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Abstract

Background: Patient-reported outcomes (PROS) capture patients' views on their health conditions and its management, and
areincreasingly used in clinical trials, including those targeting type 2 diabetes (T2D). Mobile health (mHealth) tools offer novel
solutions for collecting PRO data in real time. Although patients are at the center of any PRO-based intervention, few studies
have examined user engagement with PRO mHealth tools.

Objective: This study aimed to evaluate user engagement with a PRO mHealth tool for T2D management, identify patterns of
user engagement and similarities and differences between the patients, and identify the characteristics of patients who are likely
to drop out or be less engaged with a PRO mHealth tool.

Methods: We extracted user engagement data from an ongoing clinical trial that tested the efficacy of a PRO mHealth tool
designed to improve hemoglobin Alc levelsin patients with uncontrolled T2D. To date, 61 patients have been randomized to the
intervention, where they are sent 6 PRO text messages a day that are relevant to T2D self-management (healthy eating and
medication adherence) over the 12-month study. To analyze user engagement, we first compared the response rate (RR) and
response time between patients who completed the 12-month intervention and those who dropped out early (noncompleters).
Next, we leveraged latent class tragjectory modeling to classify patients from the completer group into 3 subgroups based on
similarity in thelongitudinal engagement data. Finally, weinvestigated the differences between the subgroups of completersfrom
various cross-sections (time of the day and day of the week) and PRO types. We also explored the patient demographics and their
distribution among the subgroups.

Results: Overall, 19 noncompleters had alower RR to PRO questions and took longer to respond to PRO questions than 42
completers. Among completers, the longitudinal RRs demonstrated differencesin engagement patterns over time. The completers
with the lowest engagement showed peak engagement during month 5, almost at the midstage of the program. The remaining
subgroups showed peak engagement at the beginning of the intervention, followed by either a steady decline or sustained high
engagement. Comparisons of the demographic characteristics showed significant differences between the high engaged and low
engaged subgroups. The high engaged completers were predominantly older, of Hispanic descent, bilingual, and had a graduate
degree. In comparison, the low engaged subgroup was composed mostly of African American patients who reported the lowest
annual income, with one of every 3 patients earning less than US $20,000 annually.

Conclusions: There are discernible engagement phenotypes based on individual PRO responses, and their patterns vary in the

timing of peak engagement and demographics. Future studies could use these findings to predict engagement categories and tailor
interventions to promote longitudinal engagement.
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Introduction

Background

A patient-reported outcome (PRO) is defined by the National
Quality Forum and Food & Drug Administration as a “report
of the status of a patient’s health condition that comes directly
from the patient without amendment or interpretation of the
patient’s response by a clinician or anyone else” [1,2]. PROs
include health-related quality of life [3], adherence to medical
regimens, satisfaction with treatment, and elements of disease
control [4]. Although innovations in medical technology have
allowed the measurement of physical, physiological, or
biochemical data with great accuracy, they are not able to
provide the patient’s perspectives on their treatment or disease
[5]. These data can only be obtained directly from patients [6].
Thus, PROsinclinical trials provide amore holistic assessment
of the benefits of the treatment or intervention under
investigation [7]. With the advent of patient-centered health
care systems, where a patient is considered the center of the
health care system [ 8], patients and patient advocates have called
for more patient-centered outcomes reporting (ie, PROS) in
combination with other clinical and physiological outcomes|[5].

Traditionally, PROs have been assessed using survey
instruments [4,9]. However, recent advancements in mobile
health (mHealth) technol ogies have enabled awide variety [10]
of tools and apps that can be used to collect PRO data. With
mHealth technologies, PROs can be assessed electronically
from PCs, from mobile solutions such as tablet PCs or
smartphones using apps or texting tools, or through data entered
via web browsers [11]. The use of mHealth technologies to
collect PRO data offers several advantages over traditional
survey-based methods, including real-time data collection,
reduced time for documentation, automated algorithms and
calculations, in-home symptom monitoring, immediate transfer
of datafor clinical use, enhanced patient engagement in care,
and more informed clinical decision-making [12-14].

