 2020 Live Online on the role of mobile phones
as a tool for nutrition research and health promotion. This
overview summarizes the traditional context for nutrition
research and the new capabilities that mobile applications
offer to quantify dietary intake, behavior, environment,
lifestyle, and their link with health outcomes. The opportu-
nities for assessment and interventions using mobile appli-
cations are reviewed herein with a description of strengths
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and potential pitfalls. An in-depth example of the data
opportunities presented by mobile-based applications is also
featured.

Mobile devices offer new ways to quantify dietary behav-
iors and potentially inform the diet-health relation. Patterns
of intake of nutrients, energy, and other dietary components
over time can be measured and shared with mobile device
users, researchers, and health care providers. In addition,
culture and environment impact dietary behavior and are
influential to both diet and health. Other lifestyle factors like
activity, sleep, sedentary behavior, and their interplay over
time may modify the effects of diet to health (Figure 1).
Historically, few tools have been available to quantify the
complexity of these varying factors simultaneously nor to
consider their integration. Most data have been self-reported,
and knowledge of assessment is also known to change
behavior and bias self-reported information. Interventions to
promote healthy dietary intake have also been limited to in-
person sessions with a health provider, educator, or support
group. Adherence, similar to data collection, has generally

1032 C© The Author(s) 2021. Published by Oxford University Press on behalf of the American Society for Nutrition. All rights reserved. For permissions, please e-mail:
journals.permissions@oup.com. Adv Nutr 2021;12:1032–1041; doi: https://doi.org/10.1093/advances/nmab022.

mailto:heicherm@purdue.edu
mailto:journals.permissions@oup.com
https://doi.org/10.1093/advances/nmab022


FIGURE 1 Factors and behaviors with influence on health outcomes.

been self-reported. Mobile devices have the capacity to
quantify all of these aspects in real time and create new
platforms for interventions.

In recent years, mobile applications have become ex-
tremely popular. Smartphone ownership is highly prevalent
(>75%), particularly among young adults (92%), of all
race/ethnicities (77% white, 72% black, and 75% Hispanic)
(1) and even amongst low-income populations (>60%) (2,
3). About 77% of smartphone users download apps (4), with
an average of 88.7 apps downloaded per person, and 7.6 used
on a daily basis (5). Also, about 59% of smartphone users had
downloaded health mobile apps, such as fitness and nutrition
apps (6). The storage and recording capacity of apps enables
participants to access the information on their phones at any
time, anticipating frequent use to find needed information
in a timely fashion. Therefore, although the opportunity for
practical use of mobile apps to enhance nutrition research is
high, consideration of the challenges and research gaps may
guide future advances.

Mobile-based nutrition applications
Several different types of mobile apps related to diet and
nutrition exist. In a wide search of the available mobile
apps related to diet and nutrition performed in May 2020,
we found 4 general categories of classification, those that:
track consumption; score foods; generate a meal plan; and
generate a healthy grocery list. We conducted a thorough
search of the available apps for android phones and for iOS
to quantify the number of apps using the following keywords:
“track consumption”; “score foods”; “meal or diet plan”; and
“healthy grocery list.” We reviewed each app to determine
if it would fit into these 4 categories. We found that the
availability of these various types of apps vary considerably,
with >200 apps to track consumption available for android
phones, whereas for iOS, we found <10 apps. For scoring
foods, we found ∼100 apps for androids and only 2 for

iOS. For generating a diet plan, we found ∼220 apps for
androids and only ∼6 for iOS. Finally, for apps that generate a
healthy grocery list, we found ∼30 for androids and only 2 for
iOS.

Among the apps that track consumption (Figure 2), most
of these allow users to input personal and health information,
such as age, gender, current weight, level of physical activity,
and other information to calculate personalized energy
and nutrient requirements and based on input of what
they consumed in the day, the app tracks if their caloric
intake and intake of other nutrients is above or below the
recommendation. With this information, users may adjust
their diet to align with such recommendations. Some apps
also provide specific recommendations and feedback on
which food groups to cut back or which to increase. Other
apps add the tracking of physical activity and estimate caloric
balance to help users reach a specific goal; this goal could
be to reduce weight or to gain weight, particularly in the
case of athletes. In addition, some apps connect with or
allow a dietitian to view the results and to provide feedback.
Furthermore, some apps allow or encourage image capture
of the food to be consumed before intake or before and after
intake to allow estimation of the portion consumed, although
the use of images to classify foods and to calculate the serving
size is still in development. A few popular examples of these
types of apps are MyFitnesspal, Fooducate, Sparkle People,
Argus, Fat Secret, MyNetDiary, and Lose It.

