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Abstract

Behavioral medicine is devoting increasing attention to the topic of participant engagement and its
role in effective mobile health (mHealth) behavioral interventions. Several definitions of the term
“engagement” have been proposed and discussed, especially in the context of digital health
behavioral interventions. We consider that engagement refers to specific interaction and use
patterns with the mHealth tools such as smartphone applications for intervention, whereas
adherence refers to compliance with the directives of the health intervention, independent of the
mHealth tools. Through our analysis of participant interaction and self-reported behavioral data in
a college student health study with incentives, we demonstrate an example of measuring “effective
engagement” as engagement behaviors that can be linked to the goals of the desired intervention.
We demonstrate how clustering of one year of weekly health behavior self-reports generate four
interpretable clusters related to participants’ adherence to the desired health behaviors: healthy and
steady, unhealthy and steady, decliners, and improvers. Based on the intervention goals of this
study (health promotion and behavioral change), we show that not all app usage metrics are
indicative of the desired outcomes that create effective engagement. As such, mHealth intervention
design might consider eliciting not just more engagement or use overall, but rather, effective
engagement defined by use patterns related to the desired behavioral outcome.

Keywords
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1 INTRODUCTION

Smartphone applications (apps) are increasingly used to provide real-time feedback and
deliver intervention material to support positive health behavior changes [65]. The ease of
access to information on mobile devices has increased the reach of health behavior change
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interventions and the potential for remote health monitoring [23, 38]. With the advent of
moving behavioral interventions on to smartphone apps, patients can now have an
intervention available all day and every day. While there are several proposed frameworks
for designing interventions that might enhance adherence, few consider either evaluating
engagement by the patient with the intervention or more specific to mHealth, evaluating
multiple metrics of app use or exposure and dose of the mHealth intervention. These may be
important mechanisms in the mHealth treatment pathway [4, 5, 73]. Studies involving
participant experiences with technology, not only in mHealth, but in most studies involving
participant interaction with technology, generally agree that engagement with the technology
is essential in generating health behavior change [7, 12, 16, 17, 28, 44, 51, 52, 60, 63, 64,
77]. As such, there is a growing interest in examining ways to increase engagement in
mHealth behavior interventions [24]. However, there is little guidance regarding how much
engagement, or dose of intervention, is sufficient to elicit positive health behavior change.

There is great variability in the definition of ‘engagement’, ranging from a sequence of
linked behaviors and usage patterns [6], a focused experience [66], a participant’s subjective
experience [75], to a willingness to direct attention to a specific activity [55]. Furthermore,
engagement is sometimes referred to as the offline experience of the user, that is, a cognitive
or reflective type of experience resulting from collection and integration of data that could
lead to action to inform change. [3, 19, 20, 40]. In response, Perski et al’s. [55] systematic
review proposed that in the field of digital health behavior change interventions, engagement
should incorporate objective and subjective measures. The objective measure is defined
based on the use patterns measured using various tools including smartphones to track
number of logins, time spent online, and the amount of content used during the intervention
period [13, 17, 25, 42, 47]. It also included physiological measures using wearable sensors
such as cardiac and electrodermal activity, as well as eye tracking to determine
psychophysical measures. The subjective measure is defined based on self-report
questionnaires measuring the levels of engagement with digital games and the intervention
[8, 30, 32, 47].

Taki et al. [69] harmonized subjective and objective measures in an engagement index (EI).
This index was evaluated using a smartphone app that suffered from technological issues
that were experienced by participants in receiving their push notifications, and low
satisfaction with the app, limiting its utility. This further expands the confusion regarding the
conceptualization and measurement of engagement.

Some researchers have identified that more engagement may not always relate to better
health outcomes, particularly when using a deficit technology or attempting to decrease a
certain behavior such as smoking [11, 27]. Such evidence points to a need to identify
patterns of intervention dose that elicit the desired response, be it a health behavior change
or a specific clinical outcome. As it stands, most mHealth apps are built to deliver a behavior
change intervention “at will” with little guidance on the optimal time, duration, and
frequency of dose to achieve a desired effect [31, 62]. Thus, as mHealth apps proliferate,
measuring what might be considered meaningful or effective engagement, that is,
engagement that leads to a desired outcome, is necessary [46, 77]. To prevent confusion, we
define the following terms as they relate to digital health behavior interventions:
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Adherence. Adherence can be defined as the level of compliance with the
directives of the health intervention, independent of the mHealth tools measured
by analyzing proximal health outcomes in hopes of obtaining a desired distal
health outcome (e.g. weight loss) [36, 39, 43]. For example, in an intervention
aimed at achieving the distal health outcome of weight loss, a proximal desired
behavior might be achievement of 150 minutes of moderate-intensity activity, or
75 minutes of vigorous-intensity aerobic activity a week (with at-least 10
minutes per bout of activity) [22].

Engagement. Specific interaction and usage patterns with the mHealth tools
might define engagement. For example, in an intervention delivered on an app,
minutes of app use and number of app interactions per week are features or
metrics that make up a proxy we can define as engagement. However, the
presence of engagement defined by app use metrics does not ensure that the
intervention dose is received as intended or that the individual is attending to the
intervention in such a way that produces a desired effect. For example, the
number of app uses per hour in a weight loss intervention is not meaningful by
itself unless it correlates with the desired outcome. Hence, a definition of what
constitutes meaningful engagement could be helpful in evaluating intervention
and app effectiveness.

Effective Engagement. \We propose that effective engagement is mHealth tool
usage patterns and behaviors that correspond to desired proximal health trends or
outcomes. The reason we focus on proximal outcomes, is that distal measures
often involve multiple complex factors beyond the control of studies. For
example, in a weight loss intervention that is smartphone-based, effective
engagement might be the number of days the participant uses the app
(engagement metric), because it is most significantly correlated with adherence
to physical activity recommendations (adherence metric). Discovering these
metrics will allow interventionists to target usage patterns to encourage desired
proximal health outcomes. It will also allow us to identify individuals that might
need greater support in an intervention, based on usage patterns. Effective
engagement, therefore, is not app use that is meaningless or use that does not
correspond in the desired health behavior. By disentangling types of engagement,
we may further design interventions that elicit, not just more app use without
purpose or attention, but rather, app use that elicit engagement in the intervention
in such a way that produces a desired effect.