Uncontrolled type 2 diabetes (T2D) isasignificant public health
problem in the United States, especially among vulnerable
populations (eg, low-income, racial, and ethnic minorities)
[15,16]. Prior studies have recognized that patients play acentral
role in the management of T2D (eg, being aware of its signs
and symptoms and engaging in daily self-care behaviors), and
several national and local organizations havelaunched initiatives
to support the development and use of PROs in the evaluation
of T2D patient care [17-21]. However, existing research that
incorporates PROs in T2D care has been mostly limited to
clinical drug trialsexamining patient tolerance to new treatment
regimens [22]. The few practice-based studies conducted on
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T2D used long lists of PRO measures and only had patients
report PROs on a single occasion, typically before clinic visits
[23,24]. Such reporting increases the risk of arecall bias. To
address these shortcomings, a growing number of studies are
using mHealth platforms that enable real-time collection of
PROs outside the clinical environment [25-31].

Objective

Analysis of prior mHealth research revealed that most studies
did not consider user engagement metrics when evaluating the
design implications of the intervention on T2D patients' health
outcomes [30]. Of the few studies that reported engagement
data, most were limited by small sample sizes [32] and low
response rates (RRs) [33]. Although prior research has found
that consideration of user preference and personalization with
mHealth PRO interventions are key aspects that influence user
engagement [34], there is a lack of consensus regarding best
practices for modifying mHealth PRO tools to optimize digital
intervention and improve patients’ engagement [35]. Thus, the
ideal cadence of PRO collection to facilitate sustained
engagement in an intervention isunclear and may vary according
to user characteristics [36]. To address these gaps, this study
reports on the analysis of longitudinal user engagement data
from an ongoing randomized controlled tria (Investigating an
mHealth texting tool for embedding patient-reported data in
diabetes management [i-Matter]) evaluating the efficacy of a
PRO mHealth texting tool for T2D management among 282
patients with uncontrolled T2D [31]. This paper discusses and
compares patterns of engagement with the PRO tool among
patients randomized to the i-Matter intervention and across
sociodemographic characteristics to offer insights for future
adaptation of the intervention based on patients' engagement.

Methods

Recruitment

Patientswere recruited from anetwork of primary care practices
at NYU Langone Health across New York City’s 5 boroughs
and Long Island. The details of our recruitment approach have
been reported previoudy [31]. Briefly, to participateini-Matter,
patients must (1) have a diagnosis of T2D for =6 months, (2)
have uncontrolled T2D defined as hemoglobin Alc >7%
documented in the electronic health record (EHR) at |east twice
in the past year, (3) be fluent in English or Spanish, (4) be
willing to send and receive text messages, and (5) be >18 years
of age. Patientswere excluded if they (1) refused or were unable
to provide informed consent; (2) had acute rena failure,
end-stage rena disease, evidence of diaysis, rena
transplantation, or other end-stage renal disease—related services
documented in the EHR; (3) participated in another T2D study;
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(4) had significant psychiatric comorbidity or reports of
substance abuse (as documented in the EHR); (5) were pregnant
or planning to become pregnant within 12 months; or (6)
planned to discontinue care at the practice within the next 12
months.

This paper focuses on 61 patients randomized to the i-Matter
intervention who have either dropped out of thetrial before the
12-month study visit (ie, noncompleters) or completed the trial
(ie, completers). We excluded patients who were currently
participating in thetrial astheir datawereincomplete and would
not provide a comprehensive view of how their engagement
with the PRO messages may change over time.

Thei-Matter I ntervention

The “Investigating an mHealth texting tool for embedding
patient-reported datainto diabetes management” (i-Matter) trial
is evaluating the efficacy of an innovative mobile PRO system
that incorporates patients' perspective of their disease into the
management of T2D in primary care practices. Patients
participating in the trial were randomized to the i-Matter
intervention or usua care (ie, standard diabetes care by the
primary care provider) in a 1:1 ratio by the study statistician.
The i-Matter intervention uses text messaging to capture
patients' self-reported PROs in real time, provides data-driven
feedback and motivational messages based on responsesto the
PROs, and creates dynamic visualizations of the PROs that are
shared in personalized reports and integrated into the clinical
EHR. We are currently conducting a randomized controlled
trial to evaluate the efficacy of the i-Matter intervention versus
usua care in reducing hemoglobin Alc levels and adherence
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to self-care behaviors at 12 months among 282 patients with
uncontrolled T2D who receive carein resource-limited primary
care practices.