There are also apps that score foods to attempt to quantify
their healthfulness (Figure 3). The scoring is based on certain
attributes of the food or meal compared with a particular
guideline, algorithm, or commercial diet. For some users,
this scoring system may be helpful as it translates energy
and nutrient composition information of that food to a
single score with practical relevance. The drawback may
be that the simple scoring of foods may prioritize certain
nutrients or calories which may be of lesser importance
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FIGURE 2 Examples of mobile applications that track consumption.

compared with others for that individual. Some apps expand
the comprehensiveness of their scoring system to include
other information, such as dietary preferences, age, gender,
level of processing and additives, first ingredient in the food,
and even the environmentally friendliness of the product.
Examples of these types of apps include Fooducate, Shopwell,
GoodGuide, Smart - Food Score Calculator, Food score
calculator, and Snackability.

The next category are apps that generate a meal plan
(Figure 4). These apps recommend certain meals to consume
depending on the goal of the user, such as healthy meals,
vegetarian meals, gluten-free meals, etc. Some apps in this
category generate a detailed meal plan including specific
foods to consume for each meal or how to distribute food
intake throughout the day. For each meal suggested in the
app, the caloric and nutritional composition is included.
Some apps in this category organize the recipes and the meals

for the week. Others provide meal plans for a variety of caloric
level goals. A few popular examples of these types of apps
include Mealime, Food Planner, Paprika, Plate Joy, Make My
Plate, and Meal Board.

Lastly, there are apps that generate a grocery list for the
target diet (Figure 5). Many of the apps described in the
previous categories do this based on the recipe chosen. But
there are other apps that generate a healthy grocery list
based on the energy and nutrient requirements of the user.
Some apps explore connecting to an online store for grocery
delivery. Examples include MyNutriCart, Eat This Much,
Mealime, Make My Plate, and Plate Joy.

Evaluation of mobile applications
Although there is high usage of health-related apps (6),
we found through a PubMed review of studies published
from 2013 to May 2020 that most of the apps mentioned

FIGURE 3 Examples of mobile applications that score foods.

1034 Eicher-Miller et al.



FIGURE 4 Examples of mobile applications that generate a diet plan.

in the previous section have not been properly evaluated.
In this search, we specifically found a total of 17 apps
that were evaluated through research, which included 4
developed by industry, 10 developed by researchers, and 3
developed in partnership between researchers and industry.
This lack of evaluation may hinder the intended use of
these apps as users may not know which ones are effective
at aiding participants to achieve their desired outcomes
or at quantifying dietary intake. In fact, there is limited
guidance to identify which are effective in promoting healthy
dietary behaviors. Previously published systematic reviews
have found that effective apps in changing dietary behaviors
have used a combination of techniques to achieve this, such
as “providing instructions” (used in ∼70–80% of the apps),
“providing general encouragement” (used in ∼70% of the

apps), “providing contingent rewards” (used in ∼70% of the
apps), “providing feedback on performance” (used in ∼50%
of the apps), and “prompting self-monitoring” (used in 45–
60% of the apps) (7, 8). Other systematic reviews reported
that behavior change techniques were mainly utilized in
the app interventions on nutrition behaviors and related
health outcomes, including goal setting, feedback and self-
monitoring, shaping knowledge (information), and social
support, which showed positive outcomes on individual
and group-based interventions (9). These behavioral change
techniques connect to the constructs of nutrition education
theories, such as observational learning, knowledge and
skill to perform behavior, attitude, intention, goal setting,
feedback on performance, self-efficacy, self-monitoring, self-
regulation, and social support. These are all integrated to

FIGURE 5 Examples of mobile applications that generate a healthy grocery list.
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develop theory-based app interventions to reduce barriers,
increase motivation and adherence, and facilitate behavior
change. Also, app engagement, app use, and education had
a significantly positive association with behavior change
(10). However, despite the app interventional frameworks
being grounded in behavior change theories, evaluation for
effectiveness is a limitation.

