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Abstract

Background: Integration of momentary contextual and psychosocial factors within self-management feedback
may provide more specific, engaging, and personalized targets for problem solving.
Methods: Forty-four youth ages 13–19 with type 1 diabetes (T1D) were provided a Bluetooth meter and
completed the 30-day protocol. Participants were randomized to ‘‘app + meter’’ or ‘‘meter-only’’ groups. App +
meter participants completed mealtime and bedtime assessment each day. Assessments focused on psychosocial
and contextual information relevant for self-management. Graphical feedback integrated self-monitored blood
glucose (SMBG), insulin, and Bluetooth-transmitted blood glucose data with the psychosocial and contextual
data. App + meter participants completed an interview to identify data patterns.
Results: The median number of momentary assessments per participant was 80.0 (range 32–120) with 2.60 per
day. By 2 weeks participants had an average of 40.77 (SD 12.23) assessments. Dose–response analyses indicated
that the number of app assessments submitted were significantly related to higher mean daily SMBG (r = -0.44,
P < 0.05) and to lower% missed mealtime SMBG (r = -0.47, P < 0.01). Number of feedback viewing sessions was
also significantly related to a lower% missed mealtime SMBG (r = -0.44, P < 0.05). Controlling for baseline
variables, mixed-effects analyses did not indicate group · time differences in mean daily SMBG. Engagement
analyses resulted in three trajectory groups distinguished by assessment frequencies and rates of decline. En-
gagement group membership was significantly related to gender, mean daily SMBG, and HbA1c values.
Conclusions: Momentary assessment combined with device data provided a feasible means to provide novel
personalized biobehavioral feedback for adolescents with T1D. A 2-week protocol provided sufficient data for
self-management problem identification. In addition to feedback, more intensive intervention may need to be
integrated for those patients with the lowest self-management at baseline.

Keywords: Ecological momentary assessment, Feedback, Type 1 diabetes, Adolescent, Engagement, Mobile
health.

Introduction

Successful self-management of type 1 diabetes (T1D)
requires many daily tasks that need to be carried out at

mealtimes, often in social contexts, and are influenced by

psychosocial issues, such as negative effect, stress, and
stigma.1–3 In diabetes, identification of problems with self-
management would typically take place surrounding review
of data from devices, such as continuous glucose monitors,
blood glucose (BG) meters, and insulin pumps. However,
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currently, identification of problems with self-management
relies not only on accurate and actionable device data, but also
relies on inferences and patient recall regarding the context
of that data. Cognitive processes important for retrospective
identification of problems, such as pattern recognition and
causal inference, are often based on incomplete or inaccurate
recall of experiences, behaviors, and events.4 Dependence
on patient recall and awareness may lead to identification of
self-management targets for change that are simply most
recent, are emotionally salient but rarely occur, and/or are
not correlated with self-management.5–7 Greater accuracy and
specificity regarding which psychosocial barriers occur, their
quantitative relationship to self-management tasks, and their
frequency and timing could reduce effort focused on irrelevant
or unquantified factors.

With the ubiquitous use of mobile technologies, it is now
feasible to utilize methods that more proximally assess psy-
chosocial, contextually relevant, and time-varying factors
that influence health behaviors.8 Ecological momentary as-
sessment (EMA) often utilizes mobile technologies to either
unobtrusively obtain relevant data without participant effort
or obtain self-reported data that are proximal in time and
context to self-management events, such as meals. The EMA
method has been used widely in health behavior research and
has identified novel, modifiable, and more specific correlates
of health behaviors, such as affect and risk of smoking lap-
ses,9 social context and physical activity,10 situational stress
and asthma symptoms,11 and time of day and day of the week,
in relation to binge–purge behaviors.12

