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Abstract

The use of mobile health applications (apps) especially in
the area of lifestyle behaviors has increased, thus pro-
viding unprecedented opportunities to develop health
programs that can engage people in real-time and in the
real-world. Yet, relatively little is known about which fac-
tors relate to the engagement of commercially available
apps for health behaviors. This exploratory study exam-
ined behavioral engagement with a weight loss app, Lose
It! and characterized higher versus lower engaged groups.
Cross-sectional, anonymized data from Lose It! were an-
alyzed (n=12,427,196). This dataset was randomly split
into 24 subsamples and three were used for this study
(total »=1,011,008). Classification and regression tree
methods were used to identify subgroups of user en-
gagement with one subsample, and descriptive analyses
were conducted to examine other group characteristics
associated with engagement. Data mining validation
methods were conducted with two separate subsamples.
On average, users engaged with the app for 29 days. Six
unique subgroups were identified, and engagement for
each subgroup varied, ranging from 3.5 to 172 days.
Highly engaged subgroups were primarily distinguished
by the customization of diet and exercise. Those less
engaged were distinguished by weigh-ins and the cus-
tomization of diet. Results were replicated in further
analyses. Commercially-developed apps can reach large
segments of the population, and data from these apps
can provide insights into important app features that may
aid in user engagement. Getting users to engage with a
mobile health app is critical to the success of apps and
interventions that are focused on health behavior change.
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Introduction

Americans are increasingly relying on mobile tech-
nology and the internet for health-related information
and resources [1]. The proliferation of smartphone
ownership among US adults, particularly among tra-
ditionally underserved populations (e.g., low-income,
racial/ethnic minorities), has expanded the potential

Implications

Practice: Identifying behavioral factors associated
with engagement of a mobile health app may be
helpful in sustaining user engagement for mobile
health interventions.

Policy: Behavioral researchers can use exploratory
data mining and validation methods with big data
to increase confidence in the results that are
obtained.

Research: Future longitudinal and experimental
research is needed to further explore what type of
groups engage in weight loss apps, which factors
best characterize these groups, and what methods
and strategies increase and/or sustain their utiliza-
tion of these apps.

This manuscript represents original work that has
not been published elsewhere. All authors had full
access to and participated in all aspects of the
research, including the data analysis and writing
process. Because the data that were analyzed and
reported in this paper were proprietary, only
researchers at the National Cancer Institute and
approved consultants were allowed access to the
data.

reach of healthy eating, physical activity, and weight
loss programs. From 2011 to 2015, the percentage of
US adults owning a smartphone increased from 35 to
68% [2], and low income and racial/ethnic popula-
tions were more likely to be “smartphone” depen-
dent, thus relying primarily on their phone for health
information [3].

In general, the development of health and wellness
smartphone applications (apps) has outpaced empiri-
cal investigations of these apps [4, 5]. Fortunately, data
mining approaches can be used to explore patterns in
health app data as well as confirm the reliability of the
findings in a relatively rapid fashion. For example,
classification and regression tree (CART) analyses
have been used to identify different classifications of
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weight loss among those using a health app, and these
exploratory findings were quickly confirmed in inde-
pendent samples taken randomly from the same data-
set [6]. These rapid and sequential exploratory and
confirmatory analyses can provide preliminary,
empirically-based insights into who uses health apps,
thus providing more scientific rigor than anecdotal
findings or exploratory only investigations.

While smartphones now provide unprecedented
opportunities to develop health programs that can
engage people in real-time and in the real-world, lack
of user engagement with existing health apps is a
concern [7, 8]. Often individuals download a health
app and never use it again, with only about 16% of
users willing to give apps a third chance [9]. Identifying
specific app features that encourage users to stay ac-
tively engaged with an app may help increase the dose
of information users receive. Sama and colleagues
[10], in their analysis of 400 health and wellness apps
available in the Apple iTunes Store, found that self-
monitoring was the most commonly used engagement
technique (at 74.8%). Yet, there may be distinct groups
who are more likely to engage with a particular health
app [11] that may not be captured by just focusing on
the engagement strategies used for app users in
general.

