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Abstract

Digital interventions offer great promise for supporting health-related behavior change. However,
there is much that we have yet to learn about how people respond to them. In this study, we
present a novel mixed-methods approach to analysis of the complex and rich data that digital
interventions collect. We perform secondary analysis of IntelliCare, an intervention in which
participants are able to try 14 different mental health apps over the course of eight weeks. The goal
of our analysis is to characterize users’ app use behavior and experiences, and is rooted in
theoretical conceptualizations of engagement as both usage and user experience. In the first aim,
we employ cluster analysis to identify subgroups of participants that share similarities in terms of
the frequency of their usage of particular apps, and then employ other engagement measures to
compare the clusters. We identified four clusters with different app usage patterns: Low Usage,
High Usage, Daily Feats Users, and Day to Day users. Each cluster was distinguished by its
overall frequency of app use, or the main app that participants used. In the second aim, we
developed a computer-assisted text analysis and visualization method — message highlighting — to
facilitate comparison of the clusters. Last, we performed a qualitative analysis using participant
messages to better understand the mechanisms of change and usability of salient apps from the
cluster analysis. Our novel approach, integrating text and visual analytics with more traditional
qualitative analysis techniques, can be used to generate insights concerning the behavior and
experience of users in digital health contexts, for subsequent personalization and to identify areas
for improvement of intervention technologies.
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1 Introduction

In recent years, we have seen a proliferation of health-related applications, delivered through
mobile and desktop devices, to support the management of chronic health conditions[1]. The
increased popularity and functionality of mobile devices offers great promise for enhancing
the delivery of mental health services including: increasing access to and use of evidence-
based care, informing and engaging users more actively in treatment, and enhancing care
after treatment has concluded[2]. However, many challenges also exist for effective
deployment, including high attrition rates, the digital divide, and intellectual capabilities of
users[3]. More broadly, there are also issues and gaps in our knowledge of digital mental
health interventions, such as the need to identify predictors of therapeutic success or
failure[4], reasons for attrition and dropout[5], and determining active intervention
components[6]. Though extant literature has shown that digital interventions work, we are
not yet able to explain how, why, and for whom[7-9].

As such, there has been great interest in engagement with digital interventions and many
definitions of engagement have emerged. There are differences in conceptualization of
engagement across disciplines, with research from the behavioral science literature tending
to focus on “engagement as usage”, and from the computer science and human-computer
interaction (HCI) literatures, on “engagement as flow”[10]. The term flow arises from the
work of Csikszentmihalyi, who first employed it to refer to a state of positive affect and
focused attention, in which people are optimally engaged in an experience[11]. HCI
literature has defined engagement as a state arising out of system use, a quality of user
experience that is associated with challenge, positive affect, endurability, aesthetic and
sensory appeal, attention, feedback, variety/novelty, interactivity, and perceived user
control[12]. In this study, we incorporate both perspectives, considering engagement as both
usage and user experience.

A number of conceptual frameworks to understand engagement and associated factors, such
as mechanisms of change and usability, have been proposed (e.g. [1,10,13]). These models
often elucidate factors that influence engagement, such as user characteristics (e.g.,
demographics; Internet self-efficacy, current and past health behavior), environmental
factors that facilitate or impede intervention use (e.g. personal, professional, healthcare
system), and aspects of interventions such as design, usability, content, and delivery.
However, there are also aspects which the models do not have in common.

Current methods of analyzing engagement and factors that influence engagement tend to
rely on simple metrics, such as raw counts of usage, which do not capture the complexity
and richness of these processes. Engagement has typically been characterized using a variety
of types of usage data, including logins, accesses, sessions, duration, messages sent, posts
and comments made, and other patterns of use over time[14-18]. Usage data is also often
conceptualized as a measure of adherence[19,20] or exposure to intervention content[14,21].
Other studies have examined usage trends to better characterize users in terms of needs and
user preferences[15,22]. Still other research has employed log data to derive insights into
users’ support needs, develop recommendations for incorporating new content, and identify
points of attrition[23,24]. Visualization of user interactions can also temporally illustrate
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how participants journey through an application and facilitate comparison of users[25].
However, these types of analyses of log data still do not enable us to understand how
participants experience an intervention.

Interventions involving multiple and diverse potentially impactful components pose both a
particular challenge and opportunity to understand user engagement and factors that
influence engagement. The mode of delivery of digital interventions means that there is
usually a rich set of log data including the user’s actions, time of day taken, and the
intervention components used. Moreover, there are usually multiple intervention
components, which make analyses increasingly complex, but could also enable us to
understand user experiences more holistically, as well as lead to insights concerning the
aspects of interventions that lead to behavioral change.

In this study, we examine engagement, defined as usage and user experience, and factors that
may influence engagement, such as mechanisms of change and usability, through log data
collected in the context of treatment delivery. To achieve this goal, we take a novel approach,
integrating text and visual analytics, to facilitate analysis of a rich and complex dataset. This
secondary analysis was based on data collected from individuals who used IntelliCare, an
eclectic, skills-based app suite comprised of 14 apps involving different treatment strategies
for depression and anxiety[26,27]. Because participants were able to start and stop using
apps whenever they wanted, they could be using any number of apps at any given time, and
the challenge of characterizing user interactions with different apps is particularly difficult.
Previous work has examined the relationship between app use and clinical outcomes[28];
however, that worked relied primarily on fairly standard use metrics such as number of app
use sessions and did not explore richer methods of understanding user engagement.

In this study, we use a three-pronged approach to combine the rich set of quantitative usage
data along with qualitative data, participants’ SMS conversations with coaches, to better
understand users’ app usage patterns and the nature of their user experiences. First, we
characterize user engagement as usage, through cluster analysis. Second, we characterize
participants’ engagement holistically, considering engagement both as usage and as user
experience, using computer-assisted textual analysis and visualization of participants’ text
messages. Third, we focus on two important constructs in the extant literature on
engagement of digital interventions, mechanisms of change and usability, to derive insights
to inform the future re-design of the apps in the IntelliCare suite.

2 Methods

21

Intervention and Dataset

The IntelliCare suite of apps was comprised of 13 clinical apps designed to improve
symptoms of depression and anxiety, and a “Hub” app, which coordinated participants’
experiences with the other apps by consolidating app notifications and providing
recommendations of apps to try[27]. The tools were designed to be intuitive and require few
instructions. This suite of apps is available on Google Play, and users were able to select the
apps that they wanted to use. Those who enrolled in the trial also received eight weeks of
coaching on the use of IntelliCare and automated recommendations of apps to try. During
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the trial, participants received weekly recommendations to download and try two new apps
each week. Recommendation sequences were generated randomly.