Data that are potentially most relevant for diabetes mo-
mentary studies includes factors that are (1) time varying,
(2) contextually relevant, (3) habitual or frequent enough to
warrant assessment, (4) hypothesized to provide novel in-
sights into self-management and/or BG patterns, and (5)
provide modifiable targets for intervention. Daily diary
studies have been conducted associating mood or distress
with diabetes self-management,13–16 but few momentary
assessment studies have been conducted in diabetes. Dia-
betes EMA studies have reported that social context and
social desirability were relevant to lower BG monitoring in
adolescents,17 momentary increases in negative emotion
were related to an increased likelihood of restricting mealtime
insulin in adults with symptoms of eating disorders,18 and
morning times have been related to worse self-management in
adolescents compared with other times of the day.19

In addition to gathering momentary data for basic be-
havioral science, there is potential for this type of data to
enhance self-management problem solving. In particular, it
may be useful to provide guidance during the problem
identification stage of problem solving. Personalized feed-
back is considered a fundamental aspect of behavior change
that has often been used to create problem awareness,
communicate risk, and guide behavior change.20,21 Much
feedback in diabetes is digital in nature. However, en-
gagement with health behavior technologies in general are
often suboptimal.22–24 The development of viable momen-
tary data systems with personalized feedback may support
improved engagement with digital interventions through
more relevant, timely, and specific feedback for patients.
In diabetes, few feedback systems integrate psychosocial,
behavioral, and biological data.25 To the extent that biobeha-
vioral feedback provides meaningful and actionable insights, it

may be a novel and useful component of diabetes problem-
solving systems.26,27

Thus, to improve the relevance and specificity of patient
data used to inform self-management problem identification,
we developed a mobile application called MyDay to assess
contextual, psychosocial, and self-management factors in a
momentary fashion and integrate that data with BG values
from meters for biobehavioral feedback. The overall aim of
this study was to provide initial support for the feasibility
and utility of the approach. In addition, we sought to identify
short-term impact of the mobile app use on self-monitored
blood glucose (SMBG), and identify mobile app engage-
ment patterns and their relation to youth behaviors and
characteristics.

Methods

Study design and participants

Participants were recruited from a regional diabetes clinic
in an academic medical center in Nashville, Tennessee.
Youth were eligible for the study if they (1) were patients in
the pediatric diabetes clinic over the age of 12 years, (2) had
been diagnosed with T1D for at least 6 months, (3) were able
to speak and read English, (4) owned a working Android or
iOS smartphone, and (5) were willing to use a Bluetooth BG
meter during the study. Recruitment took place through flyers
in the clinic, from a list of patients who previously expressed
interest in research participation and clinician referral.

Procedures

At baseline, all participants were randomized to either the
MyDay app condition or a meter-only condition on a 2:1
ratio, respectively. Adolescents and young adults completed
baseline questionnaires and parents or young adults provided
clinical and demographic information. All participants were
asked to bring in their current meter(s), which were uploaded
to provide prebaseline data for group by time SMBG com-
parisons. The iHealth� Bluetooth meter was explained and
demonstrated. Participants were required to demonstrate use
of the meter. One month of test strips were provided (180
strips) and participants kept the meter after the study. Parti-
cipants were then monitored for a period of 3 days to ensure
that the meter was used successfully. If no meter data were
submitted, the participant and/or parents were contacted for
troubleshooting. All participants were compensated $60 for
completion of the study. Meter-only participants completed
baseline measures and provided Bluetooth SMBG data.

For app + meter participants, four assessments were sched-
uled per day corresponding to mealtimes (breakfast, lunch,
dinner) and bedtime for 30 days for a maximum of 120 as-
sessments per participant (90 mealtime and 30 bedtime
assessments). Each of the 90 mealtime mobile assessment
notifications were individually automatically scheduled
based on participant reports of likely mealtimes during the
study period. Investigators instructed participants to submit
mealtime assessments regardless of whether they ate a meal.
Ad hoc snacks could also be entered into the app. Bedtime
and snacks were not used for biobehavioral feedback because
SMBG and insulin administration could not always be ex-
pected at those times. Data could be entered for that day at
any time until midnight.
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Five text messages (SMS) were also sent per week as
prompts to orient users to the app and feedback. Twenty SMS
messages were created and all app participants received all
messages at the same times (no more than one per day). An
example of SMS messages included ‘‘Remember to check in
with MyDay app at your mealtimes even if you don’t eat!’’
and ‘‘What time of day is your best or worst for taking care of
diabetes? The MyDay app can help you find that out.’’