While studies have sought to improve participant engagement through identifying patterns in
usage [58, 70], we investigate how engagement, use patterns, and self-reported health-
related behavioral trends are associated in order to identify effective engagement as defined
above. Previous studies have measured and defined engagement by using coarse measures
[35, 48], but with current technology, a variety of metrics can be used to identify patterns of
interacting with an mHealth intervention app to investigate temporal and dynamic
relationships between app use and proximal health behavior change. The objective of the
current study is to provide a framework for future research to quantitatively and qualitatively
build mediators to distal health outcomes, that is, to relate intervention app engagement
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behaviors with adherence to behavioral recommendations purported to lead to clinically
meaningful outcomes. Thus, our primary goal is to use a data driven approach to define what
it means to be effectively engaged with an mHealth intervention such that it results in a
desired distal health outcome. Figure 1 illustrates the pathway to a distal positive health
outcome. Some researchers study engagement with mHealth tools with the underlying
assumption that engagement relates to distal positive health outcomes [6, 55, 69], and others
study the relationship between mHealth tools and adherence, independent of engagement,
under the assumption that adherence effects distal health outcomes [21, 37, 54, 57, 72, 74].
Yardley et al. promote effective engagement by relaying how studies involving participant
experiences with technology generally agree that engagement with technology is essential in
generating health behavior change [77]. The goal of our work, comparatively, is to
operationalize effective engagement by considering both engagement and adherence,
together rather than independently, to build a foundation for effective engagement as a
mechanism on a proposed pathway to the desired distal health outcome.

We examine engagement usage patterns and desired proximal health behaviors in the context
of an ongoing college student health study where both app use metrics and multiple
proximal health behaviors were measured. The NUYou study aimed to study the feasibility
and acceptability of a multiple health behavior promotion and change intervention delivered
during the first two years of college life. Though a period of the lifespan often neglected for
health promotion, the time spent in college represents a unique epoch in that there is
evidence of a significant drop in cardiovascular health [26]. Evidence suggests that
maintaining a healthy lifestyle during these critical years may protect against cardiovascular
disease risk factors [50, 67]. To test a mHealth mediated intervention, the NUYou trial
enrolled Northwestern University students during their freshman year and cluster
randomized by dormitory to a Whole Health (WH) intervention targeting four non-
cardiovascular disease (non-CVD) related behaviors (e.g. hydration, safe sex, sun safety, and
vehicular safety) or cardiovascular disease (CVD) health intervention targeting four CVD-
related behaviors including diet quality, weight management, physical activity, and smoking.
Since college students are relatively healthy compared to the population to start with [26],
the study had a goal of both health promotion and health behavior change, to support health
behaviors students already had, while changing health risk behaviors they had already
acquired, or acquired during the trial. Thus, the desired outcome was two fold and we define
the desired proximal health trend as college students that are healthy, remain healthy, and
students that are unhealthy improve in health over time.

Specifically, we aim to:

. Given an incentivized mHealth intervention, identify clusters of participants with
similar change in health behavior patterns over time along with their
corresponding app use metrics that produce effective engagement linked to the
intervention goals, particularly health promotion and behavioral change as
defined by the American Heart Association.

The findings can inform mHealth researchers on what aspects of app use are critical to see
desired proximal changes in health behavior during an intervention and provide a
preliminary basis for defining effective engagement.
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2 METHODS

The purpose of the NUYou study was to develop and test a scalable mHealth intervention to
preserve and promote health behaviors in college students [56]. College freshmen were
primarily recruited during their first fall on campus via letters, brochures, emails, banners,
flyers, Facebook, information tables at events, and word of mouth from staff and faculty.
Interested Freshmen were eligible if they owned an iPhone or Android smartphone and if
they were living on campus. Participants were cluster randomized by dormitory into two
groups: Cardiovascular Health group (CVH) and Whole Health group (WH). The target
behaviors promoted in the CVH group were smoking, physical activity, fruit and vegetable
consumption, and being in a healthy weight. Behaviors targeted in the WH group were
hydration, sun, travel, and sexual safety. All participants were asked to complete a baseline
health questionnaire documenting their health behaviors prior to the study, attend an in-
person health assessment, and use a free smartphone application to receive intervention
material and monitor their health behaviors. Participants were provided with results
regarding their health assessment and were instructed on how to use the smartphone
application. Participants attended an in-person session where they were asked to download
and learn how to use a smartphone application customized to their randomized group,
including application functionality to orient the participant to each feature of the app, and
weekly assessments. The primary method of intervention was through the NUYou
smartphone application and was tailored to the behaviors targeted by their random
assignment. Participants were also added to and asked to participate in a private study
Facebook group that contained only members with the same random assignment.

2.1 Smartphone App Components

Core features of the app included weekly health behavior questions, screens to self-monitor
daily health behaviors and review information about their progress in achieving behavior
goals, a calendar function, and screens that included Facebook group content. Participants
were trained on app use and asked to open and use the app daily.

2.1.1 Health Behavior ueries.—On a weekly basis, participants were asked to
complete very brief health behavior assessment surveys that determined where they ranked
their adherence to their 4 target health behaviors as well as their level of stress and
happiness. A positive response label is assigned to any answer that is above a numerical
threshold that varies depending on the question, and was set in line with American Heart
Association’s Life’s Simple Seven ideal criteria [1] as part of the NUYou study protocol.
Only four of the six highlighted questions shown in Figure 2 and Figure 3 are associated
with the health behavior outcome.

The other two questions relate to how stressed and happy the participants were, are not
considered to be part of the proximal health behavior outcomes, but rather were used to
allow students to track their stress and happiness. From the tables in Figures 2 and 3, we see
that the responses in green are considered to be indicative of compliant behaviors whereas
the responses in red are indicative of non-compliant behaviors. Responding to a query with a
compliant behavior response gets a score of 1, otherwise it is scored 0. Then, the scores for
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each of the four questions are summed to give the behavioral query a final score between 0
and 4. For example, a participant from the CVH responded to the weekly queries as follows:
[Q1: 60-90 minutes, Q2: >=5 servings, Q3: 0 cigarettes, Q4: 1-2 pounds]. From this
response set, only 2 responses are considered to be of compliant behavior (i.e Q2 and Q3).
These two responses get a score of 1, bringing the score of the response set to 2. Consider
another CVH participant who respond as follows: [Q1: >150 minutes, Q2: >=5 servings, Q3:
0 cigarettes, Q4: 0]. All 4 responses from this response set are considered to be of compliant
behavior. Each of them get a score of 1, bringing the score of the response set to 4.

2.1.2 Self-tracking and Self-monitoring.—For the present investigation, we analyzed
data collected from 242 participants during a one year time period, the greatest amount of
time when all enrolled participants used the second-generation health promotion app as
previously described [56]. Both the second-generation CVH and WH version of the app had
the ability to connect to student calendars allowing students to see class information and
schedule time to do healthy behaviors to which they were assigned to monitor. Both groups
could also track stress and happiness, play a cognitive speed game, and review their levels of
behaviors, stress, happiness, and cognitive speed in a single graph at will as previously
described [56]. Figure 4 shows some examples of the user interfaces for participants in the
CVH group. Focus groups and student app design groups were established to optimize the
look and feel of the CVH and WH apps.

While participants in the CVH group were able to track behaviors for which they were
deemed to be at risk based on the answers to the weekly questions, WH participants could
track water intake using the app module provided at all times. Thus, because the apps
functioned somewhat differently for the groups, some analyses of user interactions have
been performed separately for the groups. For the period of time included for the purpose of
the present study, a loss aversion incentive protocol was used, where incentives are framed
as losses instead of gains due to participants increased sensitivity to loss relative to gain [9].
Concern over retaining participants during the study lead to an implementation of the
incentive structure which was collaboratively designed with student input [56].