Apps that monitor dietary intake: only a few studies have
evaluated these types of apps for improving diet and/or body
weight (11–26). For example, MyFitnessPal, a popular app
designed by software engineers in collaboration with dieti-
tians using an evidence-based and theory-based approach
to weight loss, was evaluated for 6 mo in overweight adults
(27). No significant difference between intervention and
control groups was found for weight change. The TXT2BFiT
app, which encourages self-monitoring of dietary intake,
was evaluated in young adults with a high risk of weight
gain (28). After 12 wk, there was a significant reduction
in weight, sugar-sweetened beverage intake, energy-dense
meals, and increased vegetable consumption as compared
to a control group. The eBalance app, an app to monitor
dietary intake and physical activity with real-time feedback
on caloric intake and expenditure, was evaluated among
healthy adults (29). The intervention group significantly lost
weight and significantly increased their diet quality scores,
knowledge scores, and success scores (score for maintaining
a healthy lifestyle) compared with the control group. The My
Meal Mate app, which was developed by researchers using
an evidence-based behavioral approach, was also evaluated in
overweight adults (20). BMI change at 6 mo was significantly
greater in the intervention compared with those using a
website to monitor diet. Another study evaluated the Mobile
Food Record app, an app that easily records intake by taking
pictures of the foods and beverages consumed, among young
adults (30). There was a significant weight reduction in men
and in sugary beverage intake in women in the app group
compared with the control group. The Mobile Phone-Based
Diabetes Prevention Program was also evaluated among
overweight adults (15). The app allows for self-monitoring
of weight, activity, and caloric intake but no significant
improvements in food intake were found compared with the
control group. Other apps to monitor diet have also found
improvements in dietary patterns (16, 31, 32).

Apps that generate a meal plan: we found very limited
studies that evaluated such apps. A study evaluated the
SmartLoss app, an app developed based on the planned
behavior, reasoned action, and social cognitive theories that
includes a diet plan, goal setting, weight change monitoring,
and automated feedback, in young healthy adults (33). After
12 wk, weight loss was significantly larger in the app group
compared with the control group.

Apps that score foods: we found limited studies that
evaluated such apps. The Snack Track School is an app
developed by researchers to present a virtual high-school
environment with a personal snack track tool and goal
settings, for adolescents to search and select their snack
based on a score (34). Evaluation among a large sample

of adolescents revealed no significant positive intervention
effects on the healthy snack ratio. Another study pilot tested
the Snackability app, an app that scores snacks based on
the USDA guidelines for healthy snacks, among 20 college
students (23). Students reported that the app was a good way
to help them select and consume healthy snacks and had high
user ratings for feasibility, usability, and acceptability.

Apps that generate a healthy grocery list: similarly, we
found limited studies that evaluated such apps. One of these
studies evaluated MyNutriCart app, an app that generates
a healthy grocery list based on the caloric and nutrient
requirements of the household (24), among overweight
adults for 3 mo (22). There were significant improvements
in household purchasing, in individual intakes, and in the
individual frequency of intake of certain healthy foods
within the intervention group (P < 0.05) but no significant
differences were found compared with the control group.

Capabilities of traditional versus mobile-based
nutrition research and intervention
The ubiquitous carrying and use of mobile devices by nearly
all in the population has normalized digital monitoring and
recording behaviors. As a result, including similar behaviors
in protocols for research participants does not feel unique
to research but rather, integrates easily to “normal” daily
activities in a free-living context. Mobile app monitoring
throughout the day allows for more comprehensive record-
ing and communication with participants compared with
traditional methods of relying on memory, paper-pencil
recording, photographs, or communication via phone calls.
Thus, mobile-based nutrition applications foster an expan-
sive potential for research and intervention delivery. An
added potential exists for self-monitoring behaviors related
to nutrition and health and provision of this information
to health care providers (35). Although some traditional
nutrition research and interventions have provided infor-
mation on dietary behavior and health back to participants
and providers, no additional automated platforms have been
available for individualized health monitoring (Table 1).

Along with “who” monitoring of nutrition- and health-
related behaviors may be shared with, the assessment
capabilities are also enhanced in mobile-based applications
compared with traditional assessment. With regards to
dietary intake, images may be used to capture types and
amounts of food and beverages before and after dietary
intake, as described above (36). Although these images
are still self-reported, objectivity is improved with the
presence of image capture (36). Other data recorded may
include timestamps, location, additional information about
the environment, who is present, lifestyle factors, and other
health information (heart rate, activity monitoring, blood
sugar, etc.) occurring simultaneously. The capture of these
assessments may also allow indirect quantification of other
important lifestyle factors without input from the individual,
for example deriving sleep duration from activity and heart
rate (37). In contrast, traditional assessment for many of
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TABLE 1 Capabilities of traditional versus mobile-based nutrition research and intervention