Prior exploratory research notes that app user en-
gagement (e.g., food days logged) was a key factor in
distinguishing between those who were more and less
successful at weight loss [6]. In addition, greater cus-
tomization of the app was associated with more likeli-
hood of weight loss success. Based on these results, the
questions that arise are (1) what features of the app
differentiate those who are more versus less engaged
with this weight loss app? and (2) what are the charac-
teristics of high versus low user engagement groups?
We explore these subsequent questions using the
“Lose It!” database, a commercial weight loss app that
has served over 24 million users since its inception in
2008 with an average of three million active users each
month (http://www.loseit.com/about/). Specifically,
the purposes of this study are to explore the features
of a weight loss app that are related to behavioral
engagement and to characterize higher versus lower

engaged groups.

Methods
Sample
Researchers at the National Cancer Institute forged a
relationship with Lose It! and a formal collaboration
was agreed upon. Data were made available for re-
search purposes only, and cross-sectional, anonymized
data (n = 12,427,196) were provided by Lose It! The
study was reviewed by HHS/NIH Office for Human
Research Protections and given approval/exemption
because secondary data analyses were conducted with
de-identified data.

The application Lose It! (hereafter, known as the
app) is available through the iOS and Android mar-
kets, as well as the web. The app provides users with

several tools to assist them with weight loss; for exam-
ple, food tracking with the aid of barcode scanners, the
ability to sync the app with other devices and applica-
tions (e.g., Fitbit, Nike+), motivation and support by
finding and connecting with friends on the app, and
options for nutrition feedback (e.g., app-generated
reports that compare a user’s food log with the US
Department of Agriculture’s MyPlate recommenda-
tions). A user can create an app account and a weight
loss plan based on his/her height, weight, exercise
level, target weight goal, and desired weekly weight
loss. The plan consists of logging in weight via self-
report or a synced device (e.g., Wi-Fi enabled devices),
and logging in diet and exercise. In addition, the app
provides tools that allow users to identify friends and
share progress and information with them.

Data from users who had Lose It! accounts during
2008 to 2014 were analyzed. The data provided were
from the metadata reporting database, which is used to
power the app and provides a general summary of user
activity. Data included the following information: gen-
der, age at the start of the account; height; body weight
(3 values: start, minimum, and maximum); body mass
index (BMI); desired target weight; desired weekly
weight loss; number of days logged in for food and
exercise; number of exercise calories burned; number
of calories consumed; number of times weighed in;
number of days active (logged) on the app; date of last
activity; devices and applications connected to a user’s
account; type of operating system used; number of
friends and groups on app; number of challenges users
participated in; number of customized goals, foods,
recipes, and exercises created; and app-specific
options (e.g., has a picture, uses reminders). Weight
and health behavior data were self-reported, while
technical-related data (e.g., operating system used,
app-specific options) were from the system’s database.
More time-intensive longitudinal data were not readily
available at the time of analyses.

Data preparation

Prior to analyses, duplicate records were removed,
and codes were created distinguishing between miss-
ing and invalid data; valid ranges for each variable
were implemented. For example, records that
contained exactly the same information for all varia-
bles were removed, and one record for that user was
kept. There were 63,641 duplicate records that were
deleted, leaving a total sample of 12,363,555. Howev-
er, this dataset was too large to handle on a single
computer. For computing management and efficiency
reasons, the dataset was randomly split into 24 sub-
samples, each with a sample size of approximately
500,000.

The current study used three subsamples. The fol-
lowing exclusions were applied to each subsample: (a)
users who were not active or had zero days of activity,
(b) users who were less than 18 years old or greater
than 70 years old at the start of the account (older
adults, 65 and older, are less likely to use health-
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related smartphone apps [1]); this was a conservative
strategy as it is unlikely that anyone greater than
70 years old would be using this system), (c) partici-
pants who reported to being younger than 18 at the
date of last activity, and (d) participants with weight
loss values that were out of range; for example, mini-
mum weight values that exceeded start weight values
were considered as out of range. Regarding this last
criterion, if a user is new to the app, then the minimum
weight should theoretically equal the start weight be-
cause no other weight has been recorded. If minimum
weight is greater (e.g., 160) than start weight (e.g., 150),
then the data are suspect given that minimum weight
should be the lower value. Applying these exclusions
resulted in the following analytic samples:
n; = 336,968; ny, = 337,262; and n3 = 336,778 (data
flow chart shown in Fig. 1). The outcome of interest
was user engagement, which was operationalized as

app use, that is, the number of days users logged in on
the app. The predictors included demographics and
app features.