The coaching protocol[29] was based on the Efficiency Model of Support [30] and
supportive accountability[31]. Coaches encouraged participants to try the apps
recommended to them through the Hub app, answered questions about the tools found in the
apps, encouraged application of skills in daily life, and provided technical support. They
positively reinforced participants for app use, inquired about problems and preferences when
usage was low, and engaged in problem-solving around low usage as needed. Coaching
began with an initial 30- to 45-minute phone call to establish goals for mood and anxiety
management, ensure that participants could download the Hub app from the Google Play
store, introduce the suite of apps, build rapport, and set expectations for the coach-
participant relationship. During the trial, participants received 2-3 texts per week from their
coach, and were able to reach out to their coach via text message whenever they had
questions about the use of the apps or application of the learned skills. Coaches would
respond to questions within one business day.

2.2 Aim 1 Characterizing User Engagement as Usage

In this aim, we first consider engagement as usage and cluster participants based on their
usage of the apps in the IntelliCare suite, to identify individuals that shared similarities in
their engagement. To enrich our characterization of participants’ engagement behaviors, we
then employed cross-cluster comparisons on both overall and app-specific measures of
engagement, and outcomes. Cluster analysis is a method of finding similar groups in data
which has been employed in many disciplines, for diverse tasks ranging from segmentation
of consumers by food choice[32,33], analyzing learner subpopulations in online educational
environments[34,35], developing personas to inform the design of eHealth technologies
[36,37], and identifying patterns of user engagement with a mobile app intervention[38].

With this dataset, one of the key challenges we faced concerned the need to understand both
a users’ overall engagement, as well as app-specific engagement, interaction tendencies that
were specific to particular apps, and the numerous ways engagement could thus be
considered. We employed a two-step user characterization process, in which we first
clustered participants based on their app usage patterns, and then compared the clusters
based on other overall and app-specific measures of engagement, thereby facilitating a richer
characterization of participant engagement.

We employed k-means, a common clustering method in which the squared error between the
empirical mean of a cluster and the points in the cluster is minimized[39]. We clustered
participants based on the number of times they accessed each of the 14 apps. By doing so,
emergent clusters would be comprised of individuals who exhibited similar usage
frequencies for the same apps, where frequency was defined by the number of sessions of
usage of each app.

One of the issues that one encounters using k-means cluster analysis is the selection of the
appropriate number of clusters. We employed two methods, the Elbow method and visual
comparison, together. With the EIbow method, the variance is plotted against the number of
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clusters and the point at which increasing the number of clusters does not lead to substantial
decreases in variance is selected[40,41]. Because there was some ambiguity, we visually
compared solutions to make the final determination of the solution with the most meaningful
separation in terms of app usage.

The k-means clustering method can be susceptible to the values that were used to initialize
the clustering[42]. To avoid bias, we repeated the clustering with different initialization
values and observed that the defining characteristics of the clustering solutions remained the
same in the repetitions.

After identifying the individuals with similar app usage patterns in terms of frequency, we
compared the clusters based on multiple measures of overall engagement. the total number
of app usage sessions across all apps (where an app use session was defined as a single
access of an app), the total messages sent, and proportion of recommendations followed. The
number of app usage sessions and messages sent are common measures of engagement in
digital interventions. An app recommendation was considered followed if an individual
accessed an app within seven days of receiving a recommendation to try it. We might
consider the proportion of recommendations followed to gauge participants’ receptivity to
suggestions, a potential indicator of engagement. To compare the clusters based on the first
two measures, we employed the Kruskal-Wallis one-way analysis-of-variance-by-ranks test
(H test), which does not assume that the variables are normally distributed[43]. We
compared the clusters in terms of the extent to which they followed app recommendations
using a Chi-square test.

We also compared the clusters based on measures of aup-specific engagement. app start day,
or the number of days since enrollment that participants began using each app, and app
usage duration, where app use duration was defined as the number of days between the last
and the first day that an app was used, using T-tests. The rationale for considering app start
day was that it might indicate a user’s interest in a given app. For example, an earlier start
date might be indicative of a greater need for the service provided by the app or a greater
interest in the concept of the app. App usage duration might be associated with personal
relevance of the app, e.g. immediate abandonment might suggest that the app was not
perceived to be useful at all, whereas sustained use might suggest that the user found the app
useful. In both cases, we recognize that at this stage, these are suppositions, and thus the
need to consider this an exploratory analysis.

Lastly, we rendered line charts depicting the outcomes of the participants of the study
measured using the GAD-7[44] and PHQ-9[45]. The measures employed in the cluster
analysis and subsequent comparisons are presented in Table 2. K-means clustering was
performed using the machine learning toolkit, scikit-learn (http://scikit-learn.org/stable/
index.html), and all visualizations were rendered using the D3 library (https://d3js.org/).

2.3 Aim 2 Message Highlighting: Computer-Assisted Discovery of Salient User
Experience Characteristics

We developed a computer-assisted text analysis and visualization method to extract elements
of participants’ text messages to coaches that characterize engagement in terms of usage and

J Biomed Inform. Author manuscript; available in PMC 2019 July 29.


http://scikit-learn.org/stable/index.html
http://scikit-learn.org/stable/index.html
https://d3js.org/

1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Chenetal.

Page 6

user experience, as well as illustrate factors affecting engagement. This process involved
developing a lexicon-based visualization to identify salient concepts from the text messages
and then mapping these concepts to constructs in the engagement literature.

We used a keyword-matching method to identify concepts relating to behavior change and
engagement with digital interventions and used these features to render an interactive
visualization enabling viewers to compare clusters in terms of the extent to which users’
intervention experiences were reflected in the messages. To facilitate a process of
“discovery” of salient concepts from the text data, we employed a sentiment analysis lexicon
comprised of over 6,000 words[46]. We calculated the extent to which each concept was
represented in the participants’ communications, at the participant level. In other words, we
calculated the proportion of participants whose communications included each word at least
once.

Given the large number of concepts, there was a need to reduce dimensionality. We did so
using several criteria. First, we eliminated all concepts that were not mentioned by at least
half of the sample. Then, we eliminated shorter words that were likely to be ambiguous or
lack substance. This included all three-letter words. We manually curated 4- and 5- letter
words to remove those that lacked substance, were embedded in another word, or were part
of one of the app names. For example, “rough” and “sever” were eliminated as being part of
“through” and “several”, respectively.