The loss aversion incentive structure was implemented such that participants started with a
bank of $110 from which $0.10 was removed for each day they did not open the app and an
additional $0.10 was removed each day they did not enter some value into the app. Finally,
participants had $0.70 removed each week they did not post something in their assigned
Facebook group. Participants received a payout from their bank at each in-person
assessment, which for the purpose of this investigation, occurred after the one year analysis
period.

2.2 Data Pre-Processing

Although participants were prompted (a push notification was sent) to respond to weekly
behavioral queries on Sundays, the data shows response times to the query varying
throughout the week. From a behavioral standpoint, responses collected on a Sunday,
Monday, or Tuesday are reflective of prior week’s behavior, rather than the week that they
were recorded in, and are matched to the appropriate week’s data. Some of the user
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interactions with the app showed that the app was opened for less than a second, which were
treated as a non-use (by setting interaction time to 0 seconds) due to the lack of an
intentional interaction (i.e. participant might have accidentally opened the app).

3 ANALYSIS

The following subsections outline the details of how engagement patterns and adherence to
health behavior were identified in college students using data collected from the NUYou
app, primarily focusing on how we generate the usage patterns as well as the proximal
behavioral trend clusters. Figure 5 provides a framework for the approach. We extract
features from app usage and participants weekly health behavior query response to generate
behavioral trend clusters that represent proximal behavioral trends, and single instance and
weekly instance measures that represent usage patterns. The usage patterns are then used to
describe and distinguish the different behavioral clusters by examining the contrasts of
interest based on goals of the primary study.

The one year time period was chosen as the time frame when enrollment of new participants
had ended and all participants were using the same app verison [56]. Additionally, by using
the entire year long time frame available, we control for seasonality, and the academic
schedule.

Since health behavior queries occurred on a weekly basis, the app interaction data is
processed in a weekly context. Hence, the analyses will explore how a particular week’s use
features are associated with a user’s health behaviors for that week. We also define single
interaction statistics such as seconds of a single interaction, and type of interaction that are
used to distinguish between proximal behavioral trends.

Analysis is divided into two categories: 1) Unsupervised clustering to define behavioral
trends that relate to adherence to health behaviors as prescribed by the random group
assignment; and 2) Statistical measures related to single instance and weekly instance
interactions with the app (usage patterns). As the health behaviors targeted in each group
differed, we conduct these analyses first for the CVH group and then the WH group.

3.1 Health Behavior Adherence Trends

Health behavior trend is the time series trajectory of the participant’s health behavior query
response over a 1 year epoch. By analyzing participants longitudinally, we determine
clusters of participants that demonstrate similar behaviors. Using these clusters of people,
we can then identify groups of people that demonstrate similarity in the fluctuation in their
health behaviors over time.

Three features, namely the slope, variance, and mean are used to quantitatively represent the
weekly behavioral response data across 1 year for each participant. In context of the
behavior trends, the slope signifies the general change in behavior over time, variance as the
consistency of behavior, and the mean as the overall amplitude of the weekly behavior
response across the study. These features are calculated and then normalized (between 0 and
1) for each group (CVH and WH) separately, allowing for comparison between the different
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groups. K-means clustering algorithm [41] is then performed on these 3 features, giving rise
to different clusters of participants that demonstrate similar behaviors. The k-means
algorithm is computationally efficient and produces tight clusters, given the right value of k.
The clusters are analyzed further in order to identify the key characteristics of each cluster.

The optimal k-value for the number of clusters is determined by calculating the silhouette
score [61], which is computed for a given range of k-values and evaluates which k value
yields clusters that are most representative of the data that comprise them. The silhouette
score quantifies (between —1 and +1) how similar a given data point is to its own cluster, and
how dissimilar it is to the other clusters. A silhouette score closer to +1 indicates that the
data point is well matched to its own cluster and poorly matched to its neighbors.

3.2 Engagement and App Use Patterns

Engagement and app use patterns refer to the type of interaction a participant experiences
within a single or weekly interaction with the app and is primarily characterized by the
amplitude (in seconds) of the interaction instance, or by frequency of interactions.

While analyzing single and weekly usage interactions provide us with a fine-grained picture
of how a particular instance or week’s data can affect the participant’s response to the
behavioral query, analyzing the relationship between these statistics and health behavior
trends longitudinally for each participant allows us to identify engagement that is effective
(i.e. related to desirable health behavior trends). Table 1 provides descriptions of the single
and weekly instance measures used to understand engagement and app use patterns.

3.2.1 Single Instance Measures.—To identify the different types of single instance
engagement, a head/tail classifier was applied [33] (also used by Gouveia et al. [27] to find
natural breaks in app usage) to determine natural breaks in the data, providing threshold
cutoffs (in seconds) for varying levels of instance engagement. The head/tail classifier is
especially suited for interaction amplitude data, as it is primarily meant for distributions that
are prominently skewed toward having few large values (few long app interaction instances)
and numerous smaller values (short app interaction instances). We see this in the interaction
data from the NUYou app, where there are a large number of shorter interactions, and a
fewer number of lengthy interactions. For this analysis, interaction lengths that were more
than 3 standard deviations from the mean were considered as outliers and weren’t included
in the analysis.

3.2.2 Weekly Instance Measures.—Weekly instance measures can be defined as the
interaction of a participant over the course of an entire week. We use the week as a primary
unit of time for engagement measurement due to the weekly nature of the behavioral query
prompts for the participants.

Based on prior research [69], we identified variables of interest that have been shown to be
effective in predicting engagement. We calculated features on a weekly basis, because our
self-reported responses to their behavioral queries were reported on a weekly basis.
Participants were reminded every Sunday to provide behavioral query responses.
Participants also had the opportunity to self-monitor their data across the varying health
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behaviors, and could also report information to help them self-monitor their app use.
Specifically, we investigated app usage data including: 1) number of interactions with the
app per week which is associated with loyalty or frequency of use; 2) number of use days
per week (weeks with no use days were not included); and 3) density of usage day groups
(i.e. fraction of weekly instances where number of use days are 0-1 days, 2—4 days or 5-7
days). We calculate these features across both the CVVH group and the WH group.

Measuring engagement on a weekly basis is beneficial for our analysis in two primary ways.
First, we are able to identify factors of engagement over a longer period of time than the
instance level, allowing us to begin identifying time series patterns in the data. Also, the
week is the shortest amount of time that we are able to relate to a behavioral indicator, as the
participants were asked to respond to behavioral queries every week that they were involved
in the study.

Referring back to the idea of engagement as a process, analyzing both the trends within a
given week and then analyzing the weeks of a participant’s interactions with the app allow
us to identify intermediate trends of engagement for the participants. In analyzing individual
weeks in a participant’s app usage, we primarily seek to identify factors that can be
associated with the health behavioral query for that week. This allows us to measure
engagement patterns that are also associated with the self-reported health behavior outcomes
for a given week.