At baseline, the MyDay app was demonstrated in-person
and through a video. Adolescents were asked to demonstrate
use of the app to submit an assessment. App + meter partic-
ipants were paid an additional $40 (in addition to the base of
$60) if they achieved 80% success in completing MyDay
assessments for up to $100 total compensation. At 14 days
into the 30-day protocol, these participants were contacted to
complete a brief structured data-guided telephone interview.
Participants were sent a pdf of their feedback on the day of the
interview, which was then used to guide the discussion of
feedback. The University Institutional Review Board ap-
proved the study. All adolescents, young adults, and a parent
(for minors) completed informed assent or consent before
study procedures commenced.

MyDay mobile application features

The MyDay app was developed on iOS and Android
platforms by an interdisciplinary team of diabetes research-
ers, clinicians, software developers, user interface designers,
and youth with T1D. The software allowed flexible creation
of data collection content, format, and timing. Question re-
sponse options include Likert type, check boxes, sliders,
icons, text, numeric, and digital photo uploads. Figure 1
shows examples of assessment interfaces. The system con-
sisted of the native app supported by a Ruby on Rails (v4.1)
backend PostgreSQL database. In-app notifications were
scheduled for each individual. All communications were
handled through a secure socket layer. Users were able to take
photos of meals and store them in the app gallery.

Biobehavioral feedback graphs were generated in MyDay
that integrated BG values and self-management tasks, such as
SMBG and insulin bolus administration, with momentary

psychosocial and contextual data. Feedback was updated
automatically with each assessment, could be viewed an
unlimited number of times through the main navigation menu
and could be shared with others through standard sharing
options (MMS, email, social media). Domains of feedback
were: Good News, mealtime BG checks, Lows, mealtime
Insulin, Highs, Carbohydrates, Missed Meals, App use, and
Logbook. Examples of feedback are shown in Figure 2. Good
news was the only conditionally provided feedback and
showed text that reinforced minimum criteria for adequate
self-management endorsed by clinical team members (en-
docrinologists/nurse practitioner). For example, if a partici-
pant had an average daily SMBG of over three they would
receive a message ‘‘You checked your blood sugar at least
three times per day each day this week!’’

Measures

Baseline questionnaires. Three questionnaires were
administered to adolescents at baseline. The Self-Care
Inventory–Revised (SCI-R),28,29 includes 15 items that as-
sess the frequency of a range of self-management behaviors
for the previous 2 months. The measure is frequently used in
behavioral diabetes research and has established reliability
and criterion validity with HbA1c.29,30 The barriers to dia-
betes adherence (BDA),31 questionnaire contains 21 items
that assess five domains of psychosocial barriers to self-
management (social support, time pressures and planning,
parental autonomy support, stress/burn out, and stigma). The
measure has established internal consistency and criterion
validity with HbA1c.31 The Diabetes Adherence Problem-
Solving Questionnaire (DAPS-Q) has 13 items that assess the
use of problem-solving steps for diabetes self-management.
The measure has demonstrated internal consistency and cri-
terion validity with HbA1c.32 The HbA1c test results were
obtained from the medical record and limited to the 4 months
before or on the baseline date.

Data-guided interview. At 14 days the app + meter par-
ticipants took part in a structured phone interview conducted
by a master’s-level researcher. The purpose of the interview

FIG. 1. Examples of assessment screens.
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was to identify self-management patterns in the biobeha-
vioral feedback and generate possible causal inferences for
the patterns. The day of their scheduled interview youth re-
ceived a digital pdf of their current feedback graphs. The
structured interview protocol took 20–30 min. All partici-
pants received the same structured questions. As they viewed
feedback graphs the adolescent was asked, ‘‘Do you see a
pattern?’’ and if yes, ‘‘Why do you think that pattern is
happening?’’ and ‘‘Were you aware of that pattern already?’’