The concepts were further grouped into high-level categories based on constructs that are
used to explain engagement and behavior change in digital interventions. As explained in the
Introduction, owing to the different disciplines in which engagement has been studied,
different facets have been studied. To be able to more richly represent concepts relating to
engagement that are expressed in the text data, we incorporated constructs from multiple
models and other literature. In particular, we consider Short et al.’s model[1] and
Ritterband’s model of Internet Interventions[13]. Short et al.’s model draws upon research
on engagement from multiple disciplines and includes four primary constructs: environment,
individual, intervention (design, usability, personal relevance), and engagement[1]. The
environment is comprised of external factors that impede or facilitate intervention use, such
as the length of time available to the user. The design of the intervention and individual
characteristics affect perceived usability, and individual characteristics affect personal
relevance. The design, usability, and personal relevance in turn affect engagement.
Ritterband’s model, which is highly cited in behavioral science literature, argues that
website use leads to behavior change and symptom improvement, and that this process can
be mediated by mechanisms of change[13]. We define and describe mechanisms of change
in more detail in the next aim. As none of the models account for all aspects of engagement
and associated factors, we based our assignment of categories on multiple conceptualizations
and report these in in the Results section. The assignment of the concept to high-level
categories was performed by the first author using the interactive visualization, by studying
the messages retrieved by the keyword and assigning the suitable category. This process of
computer-assisted discovery is depicted in Figure 1.

J Biomed Inform. Author manuscript; available in PMC 2019 July 29.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Chen et al. Page 7

2.4 Aim 3 Qualitative Analysis of User Feedback

In this last aim, we performed qualitative analysis of participants’ messages to better
understand their use experiences with the most salient apps identified in Aim 1. Though up
to this point, we focused on considering differences in subgroups of users, in this last aim,
we focused on characterizing users’ needs specific to the apps that participants used most,
earliest, or longest according to the analysis of usage data in Aim 1. We employed manual
coding of the data to better understand the benefits and issues that participants experienced
with each app. As the basis for the qualitative analysis, we first filtered the dataset to include
only the messages that explicitly mentioned one of the apps. During the filtering process, we
also included variant spellings of app names, such as “melocate” for “ME Locate” and
“Move Me” for “MoveMe”; and “sleep diary” as a reference to Slumber Time. Then we
created separate documents for each of the 14 apps, with one document containing all of the
messages relating to a particular app, and imported these into Atlas.ti, a qualitative data
analysis software, for analysis.

We employed a general inductive qualitative coding procedure based on the Grounded
Theory Methodology[47], in which the researcher engages in line-by-line coding of the data
and develops conceptual codes[48,49]. This involves an initial reading of the text data,
identifying text segments relating to the topics of interest, labeling the segments with
“codes”, iteratively comparing the codes to reduce redundancy and overlap, and creating a
conceptual model comprised of the categories of greatest interest[49]. To ensure rigor in the
codes and their conceptual linkages, we considered the criteria for empirical grounding of
findings outlined by Corbin and Strauss[50]. These criteria include concerns such as:
whether the concepts are systematically related, well developed, and have conceptual
density. We coded the entire dataset, as doing so enabled us to increase conceptual density
and develop conceptual categories that are relevant not only for the findings that we report,
but for a greater breadth of apps. We report the findings that are most relevant to apps that
were salient in Aim 1. We report the themes identified that pertain to two primary topics
relating to engagement with digital interventions: mechanisms of change, and usability
perceptions. Mechanisms of change, which mediate the effect of engagement with the
intervention and intervention effectiveness, include knowledge/information, motivation,
beliefs and attitudes, and skill building, account for behavior change and subsequent
symptom improvement[10,13]. The qualitative analysis was performed by the first author.

3 Results

3.1 Dataset

Ninety-nine participants enrolled in the study. One participant withdrew after the study was
over, and thus we report data based on 98 participants over the course of the eight week
intervention (Table 3). Overall, participants and coaches together sent 10,227 messages.
Participants alone sent 3,427 messages. The most commonly used apps were Day to Day,
Daily Feats, and Slumber Time (Table 4).
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3.2 Aim 1 Cluster Analysis of App Usage

We performed k-means cluster analysis and identified a 4-cluster solution as described in the
Methods section. Each cluster had one or more defining characteristics based on their overall
app usage, as well as usage of specific apps. We depict the mean usage for each app in
Figure 2. Given that the Hub app served a coordinating function within the suite, its usage
was understandably high in all groups. Hereafter, we will refer to these clusters as Low
Usage, High Usage, Daily Feats Users, and Day to Day Users, based on their most
distinguishing characteristic. We now briefly describe each cluster.

The Low Usage group was the largest of the groups (/7=45), and exhibited low usage of all
apps, relative to other users. The High Usage group was the smallest of the groups (7=6),
and engaged in comparatively high usage. These two groups were characterized primarily by
their overall amount of usage, rather than usage of particular apps. In contrast, Daily Feats
Users (77=26) and Day to Day Users (7=21) were characterized by their usage of these two
apps in particular.

We compared the clusters in terms of several measures of overall engagement: the number of
app sessions, messages sent, and recommendations followed (Table 5). Not surprisingly, the
clusters exhibited overall app usage patterns consistent with their cluster characteristics, with
the High Usage cluster engaging in the most app usage sessions, the Low Usage cluster
least, and the other two clusters exhibiting app usage session totals somewhere in between.
The number of participant messages sent did not differ significantly between all of the
clusters, suggesting that participants responded to coaches consistently regardless of the
level of engagement with the apps. Participants received two randomly selected app
recommendations per week. All clusters followed recommendations to some extent, and the
clusters did not differ significantly in the extent to which they followed recommendations.

We examined whether there were significant differences in two app-specific engagement
measures: average start day or duration of usage in the clusters, as the start dates might be
considered to reflect some aspect of cluster members’ tendencies to find particular apps
personally relevant. We rendered visualizations for each cluster, with the average start day
on the x-axis and app name on the y-axis (Figure 3). We depict the average start day of each
cluster using a circular indicator. A colored bar is sustained to the average end day. Asterisks
on the left indicate statistical significance in terms of the start day, and asterisks on the right,
statistical significance in terms of the duration.