3.3 Contrasts

To determine defining features of effective engagement, we will perform 2 comparisons
related to the two primary goals of the intervention. First, related to the Aealth promotion
goal of the intervention, we will test for differences between those that had healthy
behaviors and those who maintained them (desired outcome) and those that lost them
(undesired outcome). Next, related to the health behavior change goal of the intervention, we
will test for differences between those who had unhealthy behaviors at study start and
improved them (desired behavior), and those who continued to report unhealthy behaviors
throughout the intervention (undesired outcome). To perform these tests, we examine the
95% bootstrap confidence interval [18] to determine significant mean differences between
the different behavioral trends.

4 RESULTS

4.1 Participants

The NUYou study enrolled a total of 303 participants. For this investigation on the second
generation version of the intervention app, 242 participants were participating during the one
year time period (130 in the CVH group and 112 in the WH group). The remaining 61
participants were excluded because they 1) either did not update to the second version of the
app (n=39), 2) they did not answer at least two behavioral queries over the one year time
period (n = 15), preventing the calculation of statistical features, or 3) they were considered
significant outliers (more than 3 standard deviations from the mean). There were a total of
29,882 app interactions (all of them longer than 1 second) recorded during the one year time
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period, where all study participants were enrolled and using the same app. Total minutes of
app use was 16338.40 minutes (Mean minutes per participant Std dev: 67.52 + 61.08,
Median: 40.43). Total number of weeks where participants interacted with the app at least
once a week was 9155 (Mean Weeks per Participant + Std dev: 37.83 = 24.95, Median: 47).
Total number of weekly behavioral queries were completed 7819 (Mean behavioral queries
completed per participant + Std dev: 32.31 + 16.26, Median: 38 weeks). Table 2 summarizes
this data and also provides statistics for the CVH and WH group. The mean interaction time
per participant for the CVH group for the entire year is 83.85 minutes, which is significantly
different than that of the WH group (48.55 minutes). There is a significant difference
between the two group apps in terms of the health behaviors participants are managing,
which further justifies the need to separate the analysis between the two groups.

in Health Behavior Adherence

Figure 6 illustrates the results of clustering the health behavior query responses. The clusters
are colored according to the labels assigned by the k-means algorithm, and the circle or
cross markers indicate whether the participant was in the CVH (circle) or WH (cross) group
for the study respectively.

We identify four primary clusters of health behavior query trends. For ease of visualization,
we flatten the three-dimensional clusters of participants into three subplots that show the
participant clusters two-dimensionally. These three subplots are labeled and shown in Figure
6, along with a fourth subplot showing the silhouette plot. A peak in the silhouette plot
indicates an optimal number of clusters where the data points within a cluster are close in
proximity to each other and distant from neighboring clusters. It should be noted that higher
values of k can create too many sparsely populated clusters. Since we are attempting to
identify health behavior patterns that exist across entire groups of participants, we use local
maximums (weighting lower values of k higher) as the best value for k.

For the health behavior clusters, we identify the light blue cluster as primarily consisting of
participants who demonstrate little variance or slope, indicating little change for them over
the course of the study, but high mean, indicating these are people that begin with mostly
positive health behaviors and maintain them over the course of the study. We later reference
this group as the ‘healthy and steady’ group for their consistently high positive health
behaviors. The maroon cluster demonstrates similar stability, but lower mean, indicating
participants that begin with mostly negative health behaviors and maintain them, and we
refer to this group as the ‘unhealthy and steady’ group. The dark blue cluster demonstrates
higher variance, positive slope, and relatively high mean, indicating participants that trend
upwards in their positive health behaviors. Because the slope is increasing and the mean is
relatively high, we assign this cluster of participants as the ‘improvers’ group. The pink
cluster comprises participants that are generally trending down in slope, possibly indicating
the participants that are getting worse in terms of positive health behaviors over the course of
the study, and are the “decliners’ group. Table 3 provides a summary of the characteristics
for each behavioral cluster. Since all three variables have been normalized between 0 and 1,
interpreting their average values is different, especially for the slope variable. A normalized
value smaller than 0.5 is considered to have a negative slope, and a normalized value greater
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than 0.5 is considered to have a positive slope, while a normalized value of approximately
0.5 is considered to have a constant slope.

4.3 Loss of Incentives across the Different Health Behavior Clusters

Table 4 provides statistics on the incentives lost by participants on a weekly basis and across
1 year for not opening the app, not entering values and not posting on their assigned
Facebook groups on a regular basis.

. Health Promotion: The average weekly loss of incentives by healthy-steady
groups ($0.52) is slightly lower than that observed across the decliners ($0.57).

. Health Behavior Change: The improvers show a lower average loss of incentives
on a weekly basis ($0.32) as compared to the unhealthy-steady group ($0.57).

4.4 CVH Group

4.4.1 CVH Health Behavior Cluster Overview.—The unhealthy and steady cluster
comprises participants with consistently negative health behaviors. While this group can be
identified primarily based on the low variance, slope, and mean of the response collected for
the health behavior queries, intermediate engagement patterns can be identified that uniquely
sets these participants apart. 97% of the responses to the health behavior queries completed
by the participants in this cluster were 0, 1 or 2, which is significantly higher than what was
measured in the other clusters as shown in Table 5. No participant from this group responded
with a 4 (a perfect score) in the health behavior queries. This group has the lowest mean
score (1.57) amongst all clusters.

The healthy and steady cluster show the highest mean score (3.06), with 74% of the
responses recorded as either a 3 or 4, and no participant from the group responded with a 0
or 1 in the behavioral queries. The clusters which show changing behaviors, i.e. decliners
and improvers, show a wider spread of scores in the behavioral queries and hence their mean
scores are higher than the unhealthy-steady but lesser than the healthy-steady groups.

4.4.2 Single Instance Measures of Engagement.—Table 7 provides some key
usage pattern statistics (mean, median and standard deviation) on the single instance
interaction length for participants in different behavioral clusters. There are no significant
differences in the number of health behavior queries between the different CVH clusters,
suggesting good representation of each of the clusters in terms of proximal behavioral trends
(see Table 6). Applying the head/tail classifier on the interaction lengths after removing
outliers result in five cutoff points. Based on the cutoff, we identify 5 types of single
instance engagement, namely, glances (<7 sec), checks (7-21.7 sec), brief review (21.7-43
sec), detailed review (43-64 sec), and deep review (>64 sec). Table 8 shows how the
participants of different behavioral clusters are distributed amongst different types of single
instance engagement.

. Health Promotion: The decliners show higher average single interaction lengths
(20.81 secs) as compared to the healthy-steady group (18.22 secs), as shown in
Table 7. This distinction is significant. The head/tail classifier results show an
interesting distinction between the decliners and healthy-steady groups in Table
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8, in that the percent of glances observed in the decliners are higher than that
observed in the healthy-steady groups (34% and 25% respectively). We also
notice more time spent in brief-review in the healthy-steady group than the
decliners (25% compared to 12%).