Meter-based and momentary self-reported self-
management. The source of SMBG and BG data was ob-
tained from the iHealth Bluetooth meter provided to all
participants. Mealtime SMBG (yes/no + value) from the
meter was paired with reported mealtimes for the app + meter
group for feedback. Missed mealtime SMBG was defined as
BG values not present in the meter up to 1 h before and 15 min
after the mealtime reported. The 15-min postmeal window
was added when it was noted during pilot testing that youth
may report eating ‘‘now’’ but the meal could be delayed. This
was utilized to reduce overestimates of missed SMBG in
feedback. Mealtime insulin boluses (yes/no) and carbohy-
drate counts were collected through self-report through the
app. MyDay updated feedback whenever a new assessment
was submitted.

Momentary psychosocial, contextual, and time-based
factors. Each participant could submit three meal assess-
ments per day (breakfast, lunch, dinner) for a total maximum
of 90 mealtime assessments over 30 days. Momentary as-

sessment items were included based on documented or hy-
pothesized relationships with diabetes self-management and
the appropriateness for EMA. Factors thought to vary over
relatively shorter periods of time, such as social context or
location, are most appropriate for EMA. The psychosocial
variables of stress, fatigue, and mood were each assessed
using an interactive ‘‘slider,’’ which moved between two
poles (low stress–high stress, low energy–high energy, good
mood–bad mood). Those variables were coded with a range
of 0–100 (Fig. 1). Location and social context were assessed
using check boxes. Binary icon buttons were presented for
contextual barriers to self-management, such as ‘‘rushing’’,
‘‘on the road’’, and ‘‘hungry’’. Time of the submitted as-
sessments and day of the week were automatically coded by
the software.

Statistical methods

Descriptive statistics were generated for sample charac-
teristics and EMA assessments using SPSS (v 24). All ana-
lyses were carried out per-protocol.

To assess impact of the meter and app on SMBG, data were
analyzed using between- and within-group analyses. For
between-group analyses, data were analyzed by three 2-week
phases: prebaseline obtained from personal meters, the first
2 weeks before the data-guided interview, and the last 2
weeks. Group by time daily SMBG were analyzed using
mixed-effects modeling with STATA (v14) controlling for
baseline HbA1c and prebaseline SMBG frequency. Dose–
response analyses were carried out using nonparametric

FIG. 2. Examples of graphical feedback.
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bivariate Pearson correlations between app use and SMBG
frequency.

To identify potential subgroups of engagement, group-
based trajectory analyses were performed using Proc Traj
(SAS, v9.4).33 Trajectory solutions were evaluated by sig-
nificance between clusters and the Bayesian Information
Criterion (BIC) and Aikake Information Criterion (AIC)
values. Participant demographics, clinical characteristics,
and baseline measures were then related to trajectories using
either Pearson chi-square or Kruskal–Wallis tests. The app
database captured only page views that contained multiple
feedback graphs, so the feedback was analyzed by aggre-
gating feedback page views into ‘‘viewing sessions’’. A
viewing session could contain any number of specific page
views, but was separated in time from another session by at
least 15 min. Results were reported in accordance with the
CREMAS adapted STROBE checklist for EMA studies.34

Results

Table 1 shows characteristics of the sample. The sample
ranged in age from 13 to 19 years. Three app + meter subjects
dropped out due to competing demands (vacation, football
camp). One app + meter subject was eliminated from analy-
ses due to lack of app entries and nonresponse to the inter-
view invitation resulting in 30 app + meter and 14 meter-only
participants.