Traditional Mobile-based

Assessment method Paper and pencil or interview Cell-phone application
Communication Researchers Participant, researchers, health care providers
Goals Research (estimate intake, dietary adherence, link to

health)
Research and individualized health monitoring

Assessment capability Self-reported diet and lifestyle behaviors,
environmental factors, times

Image-based and automated capture of diet and
lifestyle behaviors, health, environmental factors,
timestamped

Dietary assessment user
burden

Up to 45 min per dietary assessment Potential for quick image capture with machine
learning from user input

Time to process and use data Weeks to months Potentially real time
Dietary assessment accuracy Up to 30% error and estimation difficulty Similar or better than 30% error, limited estimation

with image capture
Researcher burden Time consuming, erroneous data processing and

transfer
Limited time, potential for automated processing

Interventions Resource-intensive, often involve face-to-face or
phone contact

Automated, electronically delivered, potential
automated reminders, and compliance monitoring

these nutrition- and health-related factors was reliant on self-
reports with a heavy estimation burden making the capture
of so many diverse factors that occurred simultaneously
unrealistic to assess.

The time required to report behaviors represents an-
other capability for dramatic improvement using mobile
applications compared with traditional methods. Automated
assessment, as in the integration of activity monitors with
mobile-based applications, are possible for some data capture
without time or extra effort on the part of the participant
(38). In other cases, the speed of assessment is enhanced, for
example, image capture of dietary intake either paired with
automated food identification or expert review, may shorten
the time to complete dietary assessment from 45 min for
recording dietary intake in a day to 10 min or less to capture
images before and after eating. Machine learning from user
input may also minimize user burden over time as the daily
habits of the participant are captured, the system may predict
upcoming assessment occasions and simply require review
or confirmation. Similarly, the time required for researchers
to prepare the data may be reduced using mobile-based
compared with traditional nutrition assessment methods.
Electronic data capture can be sent to a server where
automated processing transforms the data to uniform digital
records ready for analysis (39).

Errors influence the accuracy of the data and represent
another construct that may be improved using mobile-based
applications compared with traditional methods for nutrition
assessment in research. Errors in memory, bias related to
reporting undesirable behaviors or self-perceived “nonnor-
mal” behaviors, and inaccuracy in amount estimation are all
common in traditional self-reported assessment. Conversely,
bias related to over-reporting desirable behaviors may also
exist. Estimation of amount may be difficult to conceptualize.
Sometimes estimation of the average amount over a period of
time is requested presenting a further challenge. Up to 30%
error in calculating total energy has been estimated in various

studies of traditional recall (36, 40). Similar errors may
not be completely avoidable in mobile-based assessment as
participants may still need to take images of food or report on
how much they consumed. However, evaluation of accuracy
using mobile apps has shown similar or better estimates
of error in participant records compared with traditional
dietary assessment (36, 40). Errors may also be avoided on the
researcher side of collecting mobile data. Traditional forms of
assessment include human input or transfer of data from one
form to another that are rife with opportunities where error
may influence record keeping. Sometimes multiple steps of
data processing are required for preparation before analysis,
and in each step additional errors may be accrued.

The time from assessment to data use or to data feedback
may be dramatically shortened with mobile-based compared
with traditional nutrition research. Mobile platforms can
collect assessments and instantaneously send information to
a server where it may be processed and sent to researchers,
users, and health care providers. The potentially real-time
use of data allows for enhanced research capacity, monitoring
adherence to study protocol, and potential correction before
exclusion is necessary. Similarly, opportunities for interven-
tion while individuals are engaging in certain behaviors
is possible as constant monitoring in real time allows for
detection of the behavior and alert or communication back
to the individual as a reminder to change the behavior.

Another opportunity for mobile applications is interven-
tion delivery and advancing the measure of adherence to
intervention protocols. Traditional nutrition interventions
have several limitations that can be overcome using mobile-
based interventions. For example, traditional nutrition in-
terventions are resource-intensive, often including face-
to-face contacts that entail expense to participants and
investigators with generally low participant compliance (41).
These interventions are often not sustainable over time or
easily translatable to the community or health care settings,
where time and resources are limited. Leveraging technology
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in interventions could overcome barriers in research as
they eliminate the need for face-to-face interviews, making
these interventions more cost-effective and easier to translate
to other settings. Also, using mobile apps may improve
retention and compliance compared with those not using an
app (20, 41).