Health Behavior Change: The improvers show a higher average single instance
interaction length (20.79 secs) as compared to the unhealthy-steady group (19.14
secs), as indicated in Table 7. This difference is significant. The percent of
glances observed in the unhealthy-steady groups is higher than that observed in
the improvers, 38% and 27%, respectively (as shown in Table 8). We also notice
more brief review type of app interaction in improvers, 20% compared to 12% in
the unhealthy-steady.

4.4.3 Weekly Instance Measures of Engagement.—Figure 7 provides results on
the weekly app usage data described in Table 1, which we further elaborate on below.

4.5 WH Group

4.5.1 WH Health Behavior Cluster Overview.—The unhealthy and steady cluster in
the WH group shows similar intermediate engagement patterns that were observed in the
CVH group. 98% of the responses to the behavioral queries completed by the participants in
this cluster were 0, 1 or 2, which is significantly higher than what was measured in the other
clusters as shown in Table 9. None of the participants from this cluster responded with a 4 in
the behavioral queries. This group also has the lowest mean score (1.32).

Health Promotion: There is a significant difference in the average number of
weekly app usages between the decliners and healthy-steady group (6.2 and 8.2
interactions per week on average respectively). Also, on comparing the number
of use days per week between the 2 groups (4.0 and 4.6 days on average per
week for the decliners and healthy-steady respectively), the difference was found
to be significant. In addition, there is a significantly higher percent of weekly
instances where the healthy and steady interacted with the app for 5-7 days
(58%), compared to the decliners (44%).

Health Behavior Change: A significant difference can also be observed in the
average number of weekly app usages between the improvers and unhealthy-
steady group (7.8 and 5.1 interactions per week respectively). Also, on
comparing the number of use days per week between the 2 groups (4.5 and 3.4
days on average per week for the improvers and unhealthy-steady respectively),
the difference was found to be significant. In addition, there is a significantly
higher percent of weekly instances where the improvers interacted with the app
for 5-7 days (56%), compared to the unhealthy-steady (31%).

A mean score of 3.0 (highest amongst the 4 clusters) was observed for the healthy and
steady clusters. 80% of the responses were a 3 or 4 and none of the participants from this
group responded with a 0.
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The clusters which show changing behaviors i.e. decliners and improvers show a wider
range of responses in the behavioral queries and hence their mean scores are higher than the
unhealthy-steady but not as high as the healthy-steady group. It is consistent with the
definitions that the improvers and healthy-steady groups would have higher behavioral query
responses than the decliners and unhealthy-steady groups.

4.5.2 Single Instance Measures of Engagement.—There are no significant
differences in the number of health behavior queries between the different WH clusters,
suggesting good representation of each of the clusters in terms of proximal behavioral trends
(see Table 10). Table 11 provides some key statistics (mean, median and standard deviation)
on the single instance interaction length for participants in different behavioral clusters.

Applying the head/tail classifier on the interaction lengths, Table 12 shows how the
participants of different behavioral clusters are distributed amongst different types of single
instance engagement. We elaborate on the two tables below as they relate to each of the two
health behavior goals.

. Health Promotion: The decliners show lower average single interaction length
(19.26 secs) as compared to the healthy-steady group (20.92 secs). This
distinction is significant (see Table 11). The head/tail classifier results show an
interesting distinction between the decliners and healthy-steady (see Table 12), in
that the percent of glances observed in the decliners is higher than that observed
in the healthy-steady groups (36% and 28% respectively). We notice more time
spent in brief-review in the healthy-steady group than the decliners (29%
compared to 14%).

. Health Behavior Change: The improvers show a higher average single instance
interaction length (21.92 secs) as compared to the unhealthy-steady group (16.66
secs). This difference is significant. The percent of glances observed in the
unhealthy-steady groups is higher than that observed in the improvers (37% and
26% respectively). We also notice more brief review type of app interaction in
improvers, 28% compared to 12% in the unhealthy-steady.

4.5.3 Weekly Instance Measures of Engagement.—Figure 8 provides results on
the weekly app usage data described in Table 1, which we further elaborate on below.

. Health Promotion: Figure 8 shows a significant difference in the average number
of weekly app usages between the decliners and healthy-steady group (3.7 and
5.3 interactions per week on average respectively). Also, on comparing the
number of use days per week between the 2 groups (2.6 and 3.8 days on average
per week for the decliners and healthy-steady respectively), the difference was
found to be significant. Also, there is a higher percentage of weekly instances
where the healthy-steady interacted with the app for 5-7 days (41%), compared
to the decliners (36%).

. Health Behavior Change: There is a higher percentage of weekly instances where
the improvers interacted with the app for 5-7 days (47%), compared to the
unhealthy-steady (18%). This difference was significant. A similar pattern can be
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observed with the number of interactions and number of use days per week but
the differences aren’t significant.

5 DISCUSSION AND FUTURE WORK

The purpose of the current investigation was to use a data driven approach to identify
engagement in app delivered interventions that was meaningfully associated with health
behavior. By doing so, mHealth researchers and interventionists may find insight into
empirically supported mHealth design choices and dose recommendations that drive effects
[68]. We sought to elucidate app use patterns that were related to health behavior patterns
desired by the intervention to disentangle app use that was not resulting in the desired
effects. We used data from a unique multiple health behavior promotion and change
intervention in a college student population. The study provided intensive, daily and weekly
level data on app use and health behaviors for a year where 242 students were using the
same app version. With this intensity of data, we were able to cluster participants into
categories based on health behavior adherence patterns that occurred over time. Indeed, 4
patterns arose: healthy-steady, improvers, decliners, and unhealthy-steady. As students tend
to start college with healthier behaviors than the general population, the goal of the study
intervention delivered by smartphone app was both promotion and change of health
behaviors. Hence, we investigated contrasts that would provide differentiating features of
app use to support health promotion and multiple health behavior change. As the study
randomized participants by dormitory to two groups that targeted 4 different health
behaviors, we had the opportunity to replicate our findings from one group in the other.

5.1 Effective Engagement for Health Promotion

Our clusters in the CVH group revealed two groups that would primarily benefit from health
promotion strategies; essentially those participants who began the study in a healthy state.
The two clusters, healthy-steady and decliners, showed some significant differences that
could identify when a participant is effectively engaged in a health promotion intervention.
First, single interaction time was higher in the decliners, yet showed more instances of
glancing (short app interaction type, less than 7 seconds) when compared to the reviewing
(longer interaction types) that was occurring in the healthy-steady cluster. Such a pattern
could be indicative of a reflective process occurring in the healthy-steady participant that
others have purported to support health behaviors [40]. Li et al. describes a five stage model
that emphasizes the goal of knowledge supporting behavior change including preparation,
collection, integration, reflection, and action [40]. Using such a model, we might conclude
that while the decliners might have been collecting data, it may not have lead to a reflective
process that leads to the type of effective action that supports positive health behavior
maintenance. Furthermore, our data suggest that decliners were using the app a fewer
number of times per week, for fewer days and are less likely to show 5-7 days of use leading
us to conclude that not only is app interaction length important to distinguish those likely to
benefit, but also that the number of interactions is an important indicator as well to maintain
positive health behavior. Our clustering algorithm resulted in a greater percentage of
healthy-steady (31.82%) than decliners (17.35%). Collectively, these findings are
inconsistent with others suggesting that those who have positive health behaviors are more
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unlikely to spend more time in an intervention app [27]. However, in our studies we do
incentivize participants, which may be one reason that encourages health promotion, and a
greater number of healthy-steady participants than decliners. Our clusters in the WH group
were not wholly consistent with the findings in the CVH group, suggesting that patterns
indicative of effective engagement might depend on the health behaviors targeted in the
intervention. In WH, decliners did not demonstrate higher interaction time. These findings
suggest that for health promotion of cardiovascular health behaviors, the number of uses
might be more indicative of effective engagement than interaction duration, but that for
health promotion of other behaviors like hydration and sun, sex, and travel safety, the
interaction duration and consistency of use of the intervention app might be most indicative
of effective engagement.