App use

The median number of assessments completed per par-
ticipant over 30 days was 80.00 (mean 77.00, SD 29.10, range
32–120). The median number of assessments per day was
2.60 (mean 2.53; SD 1.03; range 0.60–4.00, mode 3). Week-
by-week the average daily assessments gradually declined
and ranged from 3.12 in week 1 (SD 0.87) to 2.10 in week 4
(SD 1.31). At the time of the data-guided interview (2 weeks),
there was an average of 40.77 (SD 12.23) assessments per
participant. There was 0.59% missing location and 1.44%
missing social context data. Stress had 25.73% missing data,
whereas fatigue and mood had 3.14% and 2.10% missing
data, respectively. Carbohydrate counts had 69.34% missing

data for app entries reporting a meal and thus were excluded
from analyses.

Of the 2310 total assessments submitted, 1851 (80.1%)
were submitted at a mealtime. Average percent (SD) of
submitted assessments per mealtime and bedtime were as
follows: breakfast 69.3% (SD 23.6), lunch 67.2% (SD 24.9),
dinner 62.3% (SD 27.7), and bedtime 49.3% (SD 31.9). Of
the mealtime assessments, 79.5% (n = 1472) reported meals
and 20.5% (n = 379) reported skipped meals. At 30 days there
was an average of 61.7 (SD 20.8, range 26–90) assessments
per participant with reported meals. Most assessments were
completed shortly after a meal with the longest delay asso-
ciated with lunchtime. The median delay in submitted as-
sessments at breakfast was 0.47 hour, at lunch was 1.88 hours,
and at dinner was 0.54 hour. A total of 12 (0.82%) assess-
ments were submitted before the reported mealtime.

The number of feedback viewing sessions per participant
was 12.0 (Median; IQR = 7–22, Range 4–128) with 4.00,
2.50, 3.00, and 1.50 viewing sessions for weeks 1–4, re-
spectively. Twelve subjects (40%) shared their feedback at
least once with another person.

Association of app use with SMBG

To document short-term changes in the number of SMBG
per day, mixed-effects models analyzing the fixed effects of
group, time, and group by time interaction were conducted.
Random effects were the individual participants. For this
analysis, data were aggregated into 2-week phases: pre-
baseline, first 2 weeks, and second 2 weeks. Data collected
from personal meters were used for prebaseline data. Con-
trolling for baseline HbA1c and prebaseline SMBG, there
were significant differences in group (F, 35.48, P < 0.001),
time (F, 14.60, P < 0.001), but not group by time (F, 1.06, ns).

To estimate within-group dose–response relationships,
number of app data assessments submitted, and number of
feedback viewing sessions were correlated to mean daily
SMBG and percent missed mealtime SMBG. The Pearson
correlation between app assessments and mean daily SMBG
was r = 0.44 (P < 0.05) and between app assessments and
missed mealtime SMBG was r = -0.47 (P < 0.01). We were
able to include missed mealtime SMBG here because only

Table 1. Participant Characteristics

Mean (SD) or% All n = 44 App + Meter n = 30 Meter-only n = 14

Age (years) 15.33 (1.67) 15.42 (1.54) 15.14 (1.96)
Female 53.33% 51.61% 57.14%

Race
White 86.67% 90.32% 78.57%
African American 4.44% 0% 14.29%
Mixed race 8.89% 9.68% 7.14%

Hispanic 2.22% 0% 7.14%
Income

Less than $50,000 26.67% 16.13% 50.00%
$50,000–$100,000 31.11% 38.71% 14.29%
Over $100,000 28.89% 35.49% 14.29%
Declined 13.33% 9.68% 21.43%

Duration of diabetes (years) 5.83 (4.00) 5.89 (4.30) 5.68 (3.38)
Uses insulin pump 68.89% 74.19% 57.14%
Baseline HbA1c (%) 8.56 (1.88) 8.00 (1.16) 9.81 (2.53)
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the app + meter group monitored mealtimes. The relationship
between feedback viewing sessions and daily SMBG was
r = 0.32 (ns) and between feedback viewing and missed
mealtime SMBG was -0.44 (P < 0.05).