Considering all of these facets of nutrition research and
interventions, mobile-based nutrition applications offer new
discovery and potential to improve health. The simultaneous
collection of multiple types of dietary, lifestyle, and health
information in addition to contextual information on the
environment, timing, and duration of activities, and the
movement of individuals over space and time and in real time
provides new horizons to explore regarding the relation of
how these multiple factors influence behavior and health. Yet,
there are also challenges.

Challenges in using diet mobile apps in research
Lack of user ratings and experiences: most apps are not
evaluated for user ratings and experiences. It is important to
understand how users engage with these health apps. Apps
that promote healthy lifestyles or promote smoking cessation
in which they engage participants and provide personalized
feedback have shown to improve user engagement and
adherence (29, 42). However, few studies have evaluated if
user rating and experience with the app is correlated to the
quality of the app. A survey among various experts to rate 137
patient-facing mHealth apps found that consumers’ ratings
were poor indications of apps’ perceived quality. Therefore,
more research is needed relating nutritional apps user rating
and quality (43).

Compliance issues: several studies have shown that health-
related mobile apps have a 30-d threshold use. This means,
that after 30 d, the use of the app starts declining (44). A
cross-sectional study on the use of the Lose It! app among
1,011,008 users found that the average length of engagement
with the app was 29 d, varying from 3.5 to 172 d (45). The
study evaluating the eBalance app found that the frequency
of app use was 2.7 (SD 1.9) d/wk and the adherence rate was
56% (29). A review of web-based interventions found that
the general adherence rate to mobile apps was about 50%
(46). Another study using a self-monitoring app for vegetable
intake showed that app engagement declined over time which
limited the overall usage and intervention effectiveness (41).
Similarly, the study evaluating the MyFitnessPal found that
most users reported high satisfaction but logins dropped
sharply after the first month (33). Also, the study evaluating
the Snack Track School found that only 268 adolescents
started using the app, of whom only 55 (21%) still logged in
after 4 wk (47).

Lack of personalized feedback and support: feedback
improves user engagement and adherence (29, 41, 45). Also,
social support can help achieve behavioral changes (48).
Often, studies personalized the feedback separately through
social media or short text messages, and did not integrate
the feedback to the app. Studies suggested that personal
support with the app and tailored or personalized incentives

matched with user preference are important to increase the
adherence which, in turn, would probably improve outcomes
even more. The more the app was personalized, the more
users engaged. However, more studies validating these app
components are needed.

An example of integrating data to inform health for
future data collection from mobile apps
The many new opportunities presented in assessment and
intervention using mobile-based applications expand possi-
bilities for discovery in the diet-health relation. Simultaneous
measure of multiple dietary, health, and environmental
factors and how these may change over time bring the
aspect of timing of these behaviors and activities to the
forefront as the uniting continuum of their relations. The
timing of dietary intake and other lifestyle behaviors has
recently received greater attention as an important factor in
health. For example, with regard to dietary intake, breakfast-
skipping behavior and dietary intake later in the day has
been linked with poor metabolic alterations (49, 50) and
increased risk of diabetes type 2 (51–54). Physical activity
is another behavior that occurs throughout the day and for
which time may be an important factor to its link with
weight and metabolic control (55, 56). Several studies have
evaluated the relation of health with the timing of exercise
relative to a single meal or over a single day (57–62). A recent
review of the joint consideration of the timing of dietary
intake and physical activity showed that exercise performed
after a meal throughout the day had a beneficial impact
on postprandial glycemia and supports hypotheses that the
timing of multiple health behaviors may be important in a
relation to health, or may link to health synergistically in
ways that their independent consideration does not reveal
(63, 64).

The data available from mobile-based assessment and
monitoring may be utilized to integrate behaviors such
as dietary intake and physical activity along with other
important lifestyle factors such as sleep, sedentary behavior,
and emotional factors that may be related to health like
anger, fear, anxiety, contentedness, relaxation, and others
which could also be quantified using heart rate or other
bioindicators. Further, the duration, amount, or quality
of these factors may also be quantified and integrated to
patterning the data. Yet, few attempts have been made
to integrate lifestyle behaviors over time despite the data
currently being generated from mobile-based applications.