Description of PRO M essages Embedded in the
i-Matter Intervention

Thedetails of the PRO system devel opment have been reported
elsewhere[31]. Briefly, we used amixed method, user-centered
design approach to select PROs that were integrated into the
i-Matter intervention. Our approach included reviewing the
existing literature on PRO measures for T2D, conducting
interviews with primary care providers and patients to capture
their experiences with T2D, and collecting survey data. These
data sources were combined to identify the PROs that would
be integrated into a beta version of i-Matter and refined with
user testing among patientswith T2D. Table 1 liststhe final set
of PROs, including their timing and response options, which
were integrated into the i-Matter intervention. Daily daytime
messages included PROs on sleep quality and healthy eating,
whereas adaily nighttime message included a PRO on physical
activity (Table 1 provides further details). Patients can choose
when they would like to receive medication adherence [37]
PRO based on their medication regimen in the afternoon, at
night, or at both times. The remaining PROs were similarly
timed for al patients. In addition, patients can choose one
healthy living goal from a selected list of topics identified in
user testing (Table 1). Questions on individualized healthy living
goals and patients’ diabetes quality of life were sent weekly,
and the remaining messages were sent daily. PROs can be sent
in either English or Spanish depending on the patients' language
preferences.

Table 1. Text (patient-reported outcome) messages in the Investigating a mobile health texting tool for embedding patient-reported data in diabetes
management (i-Matter) program, their scheduled time, and accepted response.

Patient-reported outcome question or category Timing Valid response
«  Reply with the number that best describes how well you slept last Daily at 9 AM « 0-10
night. Scale: 0 (poor)-10 (excellent) or Sleep quality
o i-Matter (TM): Other than your regular job, did you do any physical Daily at 8 PM « Y, Yes(English only)

activitieslike brisk walking for at least 30 minutestoday? or Physical
activity

« Haveyoutakenal of your diabetes medications as prescribed today ?
or Medication adherence

« Ingenera, how healthy was your overall diet yesterday? or Healthy
eating

«  Custom living goal:
o« 1=Loseweight
o  2=Eat morefruit or vegs
o  3=Eat less sweets or carbs
«  4=Have better portion control

«  How successful were you in achieving your goal to [custom text
healthy goal] yesterday? Healthy living goal

«  Reply with the number that best describes how much control you felt
you had over your diabetes over the past week. Scale: 0 (poor)-10
(excellent) or Quality of life

« S Si, Si(Spanishonly)
. N, No

Allow patients to decideif they want
themessageinthe1LPM or 9 PM, or  «

Y, Yes (English only)
S, Si, Si (Spanish only)

both B N, No
Daily at 11 AM « 0-10
Weekly at 2 PM « 0-10
Weekly at 4 PM . 0-10
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M easures

Engagement Metrics

User engagement data were extracted from the patients
responses to the PROs embedded in the texting tool at the end
of their participation in the 12-month study. The primary
engagement metrics evaluated in this study are listed in Table
2, including the metrics of RR and response time (RT). RR
represents the percentage of PRO questions that garnered any
valid responses. The RR metric represents patient engagement
with the individual PRO questions [36]. The RR of a message
was measured as the time difference in seconds between when
the PRO message was sent to a patient and the time the patient
sent the corresponding response. Only valid responses to the
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PROs were used when measuring RT. The RT metric reflects
how well the timing of PRO messages integrates into patients
everyday lives, which in turn is expected to affect their level of
engagement.

The overal RR and RT were measured by taking the average
of the corresponding measures over atime frame, either weekly
or monthly. We also measured RRs and RTs by grouping the
messages sent at similar times of the day (daytime, nighttime)
or times of the week (weekdays and weekends) and those that
required similar responses (Yesor No, 1-10). Depending on the
patient’s decision regarding when to receive the message, the
medication adherence PRO was either used once or twice for
the nighttime RR and RT measures.

Table 2. Engagement measures used to analyze patients’ engagement in Investigating a mobile health texting tool for embedding patient-reported data

in diabetes management (i-Matter) program.