5.2 Effective Engagement for Multiple Health Behavior Change

For individuals who need to actively change a behavior, we might expect to see a different
pattern of interaction with the intervention. Individuals that needed to change behaviors can
reasonably be found in the unhealthy-steady and improver groups because both clusters by
virtue of their behavioral clusters, started out with some unhealthy behaviors. In the CVH
group, it is evident from the distribution of single instance interactions, that the unhealthy-
steady exhibit more glances than the improvers. The improvers also have longer single
instance interactions than the unhealthy-steady (20.79 secs and 19.14 secs respectively). The
improvers are also characterized by relatively greater number of weekly interactions, weekly
use days, and more instances where the participants used the app for 5-7 days in a week
than the unhealthy-steady group. Our clusters in the WH group were not wholly consistent
with the findings in the CVH group. The WH group noted no significant difference in the
number of weekly interactions and use days between the improvers and unhealthy-steady
groups. This indicates that for behavior change, single interaction time and consistent 5-7
day app use a week are important and effective engagement may present similarly no matter
the intervention target health behavior. Based on this, we can postulate that the engagement
patterns present in the improver cluster are characteristic of participants that are trying to
develop healthy behavior patterns, by having long interactions on a frequent basis to track
their progress.

5.3 Measuring Engagement

While not all studies necessarily collect the intermediate behavioral self-report data that
NUYou did [6, 53], the interaction data from the app can still allow other studies to
potentially identify participant trajectories of overall health behavior. With the ultimate goal
of identifying engagement patterns in college students that lead to positive or negative health
behaviors and intervening appropriately, in the future, we aim to predict the behavioral
outcomes for a given week based on features obtained from the interaction data for the
associated week in real time. Such predictors could empower interventionists to support
engagement patterns that are associated with positive proximal and distal health behavior
and clinical outcomes. With the results of our analysis, we can determine patterns of
behaviors and app use that are indicative of effective engagement with the app, or
engagement that is also related to health behavior change. As such, we can use patterns of
app use as a proxy for an offline process of cognition, reflection, and/or learning that takes
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place to induce a process of behavior change. However, this offline process and it’s
connection to app use will need to be further investigated in future studies. Nevertheless,
using a definition of effective engagement that is defined by the effect it has on health
behaviors of interest may provide future research additional targets of intervention to
incentivize proper amounts and patterns of engagement that is hypothesized to be supportive
of the desired outcome. Our results may not deviate dramatically from traditional
conceptualization of engagement, where more frequent interactions indicate better
engagement, which is hypothesized to lead to better health behaviors. We show here that
positive health behavior change can be characterized by relatively lengthy and numerous
interactions that occur over 5-7 days in a given week. In this sense, more use is associated
with more effective engagement in the context of participants that improve over time.
However, the results demonstrating that improvers were uniquely using the app, not just
more frequently, but more consistently over the days of a week, leads us to conclude that, at
least for an intervention delivered like our CVH app, consistent use, not just more use,
should be recommended.

5.4 Clustering

k-means clustering, used to generate our 4 health behavior adherence patterns, is known to
be computationally efficient and produces tight clusters, given the right value of k, which we
optimize. However, in other techniques like hierarchical clustering, which we aim to test in
the future, k does not need to be predefined in advance [49]. We also deploy a hard
clustering technique, where each participant belongs to only one of four clusters. However, a
participant may actually belong to several clusters where they may exhibit healthy-steady
patterns for some time, but partially a decliner pattern for another. This may be captured
through a more soft-clustering technique that calculates the likelihood of belonging to
different clusters. Such a technique could benefit our ability to understand dynamic
behaviors and patterns that occur within a participant. Moreover, participants may belong to
different clusters at different time points, throughout the year, where at one time point they
are decliners, but then improvers, and then they are healthy-steady. Future work will analyze
these transitions more closely which may uncover engagement patterns that are effective
more proximally. Moreover, we mainly cluster based on variance, mean and slope. Other
variables may be equally important in distinguishing participants, such as their max and min
value (to separate participants in different stages of initial health).

5.5 Loss Aversion Incentives

Loss aversion is based on the assumption that an individual is motivated more by losses or
disadvantages than by gains and advantages [71]. Using a loss aversion strategy as a way to
encourage participation in a longitudinal research trial and to change health behaviors has
been used successfully in previous research [29, 34]. In the case of the present study, dollars
to devote to participant incentives were scarce. However, the behavior of opening the app
daily, entering a single data point daily, and posting to the social group weekly were small
frequent behaviors that we could construct an incentive structure around whereby earning
money may not seem valuable, but losing a small amount of money might be aversive.
While we would expect this strategy to enhance app engagement, we expected it to be equal
across all participants. Indeed, despite, the incentive structure, we saw differential app use
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patterns between the health behavior change clusters indicating that while incentives may
have minimally kept participants engaged in the study, there was enough variability and
heterogeneity in the patterns that cannot be explained by the incentive alone. However,
future research might compare various incentive structures to determine if there is an effect
of incentive on app use and also on the behavioral outcome differentially. Combined with
further insight into the optimal use patterns of a behavior change intervention app, a
suggested dose with a corresponding incentive might be particularly potent.

5.6 How Engagement and Adherence Are Related to Reflection and Learning

Recent human computer interaction research has proposed a process of reflection that an
individual experiences when tracking and reviewing data regarding health behaviors. The
premise is that reflection leads to an awareness of the behavior or self knowledge which is
hypothesized to lead to behavioral action. [14]. Indeed, the patterns of engagement we
identify could be indicative of a process of reflection, and as such, the differential patterns of
app use and interaction between the improvers and healthy steady clusters in particular could
correspond to the discovery and maintenance phases of reflection. However, whereas the
HCI literature has focused on samples that are interested or already engaged in their own
personal data collection, we might consider a social cognitive perspective for understanding
the process by which an individual engages in an intervention to promote or change health as
“pushed” from an institution, healthcare entity or the like. Using theories of self-regulation,
the app was built to facilitate processes that bolster self-regulation such that participants
could change or maintain healthy behaviors [2, 10]. This approach is not wholly inconsistent
with conceptualizations of reflection, and could be seen as a way to answer the question as
posed by Baumer [3] which is, “in what ways are people self-reflecting?” The app provides
tools that present health behavior goals, display discrepancies to those goals, and allow the
participant to self-monitor and track their behavior. These processes are also proported to
facilitate an increase in self-efficacy to perform the desired behavior and adhere to the
behavioral recommendations.