An example of integrating multiple aspects of dietary
behavior to create temporal dietary patterns, however, was
contributed by Eicher-Miller et al. (65) and Aqeel et al. (66).
The distribution of time was used as a uniting factor to
temporally pattern dietary intake, specifically the amount
(kcal) of energy per eating occasion, the sequence of eating
occasions, and their frequency over a 24-h day. The results
showed that temporal dietary patterns characterized by
moderate and proportionally equivalent energy consumed
at evenly spaced eating events throughout a 24-h day were
associated with higher dietary quality among US adults aged
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20–65 y (1627) compared with participants exhibiting other
temporal dietary patterns (65). Evaluation of these temporal
dietary patterns with health outcomes (66) showed further
benefits for the adults with patterns of evenly spaced and
energy-balanced eating events in a 24-h day. This group
had statistically significant and clinically meaningful lower
mean BMI (P < 0.0001), waist circumference (P < 0.0001),
and 75% lower odds of obesity compared with 3 other
groups representing patterns with more dramatic energy
peaks either earlier or later in the day (66). This study
provided evidence that incorporating time with other aspects
of a dietary pattern is related to health status and holds
promise for further integration of lifestyle factors.

Temporal physical activity patterns were also created (67)
using activity counts, representing the intensity of physical
activity, captured throughout a 24-h day with physical
activity accelerometers (n = 1999 adults 20–65 y). The group
with a temporal physical activity pattern of high physical
activity counts later in the day (between 16:00 and 21:00),
had lower mean BMI (P < 0.001), waist circumference (P <

0.01), and 60% lower odds of obesity relative to normal
weight status (OR: 0.4; 95% CI: 0.2, 0.8), compared with
the group with the lowest activity counts throughout the
day. Another group had high activity counts earlier in the
day (between 08:00 and 11:00) and lower BMI and waist
circumference compared to those formerly mentioned with
the lowest activity counts (both P < 0.05). Thus, significantly
lower mean BMI and waist circumference were associated
with adults who had temporal physical activity patterns of
higher activity counts performed early or late in the day
compared with adults with a temporal pattern with the lowest
physical activity counts (67).

Finally, the temporal patterns of diet and physical activity
were integrated to form joint temporal dietary and physical
activity patterns in 1836 adults aged 20–65 y (68). Results
showed that a cluster, representing joint temporal dietary
and physical activity patterns with proportionally equivalent
average energy consumed at 2 main eating occasions (at
13:00 and 20:00), and high physical activity counts, had
significantly lower BMI (P < 0.0001), waist circumference
(P = 0.0002), total cholesterol (P = 0.01), and odds of
obesity (OR = 0.26, P < 0.0001) compared to a cluster with
greater energy consumed at 2 main eating occasions (at 13:00
and 20:00), and low physical activity counts. The temporally
and jointly patterned sequence of diet and physical activity
throughout a 24-h day had significant associations to BMI,
waist circumference, total cholesterol, and obesity (68). The
integration of multiple types of lifestyle factors like diet and
physical activity is possible and has a relation with health,
holding promise for the future development of lifestyle
patterns that integrate additional temporal and contextual
activities.

This example of integrating dietary and activity data
in time could be expanded to integrate other time-bound
behaviors and health data or status indicators. Expansion of
the patterns over multiple days and periods is another area
that requires investigation and is likely to yield important

discoveries as it is behaviors over years that lead to chronic
health conditions. Clarification of the role of the timing and
duration of behaviors, with development of stronger evi-
dence, could be translated to population guidelines. Mobile-
based applications may then be enriched with interventions
that promote or monitor such lifestyle patterns and guide
individuals when behaviors diverge from healthy patterns.

Summary
Mobile apps quantifying behaviors and offering interventions
to improve dietary, lifestyle, and health behaviors expand the
capacities of traditional dietary behavior assessment, trans-
lation of the quantified information, time burden and ease
of data share, potential accuracy, and platforms for real-time
interventions. However, challenges include demonstration of
successful intervention efficacy, user enjoyment and engage-
ment, participant adherence, and personalized feedback and
support. Many new opportunities for discovery in the diet-
health relation are presented with mobile app capacity to
quantify multiple types of data at one time, to process and
communicate rapidly between the user and server or with
other outlets. Mobile apps may collect an expanded range
of behavioral and health data that has the potential to be
integrated in its relation to the timing of activities over days,
weeks, and months. Other environmental, cultural, personal,
and even emotional factors may also potentially be integrated
and used to discover (63) how the interactive effects of these
various components contribute to health outcomes. Mobile
apps provide new platforms for prevention and disease
management. Individualized guidance and feedback may be
provided as apps learn patterns. Finally, the ubiquitous use of
mobile devices among the population offers a practical and
inexpensive way to reach groups at risk.
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