In considering these figures, we see that the Low Usage group exhibited earlier start days for
Aspire and Slumber Time as compared to the rest of the sample, and shorter app usage
durations for a number of the apps. The High Usage did not exhibit any significant
associations with regard to start days, but they did sustain use of a number of apps longer, as
compared to the rest of the sample.

Aside from starting usage of Daily Feats earlier than the rest of the sample, Daily Feats
Users also began to use Day to Day, Slumber Time and Social Force at a later time. Day to
Day Users’ most prominent distinguishing characteristic was, not surprisingly, an earlier
start and more sustained use of Day to Day.
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We have characterized the clusters in terms of multiple quantitative measures of app-specific
and overall measures of engagement. To conclude, we briefly compare the clusters in terms
of mental health outcomes (Figure 3). There were no significant differences among the
clusters in terms of either the GAD-7 or the PHQ-9, though the Daily Feats and High Usage
clusters exhibit a greater trend towards continued progress in symptom improvement, as
compared to the other clusters, which exhibit a tendency towards reaching an improvement
plateau.

3.3 Aim 2 Message Highlighting: Computer-Assisted Discovery of Salient User
Experience Characteristics

We identified salient keywords in the text by calculating the proportion of individuals using
keywords from a lexicon and developed a visualization called, “Message Highlight Map” to
examine the expression of these concepts. In the Message Highlight Map, the horizontal axis
represents the clusters, and the vertical axis, concepts (Figure 4). The color of each cell is
based on the proportion of individuals within a given cluster mentioning the focal concept at
least once in their messages, such that the darker the color, the more prominent the concept
was within the sample, and the lighter, the less prominent.

Each keyword was mapped to a construct that related to engagement and behavior change in
digital interventions: engagement, environment, improvement, mechanisms, and usability
(Table 6). We consider engagement in terms of two sub-categories, to account for differences
in the ways that engagement has been conceptualized. First, the Engagement (experience)
category represents the users’ experience of parts of the intervention, including affective
reactions. This construct is rooted in a conceptualization of engagement as including a user’s
thoughts and feelings during system use[12,51]. The Engagement (usage) category was used
to represent the conceptualization of engagement as participants’ efforts to complete the
intervention as prescribed, which is often called adherence in the behavioral science
literature on digital interventions (e.g. [52,53]). The Environment represents external factors
that may affect an individual’s engagement with an intervention, such as being busy or their
interaction with others. The Mechanisms category included intervention content, skills, and
mechanisms of change[10,13]. Usability is often conceptualized in terms of the
effectiveness, efficiency, and satisfaction with which products can be used by users, to
achieve particular goals within a specific context of use[54,55]. In this study, we adopted a
broader conceptualization of usability which included characteristics such as helpfulness and
usefulness, which have been seen as antecedents of satisfaction[56], and have been included
in arguments and taxonomies for usability[57,58].

We now describe the main features that were commonly expressed regardless of cluster
(Table 7). Participants expressed a substantial amount of apologetic sentiment for not being
available or not responding quickly to the coaches. They also shared many of the reasons
why they were busy. They made statements about what they needed to do (e.g. spend more
time working with the apps). In the Improvement category, participants shared ways in
which they felt that their symptom management had improved, e.g. their thought patterns.

Participants also used language that provided insight into their interactions with the
mechanisms of the intervention. For example, all of the clusters mentioned using the apps to
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deal with stress. They also asked coaches for suggestions and recommendations. Last,
participants expressed positive sentiment towards the apps, finding them helpful.

We now consider differences in the clusters. As the consistently lighter shades in the Low
Usage column demonstrate, we have less information about the user experience of this
cluster. Other than the few themes that were prominent across all the clusters, the Low
Usage cluster as a whole did not express sentiments that were not prominent in other
clusters. However, they did appear to engage with coaches in terms of asking for their
suggestions and following app recommendations. The High Usage cluster, on the other hand,
tended to communicate both problems that they were having with the apps and in life, as
well as positive impressions. Their communication thus paralleled their high engagement
through app usage and recommendations.

The two remaining clusters, Daily Feats Users and Day to Day Users, were in between Low
Usage and High Usage in terms of the extent to which the message content reflected aspects
of user experience. Daily Feats Users made more comments about the skills were learning
(e.g. thinking differently, and how to deal with stress and anxiety) and the differences that
they observed. Day to Day participants were more likely to comment that they were making
progress, and that the apps were helping them to think positively. Like the High Usage
cluster, they tended to be appreciative of the support and encouragement that coaches
provided.

The High Usage, Daily Feats and Day to Day Users all mentioned usability issues, such as
the apps not opening when they were trying to open them, or inadvertently opening when
they were not expecting it. Participants also talked about what they ‘wished’ the apps would
do. There were a few participants that became overwhelmed dealing with the large number
of apps or messages.

3.4 Aim 3 Qualitative Analysis of User Feedback

To enrich our understanding of participants’ experiences with specific intervention
components and how these particular apps may have affected participants’ engagement with
treatment, we performed qualitative analysis of text messages mentioning each of the
applications in the IntelliCare suite. Altogether, we analyzed 777 mentions of the 14 apps. A
table showing the number of mentions of each app is available in Appendix 1. We consider
the results of four applications, Daily Feats, Day to Day, Slumber Time, and MoveMe. The
first two apps, Daily Feats and Day to Day, were selected because there was one cluster that
used the app most frequently, and for a longer duration, than the other clusters. We also
selected two apps that featured prominently in the cluster analysis in terms of start dates and
duration of usage: Slumber Time and MoveMe.

3.4.1 Daily Feats and Day to Day—Day to Day and Daily Feats both include features
that encouraged daily user engagement. Daily Feats relies on checklists to encourage the
user to incorporate worthwhile and productive activities in their day, and to give them credit
for activities completed. The user is provided a list of activities to complete and check off
each day, based on their level of distress, to which they can add their own personalized
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activities. Consistent use is encouraged using streaks, in which consistent use over a number
of days levels the user up to another set of activities[26].

In terms of mechanisms of change, Daily Feats assisted users to develop a routine (Table 8).
It provided structure, the act of checking off tasks throughout the day led to a sense of
accomplishment. This action also facilitated participants’ self-awareness of their own
actions. Participants found Daily Feats helpful and easy to use, and overall, strong usability
concerns were not expressed.

Day to Day also encouraged daily interaction, but in a different manner. The Day to Day app
provided people with a brief lesson each week, and then delivered a daily stream of tips and
other information throughout the day to help the person implement the strategies described
in the lesson[26]. Weekly themes included how to effectively cultivate gratitude, behavioral
activation, increase social connectedness, problem solving, and challenge one’s thinking.