Indeed, while some apps have reflection as the end goal [76], in health-related interventions,
behavior change is a desired goal. Reconciling theories of reflection from the perspective of
self-initiated engagement with behavior change techniques and theories that target those who
necessarily need to change behavior may be the next step in the future of this work [45]. We
might also consider the role of learning in a longitudinal study. Learning can be facilitated
by a feedback loop created by an mHealth application. Unfortunately, many mHealth apps
do not directly test whether the use of an app translates into significant learning about the
behaviors it targets. However, it stands to reason that health tools that leverage real time,
personally relevant feedback loops could support the individual in a learning process that
results in greater behavior change over time. Both self tracking and behavior change is
dynamic and the ways in which individuals engage or disengage in these activities is an
important area of consideration if we want to fully leverage technology to facilitate
processes of behavior change to improve the health of the population [59].
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5.7 Limitations

The present investigation is not without limitations. First, it will be critical to test the effects
on downstream outcomes of interest, in this case, the primary outcome of AHA’s Life’s
Simple Seven Scores at the annual assessment. It should be noted that the outcome of
interest in the analyses presented within are comprised of self-reported health behaviors,
known to be biased, inaccurate, and at some points missing. The reporting differences,
however, did not seem to differ between groups, and the response rate to the weekly
behavioral queries were equitable across groups and clusters. The study also did not look at
variation in the health behaviors that did not meet AHA’s Life’s Simple Seven Scores (e.g.
variation in number of cigarettes smoked, gaining 5 pounds compared to 10 pounds). This
paper focuses on aggregate analyses, and in the future we aim to consider temporal
relationships to improve our understanding of factors that correspond to proximal behavior
changes. This study was chosen as a testbed in which to investigate the phenomenon of
effective engagement primarily because there were multiple app use features collected and
information about health behaviors were collected weekly over a one year time period. The
glaring caveat is that the NUYou study was conducted on college students and the findings
may not generalize to the general population. Despite such shortcomings, the framework for
analyzing such data could be of value to other mHealth researchers. Finally, participants that
provided a single time point were excluded from the present analyses and as such, we cannot
draw conclusions about those that fail to engage with our mHealth interventions from the
start. Due to this limitation we are unable to confirm prior work demonstrating that low and
sporadic engagement can actually result in improved health outcomes [15]. Further
investigations are necessary to conceptualize for whom this is a problem.

5.8 Future Work

In future work, we aim to analyze the the relationship between the behavioral trends and
positive health outcomes at the study endpoints. If these behavioral trends align with positive
health outcomes, then they may act as proximal outcomes, or could help inform future just
in-time interventions to identify when participants need further support. Given the somewhat
discrepant findings between the CVH and the WH apps, future work will focus on whether
our findings generalize to other smartphone-based health behavior interventions. Overall,
this line of investigation could provide mHealth researchers with necessary information on
which to base dose recommendations for multiple health behavior change and promotion
interventions.

6 CONCLUSION

Our analysis provides insight into the intermediate engagement patterns that are related to
longitudinal behavioral trends. Relating patterns of engagement to quantifiable behavioral
trends identifies participants that are engaged in a way that is both quantitatively verifiable
with app interaction data and is shown to be associated with behavioral trajectories. For the
purpose of identifying the different behavioral trends exhibited by the participants,
clustering was performed using the mean, slope, and variance of the responses to the weekly
behavioral queries. Four clusters of participants emerged: healthy and steady; unhealthy and
steady; decliners, and improvers. In the CVH group, clusters that would benefit from health
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promotion strategies (i.e decliners and healthy-steady) showed some significant differences
in the app usage metrics. The healthy-steady group showed higher number of weekly
interaction, number of use days and percent of weekly instances of app use for 5-7 days than
the decliners. The decliners showed higher percent of glances and longer interaction times
with the app. However with the WH group, the decliners exhibited shorter interactions than
the healthy-steady. In the CVVH group, for the clusters where individuals needed to change
behaviors (i.e. unhealthy-steady and improver), significant differences were observed in the
app usage metrics. The improvers showed longer single instance interaction, lower percent
of glances, higher number of weekly interactions, weekly use days and percent of weekly
instances of app use for 57 days than the unhealthy-steady group. With the WH group
though, the number of weekly interactions and weekly use days do not show a significant
difference between the 2 clusters. Thus, there could be a greater need for investigations such
as the current one, to be carried out during the development and pilot phase of mHealth
interventions. These results suggest analyzing a single user interaction variable or summary
variable such as total use time across an entire study, may not be the most valuable approach
in predicting interim health behavior change in the context of an mHealth intervention.
Rather, results from this study suggest a variety of app interaction features could be more
useful in discriminating between health behavior patterns during the course of an
intervention. As such, considerations for mHealth design that supports effective engagement
for a particular desired health behavior outcome could be warranted. Future studies should
empirically test whether mHealth intervention designs can change engagement patterns to be
more adaptive and supportive of proximal health behavior change.
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CCS Concepts:

» Human-centered computing — Empirical studies in ubiquitous and mobile
computing; ¢ Information systems — Clustering;
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Fig. 2.

NUYou app behavioral queries interface for CVH group is shown on the left, and table to the
right shows the different responses each query can take. The responses in red are considered
to be non-compliant behaviors, whereas the responses in green are considered to be

compliant behaviors.
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NUYou app behavioral queries interface for WH group is shown on the left, and table to the
right shows the different responses each query can take. The responses in red are considered
to be non-compliant behaviors, whereas the responses in green are considered to be

compliant behaviors.
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NUYou app behavioral self-tracking and self-monitoring interface for participants in the

CVH group.
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Clusters for the behavioral query response data obtained using the k-means algorithm. The
circles indicate participants from the CVH group and crosses indicate participants from the
WH group. a) Shows the general change in behavior over time (slope) vs the consistency
(variance) of behavior over time. b) Shows the general change in behavior over time (slope)

vs the overall amplitude (mean) of behaviors. ¢) Shows the consistency (variance) of

behavior over time vs the overall amplitude (mean) of behavior. d) Silhouette plot showing
the local optimal k value (k=4).
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Weekly app usage statistics for each behavioral trend clusters in the CVH group dividing the

results between the health promotion and health behavior change goals. a) Number of

interactions per week. b) Number of use days per week. ¢) Density of usage days for given

thresholds.
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Features extracted from the app interaction data.

Page 34

Table 1.

Interaction Type Features

Explanation

Interaction length

Single instance Interaction type (5 types based on the length

of interaction)

Number of weekly interactions with the app

Number of use days per week
Weekly instance

Density of usage day groups divided into 3
categories: 0-1 days, 2—4 days, and 5-7
days

The average length (in secs) of single instance interactions with the app.