Engagement trajectories and correlates

Two metrics of engagement were analyzed: number of
daily app assessments submitted and feedback viewing ses-
sions per week. The two metrics were correlated 0.45
(P < 0.01). Using assessments submitted, a three-trajectory
solution best fit the data (BIC: -156.4 to -148.1; AIC: 152.5
to -141.1). Figure 3 shows trajectories of assessments com-
pleted by week. One trajectory represented 20% of app users
that completed nearly every assessment over the 30-day
protocol (Labeled: Very High Engagement). Another tra-
jectory, represented by 40% of the group, started out fairly
high (over three assessments per day) and declined margin-
ally (Labeled: Consistently Moderate Engagement). The
third trajectory, represented by 40% of the group, started at a
moderate level (2.7 assessments per day) and declined rela-
tively quickly to one assessment per day. (Labeled: Rapidly
Declining Engagement).

Trajectory membership was associated with HbA1c (Chi2,
7.12, P = 0.028), average daily SMBG (Chi2, 10.51,
P = 0.005), and gender (Chi2, 7.00, P = 0.032). Correlates of
trajectory group membership are shown in Table 2. Post hoc
analyses indicated that the group differences were driven by
levels of those variables in the rapidly declining engagement
group compared with the other two groups. Age, insulin
pump use, % BG in-range (defined as 70–150 mg/dL), and the

baseline measures DAPS-Q, SCI-R, or BDA were not sig-
nificantly related to engagement patterns.

Analysis of feedback viewing sessions resulted in a single
trajectory group. Attempts to fit more than one pattern re-
sulted in considerably worsening fit (BIC: -367.8 to -327.6;
AIC: -365.7 to -322.7).

Discussion

This study is one of the first to integrate momentary as-
sessment data within integrative biobehavioral patient feed-
back.35,36 A primary purpose for the study was to demonstrate
feasibility of the assessment and feedback system and proto-
col. However, the results are representative of several issues
facing the use of diabetes self-monitoring and feedback sys-
tems in basic research, clinical research, and clinical practice.

Digital health behavior research has documented a com-
mon use pattern characterized by moderate-to-high engage-
ment at baseline with steady decline over time.22 Adherence
to momentary assessment protocols in children and adoles-
cents has also been characterized as suboptimal.37 A broad
range of momentary assessment schedules have been utilized
in research with varying levels of participant burden de-
pending on the nature of the phenomenon, but typically have
been shorter in duration and/or less intensive than the am-
bitious 30-day protocol tested in this study.38,39 The mo-
mentary assessment protocol tested in this study provided
sufficient data for self-management problem identification
with *41 assessments per participant at 2 weeks.

Several behavioral components likely played a role in
supporting engagement. Financial incentives were provided

FIG. 3. Group trajectories of average daily assessments by week.
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for general participation and also based on a predetermined
criterion for assessment submission frequency. Additionally,
SMS prompts oriented participants to the app and to feed-
back. Finally, the system provided feedback on topics that
were likely new to most adolescents such as missed BG
checks by mealtime or location. Despite incentives for as-
sessments, prompts, and potential novelty, carbohydrate
counts were particularly challenging for adolescents. Car-
bohydrate counting is arguably one of the most difficult di-
abetes self-management tasks due to the social nature of
meals and the precision needed for accurate estimation.40,41

To obtain carbohydrate data, even for short-term research
protocols, a multifaceted approach may be necessary with
supplementary education, digital estimation tools, and/or
salient incentives specific to counting carbohydrates. Less
obtrusive assessment of mealtimes in general and carbohy-
drates specifically are needed. Innovative methods, including
automated estimation of nutrients through photos, are still not
feasible but may provide a viable option for future re-
search.42,43 Bedtime was also associated with relatively more
missing data compared with mealtimes. Given that bedtime
may pose risk for inadequate self-management for some
adolescents, examination of barriers specific to that time of
day, such as fatigue, and more precisely timed prompts will
be important moving forward.