Overall, many participants liked Day to Day. Mechanisms of change included instilling
motivation and changing thought patterns. However, participants also reported issues with
regard to the app’s usability, which also resulted in confusion and irritation.

In comparison, both Daily Feats and Day to Day encouraged daily interactions, and their
mechanisms of change resulted in daily reinforcement of the behavioral changes that they
were designed to promote. As a checklist, Daily Feats involves a form of interaction in
which the user perceives they have requested the support provided by the application,
whereas Day to Day may provide support and/or information at times when participants
perceive support is not needed or inconvenient. Additionally, navigation of the application
seemed to be a source of confusion. Allowing the user to customize when they receive
messages could be helpful, as well as providing more explicit instructions and/or more
intuitive navigational controls. Lastly, Daily Feats instilled a sense of accomplishment that
kept individuals engaged over time; one might also wonder whether the sense of
accomplishment instilled by Daily Feats may be the primary intervention component
influencing the steady improvement in outcomes witnessed in that cluster.

3.4.2 Slumber Time and MoveMe—We also consider participants’ experiences with
Slumber Time and MoveMe, two apps that featured prominently in the cluster analysis in
terms of start dates and duration of usage. With both apps, overall there was little content in
the text messages reflecting mechanisms of change. Rather, we observed greater reporting of
problems and clarifying questions on usage.

Slumber Time provides functionality that is intended to improve participants’ sleep hygiene.
These include a sleep diary, a bedtime checklist, audio recordings to facilitate relaxation, and
an alarm clock feature[27]. We did not observe discussion of mechanisms of change, though
one of the participants did mention that their sleep habits had improved: “...my sleep habits
have certainly improved from using the Slumber Time app. Specifically the leaving the
phone and TV off at bedtime, using better background sounds, and trying to get up at about
same time each morning. | do still need to work on trying to get to bed at more normal
times.”[1537]
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Overall participants’ messages concerning Slumber Time were primarily comprised of
usability issues and the need for clarification on feature usage. With regard to the former,
issues included errors such as receiving the same feedback or not receiving feedback. Other
participants found certain aspects of Slumber Time inconvenient, such as the necessity of
entering large amounts of information instead of having the information automatically
detected. There were also many questions to clarify how to use the application. For example,
participant 1363 asked what the sleep efficiency numbers indicated in terms of what they
should be aiming for, and participant 1759 said that they thought it “would be nice to nice to
see what causes me to sleep good vs bad.”

MoveMe provides the user guidance in the selection of exercises to improve mood,

including exercise videos, motivational lessons, and a function for scheduling exercises[27].
As with Slumber Time, there was little discussion of mechanisms of change. One participant
did mention that they liked the coaching videos and found them helpful for learning how to
do the exercises correctly (an example of skill building), but there were many others who felt
that the exercises were too difficult. Participants also experienced usability issues relating to
the scheduling function, such as difficulty getting reminders to pop up when they wanted
them to. There were clarifying questions on usage, particularly relating to the scheduling
function.

Returning to the app usage clusters, we observe that the Daily Feats Users used two apps for
a longer duration: Daily Feats and MoveMe. As the apps both scheduling activities, it may
be that Daily Feats Users appreciate this similarity in terms of the mechanisms by which
they operate. The Low Usage cluster started Slumber Time earlier as compared to the rest of
the sample, and one might wonder if, had Slumber Time fewer usability issues, engagement
might have been higher with some members of that cluster. Overall, addressing usability
concerns and providing clearer instructions for app use can be helpful to retain interest and
engagement with the apps.

4 Discussion

In this study, we employed a three-pronged approach to study user engagement with an
eclectic, skills-based app suite for the treatment of depression and anxiety. In Aim 1,
considering engagement as usage, we identified four clusters of different types of users
based on their app usage patterns: Low Usage, High Usage, Daily Feats Users, and Day to
Day Users. In Aim 2, we rendered an interactive visualization, Message Highlight Map, to
facilitate compare clusters in terms of engagement, conceptualized as both usage and user
experience, and associated factors. Lastly, through qualitative analysis of participants’ text
messages, we considered the mechanisms of change and usability perceptions of the apps
that were most salient in the cluster analysis.

We now consider the findings in terms of the potential for design recommendations for each
cluster (Table 10). Daily Feats Users focused on the skills that they were learning and
differences in their experiences. These participants appreciated concreteness, spoke of
routines, and continuing to use the apps, so recommending apps that help develop structure
could work well. Day to Day Users were particularly appreciative of the app’s
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encouragement to stay positive and to change thought patterns, as well as the support from
the coaches. Thus, recommending other apps that stimulate thinking and provide inspiration
can perhaps be helpful.

The Low Usage cluster offered less qualitative feedback in terms of their experience, but
they appeared receptive to coaches. Developing ways for individuals to work in shorter
activity bursts and/or assisting coaches in supporting these individuals might be particularly
important. This might include improving the recommendations that are provided. One way
to do so might be to recommend apps that are more personally relevant to participants (e.g.
needing to improve sleep hygiene, to learn stress management techniques, etc.) by learning
their needs earlier on, either through surveys or through inference from passively collected
data. Another might be to learn mechanisms of change that might resonate with the
participants, and offering recommendations that employ these mechanisms. There were
multiple participants in this study that perceived Aspire and Daily Feats to be similar (as
referenced in Table 8), suggesting that app recommendation through affinity of mechanism
could be effective. Recommending Daily Feats and Day to Day earlier on, since they were
the apps that participants seemed to engage with and derive the most benefit from, is perhaps
another strategy.

The High Usage cluster used the apps most frequently and, overall, were enthusiastic about
the intervention. While they appear to be highly engaged, it is perhaps important to ensure
that the amount of time and effort they are spending is useful and effective, to ensure
continued engagement and benefit. It might also be useful to consider whether there are
potential adverse effects from too much use of the apps.

All of the clusters except Low Usage provided substantial feedback concerning both positive
and negative aspects of usability. In our last aim, we conducted a deeper exploration of
mechanisms of change and usability, specific to the apps, to inform future intervention
design. Though our qualitative analyses provided evidence of intervention mechanisms at
work, they also provided examples where usability issues may have interfered with these
mechanisms of change.