The fraction of interactions labeled as Glances, Checks, Brief review,
Detailed review and Deep review.

The average number of weekly interactions made by the participants in
each behavioral cluster.

The average number of days per week where the app was used by the
participants in each behavioral cluster.

The fraction of weekly instances in a behavioral cluster where no. of use
days is either 0-1, 2—-4 or 5-7.
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Table 2.

Statistics on participant interaction with the app, N=242

Mean per participant (95% CI) Median Stddev Total
App usage (in minutes) 67.52 (50.9, 87.2) 40.43 61.08 16338.40
All No. of weeks with at least 1 interaction 37.83(30.9, 43.5) 47 24.95 9155
No. of weekly behavioral queries completed ~ 32.31 (26.0, 32.2) 38 16.26 7819
App usage (in minutes) 83.85 *(57,1, 96.5) 58.94 75.53 10900.59
CVH  No. of weeks with at least 1 interaction 41.52 (31.4, 49.9) 46 24.99 5397
No. of weekly behavioral queries completed  32.98 (25.9, 33.9) 38 15.18 4287
App usage (in minutes) 48.55 *(39_3, 63.4) 33.51 54.75 5434.81
WH  No. of weeks with at least 1 interaction 33.55 (23.7, 44.0) 47 24.89 3758
No. of weekly behavioral queries completed  31.53 (25.9, 31.9) 38 17.31 3532

*
Average app usage time between the CVH and WH groups is significantly different.
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Table 3.
Characteristics of health behavior trend clusters. The observed avg + Std dev of features used for clustering are
indicated.
Cluster Color Description Mean Variance Slope” Percent of Participants
CVH WH Total
Decliners Medium High Negative 14.62% 20.53% 17.35%
047+0.13 037019 038+0.19
Healthy and Steady High Low Constant 29.23% 34.82% 31.82%
0.75+0.12 0.14+0.09 0.55+0.08
Improvers Medium High Positive 21.54% 17.86% 19.83%
0.58+0.14 0.36+0.17 0.75+0.11
Unhealthy and Steady ~ Low Low Constant 35.38% 25.89% 30.99%
0.36+0.13 0.1+0.08 052+0.07

*
For the slope, a normalized value lesser than 0.5 is considered negative slope, a normalized value greater than 0.5 is considered positive slope and
a normalized value of approximately 0.5 is considered constant slope.
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Statistics on the loss of incentives (in $) by the participants in each health behavior cluster.

Table 4.

Weekly incentive loss Incentive loss over 1 year

Mean (95% CI) Stddev  Mean

Std dev

Decliners -0.57 (-0.9,-0.3) 0.60 -29.71
Healthy and Steady -0.52 (-0.7,-0.4) 0.57 -27.02
Improvers -0.32(-0.5,-0.1) 0.54 -16.51
Unhealthy and Steady  -0.57 (-0.8,-0.4) 0.63 -29.70

31.23
29.85
28.32
32.92
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Table 5.

Page 38

Density of positive health behavior responses along with statistical features (0 means no positive health
behaviors, and 4 means all positive health behaviors are met) for each behavioral trend cluster group in the

CVH group.
0 1 2 3 4 Mean (95% Cl)  Std dev
Decliners 005 021 046 024 0.04 201(1921) 0.89
Healthy and Steady NaN NaN 026 041 0.33 3.06(3.0,3.1) 0.77
Improvers 002 010 043 024 022 254(24,26) 1.01
Unhealthy and Steady 0.04 040 053 0.03 NaN 1.57(1.5,1.6) 0.63
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Table 6.

Page 39

Statistics on number of health behavior queries completed by the participants in each behavioral query cluster

for the CVH group.

Mean (95% CI) Median  Std dev
Decliners 35.94 (25.0,45.1) 39 14.23
Healthy and Steady 38.19(32.4,445) 42 15.34
Improvers 35.43(25.8,45.0) 35 15.27
Unhealthy and Steady ~ 33.85 (27.4,40.1) 35 15.08
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Statistics on single instance interaction length (in secs) per health behavior cluster for the CVH group.

Table 7.

Mean (95% CI)  Median  Std dev
Decliners 20.81(19.9,21.6) 14.39 18.54
Healthy and Steady 18.22 (17.6,18.8) 12.39 16.18
Improvers 20.79 (19.9,21.5) 15.86 17.76
Unhealthy and Steady ~ 19.14 (18.7,19.9) 13.34 16.51
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Table 8.

Page 41

Distribution of single instance interactions in each threshold group for each health behavior trend cluster in the

CVH group.
Glances Checks Brief review  Detailed review  Deep review
<7sec 7-217sec 21.7-43sec 43 -64sec > 64 sec
Decliners 0.34 0.39 0.12 0.09 0.06
Healthy and Steady 0.25 0.36 0.25 0.09 0.05
Improvers 0.27 0.41 0.20 0.08 0.03
Unhealthy and Steady  0.38 0.35 0.12 0.10 0.05
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Table 9.

Page 42

Density of positive health behavior query responses (0 means no positive health behaviors, and 4 means all

positive health behaviors are met) for each behavioral trend cluster group in the WH group

0 1 2 3 4 Mean (95% CI)  Std dev
Decliners 010 036 033 018 004 1.71(1.6,18) 0.99
Healthy and Steady NaN 002 017 059 021 3.00(29,3.1) 0.68
Improvers 002 025 034 034 005 215(2.1,23) 0.93
Unhealthy and Steady 0.07 056 0.35 0.02 NaN 1.32(1.3,1.4) 0.63
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Table 10.

Page 43

Statistics on number of health behavior queries completed by the participants in each health behavior cluster

for the WH group

Mean (95% CI) Median  Std dev
Decliners 33.37(25.0,46.1) 35 17.23
Healthy and Steady 37.51(30.6,44.0) 42 15.45
Improvers 28.19(19.3,39.3) 36 15.23
Unhealthy and Steady  29.81 (20.5, 37.4) 30 19.53
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Statistics on single instance interaction length (in secs) per health behavior cluster for the WH group.

Table 11.

Mean (95% CI)  Median  Std dev
Decliners 19.26 (18.4,20.2) 1534 15.80
Healthy and Steady 20.92 (20.1,21.6) 15.99 17.01
Improvers 21.92(20.7,23.4) 18.04 18.15
Unhealthy and Steady ~ 16.66 (15.8,17.4) 12.93 14.41
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Table 12.
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Distribution of single instance interactions in each threshold group for each health behavior trend cluster in the

WH group.
Glances Checks Brief review  Detailed review  Deep review
<7sec 7-217sec 21.7-43sec 43 -64sec > 64 sec
Decliners 0.36 0.39 0.14 0.08 0.03
Healthy and Steady 0.28 0.27 0.29 0.11 0.04
Improvers 0.26 0.32 0.28 0.10 0.03
Unhealthy and Steady  0.37 0.42 0.12 0.07 0.03
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