Exploratory data mining approach

Data mining methods via CART analysis were used.
CART analysis, also called recursive partitioning, is a
tree-building technique that uses the data to predict a
response [12-16]. CART is a non-parametric ap-
proach that identifies mutually exclusive and exhaus-
tive subgroups of individuals sharing common attrib-
utes that influence the outcome of interest. For classi-
fication, the CART procedure uses a splitting criterion
to assess all possible predictors and chooses a splitting
variable that separates individuals into binary groups
that are the most different with respect to the outcome
[17]. For regression, the splitting criterion is made in

Total sample
(n=12,427,196)

(n=117,797; missing

Duplicates
(n=63,641)
Total sample
(n=12,363,555)
Randomly split into 24
subsamples®
Subsample 1 Subsample 2 Subsample 3
(n=515,148) (n=515,148) (n=515,148)
If days active <0 If days active <0 If days active <0

(n=117,879; missing

(n=118,035; missing

n=0)

n=0)

n=0)

If <18 or >70 at set up
of account (n=54,593;
missing n=35,514)

If <18 or >70 at set up
of account (n=54,401;
missing n=35,278)

If <18 or >70 at set up
of account (n=54,521;
missing n=35,292)

If <18 at date of last
activity (n=48; missing
n=39)

If <18 at date of last
activity (n=42; missing
n=38)

If <18 at date of last
activity (n=39; missing
n=34)

If minimum weight >
start weight (n=5,742;

If minimum weight >
start weight (n=5,564;

If minimum weight >
start weight (n=5,775;

missing n=946) missing n=904) missing n=1,002)

Included in study Included in study
(n=336,968) (n=337,262)

Included in study
(n=336,778)

2This study used 3 subsamples.

Fig. 1| Data flow chart
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| 29 days engaged |

Does not have
customized recipes

Weighed in <2 times Weighed in >2 times

3.5 days engaged

45% (n=153,134)

No customized

16 days engaged
18% (n=61,625)

Has customized
foods foods

Has customized
recipes

No customized Has customized
exercises exercises

85 days engaged
6% (n=19,689)

172 days engaged
3% (n=8,697)

I
No customized

exercises
1

1
Has customized
exercises

45 days engaged
21% (n=70,452)

81 days engaged
7% (n=23,371)

Fig. 2 | Regression tree for identifying subgroups of user engagement with the training sample (z = 336,968)

accordance with the ANOVA method and chooses the
split that maximizes the between-groups sum of
squares [17].

Although CART methods have been available for
some time, only now have they been increasingly
applied to health behavior research [12, 13, 18-20].
CART methods have several advantages over more
traditional techniques, such as logistic regression, used
in health behavior research. Because CART methods
are non-parametric, no assumptions are made about
the underlying distribution of the data, making it well
suited for highly skewed distributions or even extreme
scores or outliers [12, 13, 16]. Missing data are also
handled differently. If data are missing at a specific
split point, surrogate variables with similar informa-
tion to the primary splitter are used [17], an important
consideration given to the missing data often observed
with commercial health app data.

Statistical analysis
The CART analysis was conducted in R (version 3.1.3),
using the package rpart [17]. The default settings in

rpart were used, with the exception of the minimum
number of observations in a node to compute a split as
well as the terminal node, which were both set to 3000
(1% of the sample) versus the default of 20 and 7,
respectively. These settings were used to achieve a more
parsimonious and interpretable model. Specific details
about this R package can be found elsewhere [17]. The
CART analysis identified mutually exclusive subgroups
in subsample 1 (hereafter, known as the training sam-
ple), which were then used to conduct comparative
analyses to examine additional factors that may further
distinguish the various subgroups. Due to the large
sample size, significance in the additional analyses was
determined by the unique variance explained by the
predictor variables (using R or Cramer’s V) rather than
pvalues. As a rule-of-thumb, the predictor variable had
to account for at least 1% of the variance [6]. These
additional analyses were conducted in SAS (version
9.3; SAS Institute, Inc.).