4.1 Limitations and Future Directions

This study has a few limitations. First, there may be various reasons for users’ app
preferences, including predispositions towards app mechanisms, need for improvement in
the area addressed by the app, and life context. In a future study, obtaining more detail on
participants’ life situations and needs would permit investigation of whether there are
systematic associations these characteristics and their app usage patterns. This would allow
for greater tailoring of app recommendations to user needs, preferences, and circumstances.
Though in this study, we did not have access to daily self-assessments, it would also be
interesting to examine associations between participants’ affinities and usage for particular
IntelliCare apps in relation to their daily states.

Second, there are various ways in which the Message Highlight Map might be improved. For
example, our initial derivation of features was based on one lexicon. Other lexicons might
also contain concepts of interest, and these would have been missed by our approach.
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Additionally, we used proportions to colorize the cells of the Message Highlight Map and
address the issue of differing cluster sizes. While this does facilitate the comparison, the
smaller clusters are perhaps more susceptible to fluctuations in expressed density.

Lastly, the Message Highlight Map, as it currently exists, provides a coarse differentiation of
features. For example, the dimension, “Mechanisms”, does not provide a nuanced
differentiation of mechanisms of change, which has been recognized as a need in the study
of engagement of digital interventions[59]. One possible way to extend this work might to
incorporate an ontological framework with natural language processing techniques to be
able to identify and characterize mechanisms of change more precisely. However, we hope
this visualization may serve as a basis to build upon for future work studying the
relationship between constructs that are related to engagement.

4.2 Methodological Reflection

In this study, we presented a novel, mixed-methods approach to accomplish the overarching
aim of understanding engagement, as usage and user experience, and potentially associated
factors, particularly mechanisms of change and usability, through use and messaging data
that are commonly acquired in digital mental health interventions.

The first step is use clustering, which identifies and segments subpopulations of users based
on intervention usage behaviors. In our study, this was performed based on participants’
usage of different apps. Traditionally, digital mental health interventions have used one
application, however, these web and mobile applications tend to have multiple modules that
could be similarly clustered. This first step recognizes the diversity in user preferences and
patterns in the use of digital mental health tools.

In this case, we clustered users based on sessions of app use. Measuring engagement
through logins or sessions is common in digital interventions (e.g. [15,21]). An alternative
method could have been to cluster users based on characteristics other than engagement, or
different types of engagement characteristics. For example, previous research that employed
cluster analysis to study user engagement with a pain management app using variables
relating to sociodemographic characteristics, medical history and medication regimen/
use[38]. Cluster analysis using variables of different types could potentially lead to a tighter
association between the features of interest. In this case, we regarded usage of specific apps
as the primary characteristic for differentiation, and thus these were employed as the specific
set of variables for analysis, with subsequent statistical comparisons on other demographic
variables to expose other differences between the clusters.

The next step, message highlighting, identified salient characteristics of the messages sent
by users. We developed a computer-assisted text analysis and visualization pipeline which
grouped messages into categories based on constructs from engagement literature. These can
then be compared across the app use clusters in a Message Highlight Map. This more
granular understanding of messaging types in the context of app use patterns could be useful
for a variety of purposes, such as understanding the needs or problems different types of
users are having, or anticipating the types of messages coaches will have to respond to
across different categories of users. An interactive visualization such as this might be used as
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part of quality assurance or quality improvement. For example, the messages in the Usability
section of the Message Highlight Map could be particularly helpful for identifying usability
issues that need to be addressed, as well as opportunities to assist participants to adjust app
behavior to suit their preferences. For example, a few participants wished the notifications
were more obvious or that features would pop up on their own, whereas others felt that there
were too many notifications.

The final step is qualitative analysis of data filtered based on insights from the previous two
steps. In this case, we brought the analysis back to user interactions with specific
intervention components to maximize insights for their effectiveness with respect to
therapeutic outcomes, and improving the usability of these components. Messaging can
provide a rich source of data in understanding the user through his or her interactions with
the coach. This analysis provides a richer understanding of the user’s experience, which is
potentially useful for improving the tools or coaching protocol.

The method that we have demonstrated begins with the conceptualization of engagement as
usage, segmenting users and characterizing them through their use behaviors. Previous
research has observed that a critical challenge to the analysis of digital interventions is the
organization of log data for analysis[25]. Prior work has often analyzed engagement using
module accesses and website utilization (e.g. [14,25]). An interesting aspect of this dataset
was that participants would not necessarily use intervention components in a certain
sequence or time, nor were they recommended to use apps a specific amount. The
visualizations that we employed were thus designed to expose differences in usage
frequency, along usage dimensions of potential interest, such as the use of start date and
duration of app use as potential indicators of interest and/or resonance with an application.

To understand engagement more holistically, we developed an interactive visualization that
affords us a picture of users’ engagement along dimensions of relevance to digital
interventions. Previous methods to analyze text messages from digital interventions have
often employed quantitative content analysis (e.g. [60,61]). Doing so often limits the
analysis to a predefined set of categories. Our method involved a hybrid inductive-deductive
approach, in which a lexicon was used to identify salient concepts, and then subsequent
manual review was employed to assign relevant extracted concepts to categories of
relevance. This approach afforded a systematic search of a concept space.

In our last aim, we employed a qualitative assessment approach focused on mechanisms of
change and usability, which can serve to confirm that mechanisms of change are working as
intended, and/or identifying opportunities to improve existing app designs. The findings
concerning Daily Feats and Day to Day clearly illustrated differences in mechanisms,
whereas the findings for all apps other than Daily Feats showed the need to address usability
concerns, as well as provide additional clarification, often around those concerns. Iterative
analysis and refinement cycles, incorporating both passively collected data and elicited user
feedback, can facilitate continued improvement of the apps to suit participants’ use patterns
and preferences.
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Recent literature has observed that there is an increased need to identify, characterize, and
assess health-related apps[62,63]. In this study, we have demonstrated how theory-informed
analysis of log data can be used to characterize engagement, factors associated with it, and
implications for the design of digital tools with a therapeutic purpose. These methods have
considerable utility in digital mental health research. They provide detailed information
about specific groups of users that can be used to optimize both the applications as well as
the coaching protocols, without having to subject participants to lengthy user feedback
interviews. As the data are collected through the normal use of a digital mental health
intervention, the data do not rely on memory or recollection; rather, they are generated in the
context of treatment itself. Because it requires no additional effort on the part of the user,
this method can be employed in a variety of contexts, including the course of ongoing
services outside of a research setting.