Patterns of app assessments showed three group-based
trajectories of engagement distinguished by their overall
levels and rates of decline. The groups did not have differ-
ences in self-reported self-care, psychosocial barriers to self-
management or lower self-management problem-solving
skills at baseline. The trajectory groups were differentiated
by differences primarily between the rapid decline group
versus the very high and moderately high groups. The rapidly
declining engagement group had higher baseline HbA1c,
lower average SMBG, and fewer females. The two groups
who submitted assessments at high levels across the 30 days
may have shown high engagement due to responsiveness to
the prompts and incentives, would complete research or self-
management tasks based on social desirability, and/or may
have had a greater need to demonstrate self-management
competence.44 These and other more specific hypotheses
regarding individual differences should be explored in future
digital health engagement research.

The engagement results are representative of a broad issue
in behavioral technology design and research related to ad-
dressing the unique characteristics of those patients most in
need of behavioral support. The individuals who had the
worst glycemic control at baseline and were least engaged in
their self-management were those also least engaged in or
adherent to the research protocol. The sample included in-
dividuals who were not in good control or were completing
suboptimal rates of SMBG, but the system did not success-
fully engage them in behavioral self-monitoring and feed-
back. A wide range of factors, such as socioeconomic status,
diabetes distress, and/or family conflict issues have been
associated with suboptimal self-management in adoles-
cents.45–47 It may be that these factors were associated with
higher baseline HbA1c and to the rapidly declining engage-
ment pattern. Self-monitoring and feedback systems are not
generally designed to address, and are unlikely to reduce,
many of those potential barriers. However, assessment of
more broad factors is important to move forward in our
ability to understand and predict trajectories of engagement
with behavioral diabetes technologies.

Analysis of engagement with the graphical feedback
showed an overall moderate level with decline over time and
variability in frequency. Feedback of viewing sessions ran-
ged from just a few to over 100. While it is difficult to directly
compare this result with other studies, there is some evidence
that adolescents only infrequently use diabetes device soft-
ware and interact with feedback.48,49 No clear subgroup
patterns of engagement with the feedback emerged. The lack
of subgroup differentiation for feedback viewing may be
related to the fact that submission of assessments was in-
centivized and feedback viewing was not. Feedback viewing
may be more driven by intrinsic motivations such as self-
exploration, whereas rote or quantitative metrics of success
such as assessment submissions are relatively more driven
by extrinsic rewards.50 Inclusion of strategies related to
intrinsic and developmentally salient motivations to view
feedback, such as a process of self-exploration and pro-
motion of positive communications around data sharing
could be feasibly integrated into forthcoming iterations of
the feedback system.51,52

EMA has only infrequently been the source of behavioral
feedback, but has promise in stimulating causal inferences

Table 2. Correlates of Engagement Trajectory Group Membership

Consistently
high (n = 6)

Consistently
moderate (n = 12)

Rapidly
declining (n = 12)

Pearson Chi2 or
Kruskal–Wallis (P)

HbA1c 6.60 7.80 8.55 7.12*
Daily SMBG 4.09 4.63 2.20 10.51**
% BG in range 37.67 33.52 25.27 3.42
% On pump 83.3 83.3 58.3 2.30
% Female 83.3 66.7 25.0 6.90*
Age 16.00 15.00 15.50 2.02
Diabetes problem solving 4.08 3.73 3.80 0.71
Self-management 3.63 3.63 3.57 0.347
Barriers to diabetes adherence 1.83 1.47 1.83 1.94

Medians are reported unless otherwise noted. Post hoc tests of group differences indicated the rapidly declining group was significantly
different than the other two groups.

*P < 0.05.
**P < 0.01.
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and personal self-management narratives.35,36,53 In addition
to using momentary data, the feedback in this system incor-
porated desirable attributes, such as immediacy, novelty, and
personal relevance.27 Despite these features, app use did not
result in differential group by time changes in SMBG.
Within-group dose–response analyses indicated that app as-
sessments and mean daily SMBG were positively related and
app assessments and frequency of feedback viewing sessions
were positively related to improved rates of mealtime SMBG.
More specific data and insights are needed to understand how
the feedback was used and when they were used in relation to
self-management.