To examine the robustness of the CART model
identified in the training sample, the model predictions
were evaluated with subsample 2 (hereafter, known as

TBM
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data mining validation sample 1). Conversely, the
training sample was used to train the model/
regression tree, and this tree was used to test data
mining validation sample 1 [21]. The root mean
squared error (RMSE) was calculated to measure the
differences between the predicted values obtained with
the training sample and the actual values observed in
the data mining validation sample. An additional eval-
uation was conducted with subsample 3 (hereafter,
known as data mining validation sample 2) to assess
how well the model performed on another indepen-
dent subsample. The RMSE was also obtained with
data mining validation sample 2. For the purposes of
obtaining the lowest RMSE and comparing it with the
one originally obtained, the CART analysis was re-run
with the training sample, varying the complexity pa-
rameter (i.e., a criterion that takes into account the
consequences of misclassification) to 0.001 (versus
0.01) and applying the same minimum number of
observations in the node and terminal node. For addi-
tional exploratory purposes, a CART analysis was
conducted with data mining validation sample 2, and
the second model was obtained and compared with
our first model.

Results

The CART model, including the best predictors that
formed the splits and the identified subgroups, is dis-
played in Fig. 2. As shown in Fig. 2, the average
number of days users logged on the app in the training
sample was 29. Six unique subgroups were identified
according to the split variables that best distinguished
them.

The subgroup that had the lowest app use logged on
the app had an average of 3.5 days, and these users did
not create customized recipes and they reported their
weight only once or never at all. Next, was the sub-
group of individuals who logged on for an average of
16 days; these individuals did not create customized
recipes nor any customized foods, but reported their
weight at least two or more times. The next two sub-
groups had no customized recipes, logged in weight at
least two or more times, and logged in customized
foods. However, what differentiated these next two
subgroups from each other was whether users had
created at least one customized exercise. Users who
did not create a customized exercise used the app an
average of 45 days, and those who had customized
exercises used the app an average of 81 days. The two
subgroups who used the app the most, both had cus-
tomized recipes, but users were further divided by
whether they generated customized exercises. Recipes
without customized exercises equaled to 85 days of
engagement, but with customized exercises, engage-
ment equaled to 172 days.

Additional characteristics to help describe the sub-
groups are presented in Table 1. The majority of app
users were females. The most active group (172 days)
logged in their weight the most, logged in a higher
number of exercise days, had a higher percentage of

iPhone users versus Android or web, had one or more
devices linked, had more friends on the app, were part
of a group, had administered a challenge, and had
customized the app more (e.g., had a picture).

Interestingly, certain subgroups had similar charac-
teristics but different engagement levels, while other
subgroups had similar engagement levels but rather
different characteristics. Subgroups 2 and 3 had similar
characteristics but differed primarily on whether users
created customized foods—if a user had customized
foods (but no customized exercises), they were active
for 45 days versus 16 days. Subgroups 4 and 5 had
similar engagement levels (81 days versus 85 days of
activity), but differed from each other on whether users
generate customized recipes, with users in subgroup 4
being identified as weighing in more than two times
and having customized foods and exercises. Users in
subgroups 4 and 6 both had customized exercises, but
differed from each other based on customized recipes;
having customized recipes and exercises resulted in
more than double the engagement, 172 days of app
use. Additional analyses indicated that subgroup 6 also
had the highest percentage of iPhone users and the
highest use of customized app features of all the sub-
groups. Subgroups 2 and 3 had about the same per-
centage of females whereas subgroup 4 had a higher
percentage of females than subgroups 5 or 6.

The RMSE obtained with data mining validation
sample 1, using the CART model from the training
sample, was 73.16. The RMSE obtained with data
mining validation sample 2, using the same CART
model predictions, was 73.77. Varying the complexity
parameter to produce a separate CART model with
the training sample produced an RMSE of 71.85,
which is only slightly better than the RMSE obtained
with the original model. Thus, the original CART
model (Fig. 2) was retained. A secondary model was
obtained with data mining validation sample 2 to com-
pare with the original model. The splits for this model
were identical to the original model, and the sub-
groups identified were almost identical as well.

Discussion

Commercially-developed mHealth apps can reach
large segments of the population, and data from these
apps can provide insights into important app features
that aid in user engagement. This study identified sub-
groups of user engagement, and descriptive analyses
further characterized these subgroups. Results showed
that particular subgroups emerged when focusing on
behavioral engagement, and these subgroups were
primarily distinguished by the customization of diet
and exercise among high engagement subgroups and
by weigh-ins and the customization of diet among low
engagement subgroups.