5 Conclusion

In this study, we presented a novel mixed-methods approach for analysis of the complex and
rich data that is routinely collected in digital mental health interventions. We performed a
secondary analysis of IntelliCare, an intervention in which participants were able to try 14
different mental health apps over the course of eight weeks, using a three-pronged approach:
use clustering, message highlighting, and qualitative analysis. This study contributes to
extant methods for understanding users of digital interventions in multiple ways. First, the
study illustrates the diversity and richness of the data that are being collected in digital
interventions, and how these data might be used complementarily to characterize
engagement. We were able to see that there can be differences within a sample in terms of
overall engagement, as well as engagement with specific aspects of an intervention.
Distinguishing among these enables us to explore whether there are aspects of an
intervention that resonate particularly well with particular groups. This information might in
turn be used to personalize intervention treatment and perform quality assurance/
improvement. Last, this study serves as an example of how passively collected data can be
used to derive insights about behavior and experience in digital health contexts.
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Appendix 1.: App Mentions

App Mentions
Aspire 78
Boost Me 41
Daily Feats 76
Day to Day 85
Hub 35
Icope 43
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App Mentions
MeLocate 33
MoveMe 57
My Mantra 56
Purple Chill 76
Slumber Time 48
Social Force 32
Thought Challenger 65
Worry Knot 52
Total 77
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Figure 2.
App Usage Clusters

Note: Asterisks indicate statistical significance at the .05 level between the cluster and the
rest of the sample.
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Table 1.

Description and Behavioral Strategy of the IntelliCare Apps. Reprinted from [27].

App

Behavioral strategy

Description

IntelliCare Hub

Aspire

Day to Day

Daily Feats

Worry Knot

ME Locate

Social Force

My Mantra

Thought Challenger

iCope

Purple Chill

MoveMe

Slumber Time

Boost Me

Personal values and goal setting

Psychoeducation and prompts

Goal setting

Emotional regulation and
exposure

Behavioral activation

Social support

Self-affirmations and positive
reminiscence

Cognitive reframing

Proactive coping

Relaxation

Exercise for mood

Sleep hygiene

Behavioral activation

Manages messages and notifications from the other apps within the IntelliCare
collection.

Guides user to identify the values that guide one’s life and the actions (or “paths™)
that one does to live that value. Helps keep track of those actions throughout the day
and supports the user in living a more purpose-driven and satisfying life.

Delivers a daily stream of tips, tricks, and other information throughout the day to
boost the user’s mood. Prompts the user to work on a particular theme each day and
every week; learn more about how to effectively cultivate gratitude, activate
pleasure, increase connectedness, solve problems, and challenge one’s thinking.

Encourages the user to incorporate worthwhile and productive activities into the day.
Users add accomplishments to the Feats calendar, where they can track their positive
activity streaks and level up by completing more tasks. Helps motivate users to
spend their days in more meaningful, rewarding ways to increase overall satisfaction
in life.

Teaches the user to manage worry with lessons, distractions, and a worry
management tool. Provides a guided tool to address specific problems that a user
cannot stop thinking about and provides written text about how to cope with
“tangled thinking.” Presents statistics about progress as the user practices coping
with worry, gives daily tips and tricks about managing worry, and provides
customizable suggestions for ways to distract oneself.

Provides a personal map for finding and saving user’s mood-boosting locations.
Assists the user in finding and remembering these places to help them make plans,
maintain a positive mood, and stay on top of responsibilities.

Prompts the user to identify supportive people in their lives, and provides
encouragement for the user to get back in touch with those positive people.

Prompts the user to create mantras (or repeatable phrases that highlight personal
photo strengths and values and can motivate one to do and feel good) and construct
virtual albums to serve as encouragement and reminders of these mantras.

Guides the user through an interactive cognitive restructuring tool to examine
thoughts that might exaggerate negative experiences, lead one to be overcritical, and
bring down one’s mood. Teaches the user to get into the habit of changing
perspective and moving toward a more balanced outlook on life.

Allows the user to send oneself inspirational messages and reassuring statements,
written in their own words, to help the user get through tough spots or challenging
situations.

Provides users with a library of audio recordings to relax and unwind. Teaches a
variety of relaxation and mindfulness practices to destress and worry less.

Helps the user select exercises to improve mood. Provides access to curated exercise
videos and to written lessons about staying motivated to exercise. Allows the user to
schedule motivational exercise time for oneself throughout the week.

Prompts the user to complete sleep diaries to track sleep. Provides a bedtime
checklist intended to clear one’s mind before going to sleep. Provides audio
recordings to facilitate rest and relaxation. Features an alarm clock function.

Encourages users to select and schedule positive activities (“boosts™”) when they
notice a drop in mood and to track positive activities they note positively impacting
their mood. Includes animated mood tracking for pre or post positive activities,
calendar integration, and suggested activities that are auto-populated based on past
mood improvement.
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Table 2.

Cluster Analysis Variables and Comparison Dimensions

Variable Type

Measure

Cluster analysisvariables
Cluster analysis variables
Comparison dimensions

Overall engagement

App-specific engagement

Outcomes

Number of app usage sessions for each app

Total number of app usage sessions

Total number of messages sent
Proportion of recommendations followed
App start date

App usage duration

GAD-7

PHQ-9
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Table 3.

Sample Characteristics

Sample Characteristic Statistic
# Participants 98
# Coaches 4
# Messages 10,227
Sender
Coach 6,800
Participant 3,427
Messages Per Study 1D M(SD)
Messages 104.36(37.32)
Messages sent by coach 69.39(21.30)

Messages sent by participant ~ 34.97(18.70)
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Table 4.

App Usage (# Sessions)

App Mean SD

Hub 1065 71.2
Day to Day 34.4 485
Daily Feats 25.9 32.2
Slumber Time 18.2 21.4
Purple Chill 17.2 16.9
Mantra 15.4 21.9
Thought Challenger  13.5 16.3
Aspire 12.9 15.2
iCope 117 20.7
Boost Me 10.2 111
MoveMe 9.8 12.9
Worry Knot 9.2 10.7
Social Force 6.9 11.2
Me Locate 5.6 8.5
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Table 5.

Cluster-Wise Comparison of Overall Engagement Metrics

LowUsage HighUsage Daily Feats DaytoDay Statistic

# App Sessions 148.8(79.9) 836.0(204.9) 316.7 (76.4) 438.8(98.4) X2(3)=72.9, p= .000
# Messages Sent  96.9 (41.6)  103.3(26.2)  1185(36.7) 103.1(26.4) X2(3)=4.6, = 0.20
% Recs Followed  19.0 14.9 23.4 15.9 X2(3)=5.7, p= .13

J Biomed Inform. Author manuscript; available in PMC 2019 July 29.