Engagement measure Measurement or descriptions

RR?

questions on PROP
RTC

response in seconds
Weekdays RR

Monday and Friday
Weekdays RT
Weekends RR

Sundays
Weekends RT

Daytime messages RR
(before noon)

Daytime messages RT

Nighttime messages RR
(after noon)

Nighttime messages RT
Binary messages RR
Binary messages RT

Number of corresponding messages that received avalid response x 100 number of messages sent by the program with

Difference between thetimestamp of an incoming message sent to a patient and the timestamp of corresponding outgoing

Number of valid corresponding responses received x 100 number of messages with questions on PRO sent between

Average RT of messages responded by the patients between Monday and Friday every week
Number of valid corresponding responsesreceived x 100 number of messages with questions on PRO sent on Saturdayss,

Average RT of al messages responded by the patients that were sent on Saturdays and Sundays every week
Number of valid corresponding responses received x 100 number of messages with questions on PRO sent daily at AM

Average RT of all messages that were sent before 11:59 AM and were responded to by the patients.
Number of valid corresponding responses received x 100 number of messages with questions on PRO sent daily at PM

Average RT of all messages that were sent after 11:59 AM and were responded to by the patients.
Average RR of all messages for which accepted responsesare Yes, Y, S, Si, Si, or N, No.
Average RT of all messages for which accepted responses are Yes, Y, S, Si, Si, or N, No.

8RR: response rate.
bpRO: patient-reported outcome.
CRT: response time.

Demographic Characteristics

At baseline, all patients completed a self-report instrument that
was used to collect patient sociodemographic data, including
sex, race or ethnicity, age, annual household income, education
level, marital status, and employment status.

Analysis

To analyze user engagement with PRO messages, we first
compared the engagement metrics of RR and RT between users
who completed the 12-month study (ie, completers) and those
who ended their participation before program completion (ie,
noncompleters). In addition, we investigated the distribution of
dropout times among noncompleters. The goal of thisanalysis
was to identify participants who were likely to drop out of the
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program at the early stages and tailor the program to minimize
dropoutsin future iterations.

We compared the longitudinal data of user engagement from
the completer group using latent class trgjectory modeling
(LCTM). The goa was to classify heterogeneous populations
into homogeneous clusters or subgroupswith distinct trgjectories
[38] based on similarities in their engagement behaviors. For
the LCTM models, we experimented with user engagement
measures at various timeintervals, including weekly, biweekly
(measured once every 2 weeks), monthly, and bimonthly (once
every 2 months). We chose the monthly engagement measures
for thefinal analysis, asthey provided abalance between smaller
weekly and biweekly units, wherethe difference in engagement
between the classes would beless distinguishabl e, and the larger
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bimonthly engagement measures that would entail smaller
sample sizes for trajectories.

Finally, we investigated the difference in engagement between
the subgroups identified by the LCTM model from various
cross-sections of time and PRO message types. The
Shapiro-Wilk normality test was used to evaluate all
engagement measures for each group separately before
conducting comparisons. We aso explored patients' overall
sociodemographic characteristics and their distribution among
the subgroups. The goa of the analyses was to further
characterize the subgroups and identify patientswho werelikely
to be part of a subgroup.

Ethics Approval

This study was approved by the NYU Langone Hedlth
Institutional Review Board (i18-01044).

Results

Patient Engagement in thei-Matter I ntervention

As of April 2022, a total of 61 patients completed their
participation in thei-Matter intervention. Of the 61 participants,
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42 (69%) completed the 12-month program, whereas the
remaining 19 (31%) noncompleters ended their participation
either by opting out on their own (10/61, 16%) or requesting
the recruitment team to disenroll (9/61, 15%) from the program
before the 12-month end point.

Overall Engagement Metricsin the Noncompleters
Group

Figure 1 shows the distribution of the time (in days) when the
19 patients ended their participation before the 12-month study
visit. The average participation time in the program was 211
(SD 124.99; range 9-363) days. At least 53% (10/19) of patients
dropped out of the program before the average participation
time. Of theremaining patients, 4 ended participationin the last
week (after 356 days from the day of enrollment) of the
program. In al 4 cases, the overal RR was above 70% (mean
85.92%, SD 10.73%; median 90%, IQR 10.34%), suggesting
that ending the program could have been unintended.