Findings are consistent with prior research that has
focused on defining and characterizing weight loss
subgroups among app users in that customization of
an app is important [6]. Yet, while prior research sug-
gests that general app customization (i.e., the overall
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number of features a user customizes) is associated
with weight loss success, the present study finds that
customization patterns of diet (i.e., food and recipes)
and exercise, in particular, are keys to the classification
of app users when it comes to behavioral engagement.
As these data are cross-sectional, causal relationships
cannot be established. Moreover, the available behav-
ioral engagement variable being defined as number of
food days logged precludes the evaluation of exercise
alone as a behavioral outcome. Nonetheless, distinct
behavioral engagement subgroups defined by custom-
ized diet, customized exercise, and weigh-ins suggest
that users may have different reasons or strategies (e.g.,
diet only, diet and exercise, curiosity) for using weight
loss apps.

Findings further suggest that encouraging users who
only customize their food entries to add customized
recipes may be a helpful strategy for increasing user
engagement. In addition, subgroups that customize
exercise in addition to diet were engaged twice as long
as subgroups that customized diet alone. While the
highest engagement subgroup customized many more
app features than the other subgroups, focusing on
ways to tailor motivational messages to the reasons
or strategies for using the app (e.g., diet only, diet,
and exercise) for the low- and middle-range engage-
ment subgroups may help increase app use. Future
longitudinal research is needed to explore this
possibility.

But how does customization of an app lead to great-
er engagement? Studies suggest that customization
provides users with a sense of identity and sense of
control or agency [22, 23], which implies that a user
must feel that he/she is in control in order to be
engaged. In this case, it is possible that users may need
to feel a sense of control over the technology in order
to be engaged in achieving the health outcome desired,
that is, weight loss. This hypothesis should be further
explored. Others have suggested several behavioral
techniques that may aid in mHealth user engagement
[10], but customization was not one of them. Incorpo-
rating more customizable features in mobile health
applications, targeting key subgroups, may help to
facilitate longer use, and thus better health outcomes.
Those involved in mHealth interventions should take
this into consideration.

Limitations

There were limitations associated with this study. This
study analyzed data from a commercial app; therefore,
the app sample may not be representative of a national
population. To examine this, the entire app sample
was compared with a weighted-nationally representa-
tive sample. Data from the National Health Informa-
tion Survey (NHIS) during the years 2008-2014 were
assessed. After restricting both samples to include
those only 18-70 years old (the app: n= 10,444,981
NHIS: n= 186,134 with final sample weights), the app
sample had a higher percentage of women (75%) than
the NHIS sample (51%) and had slightly younger

(35.5 years) respondents than the NHIS sample
(42.6 years). Also, the data analyzed were metadata
and summary data, so specific longitudinal patterns of
engagement were not assessed. In addition, this study
operationalized user engagement as the number of
days users were active (i.e., logged at least one food)
on the app. Others have proposed different definitions
of user engagement [24, 25], and there is currently no
consensus on the definition and operationalization of
user engagement.

Apart from objective information obtained from a
synced device, data were mainly self-reported. Thus,
there is no way to ensure the accuracy of the data or
the validity of the findings since the quality of the data
is based on how accurately users reported their infor-
mation. Although our analytical approach (i.e., CART
analyses) allowed for skewed and missing data, it has
no control over the quality of the data. In addition, the
results of this study are based on data from users of
Lose It! It is unknown to what extent this population of
users is like other users of a similar app. Therefore, the
results obtained in this study may not be generalizable
to other weight loss apps. Despite these limitations,
this study was able to provide some insight into app
features that are associated with user engagement in a
commercial health app that has wide reach, which may
help to inform the development of future smartphone
apps aimed at improving health.

Conclusions

This study used exploratory data mining methods to
identify different subgroups of user engagement with
data from a weight loss app. A strength of this study is
that data mining validation methods were used to
confirm the stability of the initial results. Results
revealed that the most engaged subgroup customized
their recipes and exercises and utilized more custom
features of the app, revealing the importance of cus-
tomization for behavioral engagement. Moreover, for
weight loss apps, defining key motivations of distinct
subgroups may be helpful in sustaining user engage-
ment. Future longitudinal and experimental research
is warranted to further explore which groups engage in
weight loss apps, which factors best characterize these
groups, and what methods and strategies increase and/
or sustain their utilization of these apps.
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