Page 30



1duosnuey Joyiny 1duosnuen Joyiny 1duosnuey Joyiny

1duosnuen Joyiny

Chenetal.

Table 6.

Key Constructs and Definitions Relating to Engagement of Digital Interventions

Construct Definition Source
Engagement (experience) | Users’ experience of the program, including the support from coaches [12,51]
Engagement (usage) Factors relating participants’ efforts to complete elements of the intervention as prescribed | [52,53]
Environment External factors affecting engagement [1]
Improvement Symptom improvement [13]
Mechanisms Intervention mechanisms, content and skills [13]
Usability Usability perceptions [1]

J Biomed Inform. Author manuscript; available in PMC 2019 July 29.

Page 31



1duosnuey Joyiny 1duosnuen Joyiny 1duosnuey Joyiny

1duosnuen Joyiny

Chenetal.

Table 7.

Page 32

Examples of the Salient Concepts from Participants’ Text Messages

Category/Keyword

Description

Example

Engagement (experience)

coaches

Appreciate Expressed appreciation for the support of the | really appreciate the help, support and guidance that you have
coaches given over the past 2 months.[1537]
Great Expressed enthusiasm for the program and the It was great having you in my side helping me with this... [1669]

Engagement (usage)

Trying Demonstrative of efforts to engage I’ve really been trying to use them consistently! | think it’s going
ok! [1012]
Need Participants stating or asking what they need to do | 1 am getting used to them and need to spend more time on the
apps. [1362]
Sorry Apologetic sentiment for not responding to the Thank you for all your help. I’'m sorry, I’ve had a long day at
coaches. work today so | didn’t have a chance to get back to you. Take
care! [1778]
Environment
Busy Explanation of participants’ lack of time because Sorry for the late response! It has been a crazy busy day... [1012]
of their schedules.
Improvement
Better Improvement in symptoms or a suggestion My mood is a lot better...[1257]
regarding usability. | feel like mostly | have been able to identify triggers in a better
way than before using some of the apps, as well as having more
coping skills. [1577]
Mechanisms
Relax Learning relaxation techniques. I have learned to reach out more to others, | have been taking the
time to actually relax, energy im still trying to figure out. | have
started to cope with things in different ways [1668]
Thinking Talking about counteracting negative thinking or | get stuck in negative thinking less often, and it’s easier to
what participants think that they need to do. counter them with more reasonable self talk. It’s easier to
reassure myself when | need to [1317]
Usability
Easy An app is easy to use It’s pretty easy to use, so | don’t have questions about it. | know
you’ll recommend to start using another throughout each week,
but could I do so if I’m curious about an app? [1722]
Open Apps open when users do not want them to, or do The hub app won’t open when | hit the icon my screen goes
not open when they are supposed to white for a second then goes back to my home screen [1263]
Helpful What is helpful about the apps. Yes, they are helpful in reinforcing the good things I did that day

(even if they are small things) and that little steps can add up.
[1376]
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Table 8.

Daily Feats and Day to Day: Mechanisms of Change and Usability Perceptions

M echanism of Change/Usability

Examples

Daily Feats

Development of routine

« | think it’s the structure and tangibility of the lists in Daily Feats that I’m motivated to accomplish
and checkoff everyday. [1767]

*The daily feats give me goals through out the day I can check off and feel good about myself
[1257]

Sense of accomplishment

« | feel better about my day when | can see that | actually have accomplished something, like the list
in daily feats and aspire. [1355]
« | find it helpful to be encouraged to accomplish the goals | set. [1187]

Self-awareness

« Daily Feats helps me notice when | make healthy choices. [1114]

Easy to use

« | like aspire and daily feats lately. They are easy to use...

Day to Day

Instilling motivation

« | liked ‘day to day’ it was nice to make me think about working on things. [1365]

Changing thought patterns

« I’'m really finding the Day To Day app beneficial, it’s making me think in different ways I didn’t
think of before. [1739]

« i just wanted to tell u th[a]t the day to day app has really been helpful this week. Talking about
negative thinking and ways to change it. [1718]

Interaction patterns led to confusion
and irritation

« Day to day is a little confusing in terms of how you get to the next level. i see the messages that
are sent but unsure how to get to the next item. [1362]
« The day to day app can be a bit overbearing with the notifications and suggestions. [1433]
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Table 9.

Slumber Time and MoveMe: Mechanisms of Change and Usability Perceptions

M echanism of Change/Usability

Examples

Slumber Time

Usability concerns

« The alarm clock feature doesn’t seem very convenient on the slumber time app. My phone
doesn’t naturally lay on its side. Otherwise no problems. [1365]

The need for clarification

« Is there a feedback mode for slumber time, or is it just the sleep efficiency numbers? Should |
be striving for 100%? [1363]

* just wondering if there is a way to put notes in on sleep diary (such as weird dreams) in
Slumber Time. [1537]

MoveMe

Skill building

« Great coaching videos with the MoveMe app. It helps to learn how to do a specific exercise
right.

App could be better suited to participants’
needs

moveme it would be cool if move me now had easier things like walk around your office once
instead of things like lunges and crunches and planks... [1074]

Usability concerns

* I’m getting a notification that there is an update to move me but when | go to the store there
isn’t an update. So the notification won’t go away. [1074]

The need for clarification

« | have found the activity scheduling but am wondering if there is a way to make it a recurring
event like on my calendar. [1537]
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Sample and Cluster Characteristics with Design Recommendations

Qualitative Feedback

Recommendations

All « Found the apps helpful, but also encountered usability  Address usability issues
issues
« Apologetic sentiment for being busy
Low Usage | * Comparatively less qualitative feedback, but they still « Develop ways for individuals to work in short activities
engaged with intervention mechanisms « Find ways to help coaches support these individuals
* Recommend Daily Feats and Day to Day earlier on
High Usage | e Enthusiastic about the intervention  Improve the quality of the recommendations
« Investigate effective intervention components
Daily Feats | * Focused on skill-building « Apps that provide structure and instill a sense of
accomplishment work well
Day to Day | e Felt that the apps were helping them to think positively « Recommend apps that emphasize thinking about problems in

« Appreciative of the support and encouragement from
coaches

new ways
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