Self-monitoring and feedback are considered an important
foundation for behavior change, but their impact alone or
outside of a multicomponent intervention varies considerably
across studies.26,54,55 The current system used a new free-
standing assessment and feedback system. We envision a role
for stand-alone systems, such as this as part of basic and
clinical research, but hypothesize that the best interventional
use of self-monitoring and feedback is within cyclical goal-
focused problem-solving cycles. A behavioral goal-focused
strategy for assessment would reduce burden and possibly
extend the feasible duration of data collection. Better precision
and specificity in the implementation of technology-mediated
health behavior systems will provide a better understanding of
how to engage individuals in their health data and feedback.56

For example, examination of the timing of feedback views
in relation to subsequent self-management tasks could result
in more impactful feedback and effective contextually rele-
vant communications to enhance engagement and facilitate
self-management decision making.57 Maximizing the impact
of behavioral feedback will likely involve the provision of
just-in-time communications based on clinically relevant data
thresholds.58

Despite utilization of advanced assessment and feedback
methods, the study had limitations. The nature of momentary
assessment and need for reduced burden and efficiency led to
assessment of psychosocial constructs based on single
items. Smartphone-based momentary assessment of con-
structs, such as mood, have been utilized successfully in
previous studies,59,60 but psychometric evaluations are
lacking. Momentary assessment research must find a balance
between lengthy validated self-report questionnaires and
more feasible momentary methods. Related to the nature of
the intensive assessment and burden, the goal is to continue to
integrate the most unobtrusive methods as possible. Mo-
mentary data collection was used in this study in a broad,
intensive, and exploratory manner. In this pilot study we did
not incorporate unobtrusive sources of data for two variables:
insulin dosing data and location. Passive data from devices
and GPS from mobile phones will be utilized moving for-
ward. Finally, the randomized small sample resulted in un-
equal variables across groups at baseline.

Although some relevant behaviors, experiences, and pro-
cesses may feasibly tap into existing big data or use passive
data streams,61–63 there are a number of behaviors and sub-
jective experiences that will continue to need self-report for
the foreseeable future. For basic EMA research purposes, not
focused on changing behavior, off-setting response burden
for successful engagement may be a matter of finding the best
short-term extrinsic incentive levels and schedules to obtain
intensive individual data. Ultimately, obtaining data in an

ongoing unobtrusive manner to identify modifiable condi-
tions under which optimal and suboptimal self-management
occurs for each individual will be a milestone from which
researchers, clinicians, and patients will benefit. Achieving
that milestone requires larger studies with the ability to
seamlessly integrate diabetes device data and development of
robust algorithms to automate detection of relevant behav-
ioral patterns. However, there are costs and benefits to uti-
lizing completely unobtrusive or ‘‘passive’’ data sources.
When no effort or attention is needed from participants to
collect data about themselves, any potential benefits of self-
monitoring due to increased self-awareness at the time of
assessment will also decrease.

Self-monitoring and feedback in diabetes is a daily fact of
life. Data and devices related to glucose measurement and
administration require patient input and attention, provide
feedback regarding BG trends, and are used for adjustments
and compensatory actions. The system and methods devel-
oped for this research advance our ability to more proximally
and specifically assess and address psychosocial and con-
textual correlates of self-management in T1D. The method
has potential for the advancement of patient reported out-
comes in clinical care, the development of personalized risk
profiles in chronic illness, and the integration of contextual
risk factors in closed loop diabetes systems. Momentary as-
sessment has the potential to provide novel insights and direct
problem solving and self-management improvement efforts
more efficiently. The examination and conceptualization of
engagement with digital health behavior systems is relatively
new.56,64 Identification of engagement subgroups will im-
prove the ability of clinical research to address attrition
threats to internal validity. The group-based engagement
analyses utilized in this study, provided a useful initial ap-
proach to identifying subgroups and correlates of those sub-
groups using quantitative metrics.
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