Figure 1. Duration in the program for patients who did not complete (noncompleters) the study.
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The mean RR among the compl eterswas 71.44% (SD 26.50%),
and the median was 76.91% (I1QR 32.72%). Figure 2 showsthe

Figure 2. Distribution of response rate for the completers group.
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Comparison in Engagement Metrics Between the
Noncompletersand Completers

Figure 3 shows the comparison of PRO engagement metrics
between patients who ended the program early (noncompl eters)
versus those who compl eted the entire 12 months (completers).
The RR of participants (Figure 3A) who completed the program
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was much higher (mean 71.44%, SD 26.50%) than that of those
who did not (mean 47.40%, SD 37.33%). In addition, the
distributions of RTs in the 2 groups in Figure 3B suggest that
completers, on average, were quicker (mean 1325, SD 3709
seconds) to respond to PRO messages than the noncompl eters
(mean 1359 seconds, SD 3754 seconds); however, the difference
was not significant because of large variationsin the RTs.

Figure 3. Comparison of response rate (A) and response time (B) between the completers and noncompl eters group.
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Description of the Engagement SubgroupsAmongthe
Completers

Initially, we constructed a scoping model that provisionaly
selected a plausible number of classes, K=2, for the LCTM. In
the next step, we refined the preliminary working model by
altering the number of classes (K=3) and exploring variations
in latent class linear mixed models. We capped the number of
classes at K=3 because of the sample size (ie, number of
patients) in our study. The number of classesfor thefinal model
was determined based on the lowest Bayesian information
criterion. On the basis of distribution of our outcome variable,
RR in the compl eters group, weinvestigated both standard linear
mixed models (using the hime function) and latent process,
latent class mixed models (lcmm function). Finaly, we
performed model adequacy assessments by examining the
posterior probability of being assigned to each trajectory class
and assigning each individual to the class with the highest
probability. An average of these maximum posterior
probabilities of assignments above 70% [39] in all classes was

https://diabetes.,jmir.org/2022/4/e41140

RenderX

(B) 0.0006 = Noncompleters
Completers
0.0005
0.0004 _\ Mean:1359.22
> |
i
T 00003
a
0.0002
0.0001
0.0000 . . : : —s
0 1000 2000 3000 4000 5S000 6000 7000

Response time in seconds

considered acceptable. We tested a total of 11 models
(Multimedia Appendix 1), and in the end, a latent class linear
mixed model with K=3 classes was chosen as the best fit. The
resultsfrom the trgj ectories of the 3 classesare shown in Figures
4A and 4B. We defined the 3 classes as low engaged (red),
moderate engaged (blue), and high engaged (green) subgroups.
Spaghetti plotsof individual-level dataillustratethat initial RRs,
combined with the timing and direction of changes in the
engagement metrics, characterize the subgroups. For example,
as shown in Figure 4B, the low engaged subgroup is
characterized by the lowest RR at the initial weeks of the
intervention, coupled with a sharp increase in RR until the
midtrajectory (~5 months), followed by a steady declinein RR
for the remainder of patient participation. In contrast, the RR
of the moderate engaged subgroup begins above 80%, decreases
at the midpoint of the intervention to 75%, and then steadily
rises toward the final monthsto 79%. Finally, the high engaged
subgroup showed a consistently high RR across the 12-month
study period (Figure 4B).
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Figure 4. Trajectories of user engagement among completers in the Investigating an mHealth texting tool for embedding patient-reported data in
diabetes management (i-Matter) intervention, (A) individual raw engagement in the left panel, (B) smoothed mean engagement in the right panel.
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Comparison of Engagement Subgroups Among the
Completers

Overview

Table 3 displays the RR and RT across the 3 subgroups
according to the day of the week and the time of day each PRO
message was sent. As the distribution of RTs was found to be
significantly nonnormal for the entire population and aso for
the 3 subgroups individually, we used Kruskal-Wallis 1-way
ANOVA to compare engagement among the 3 subgroups,
followed by post hoc Dunn tests with Bonferroni adjustments
for pairwise comparisons. Overall, the results suggest that
patientsin the high engaged subgroup had asignificantly higher

Latent Class

engaged
Hig% o

engaged
Moderate
engaged

(8) N

0.94

0.71

Response rate

0.64

0.59

75 10.0
Manth

5.0

overal RR (96.27%) than those in the moderate engaged
(78.66%) or low engaged (54.35%) subgroups (Table 4). In
addition, patients in the high engaged subgroup, on average,
took a significantly shorter time (mean 559 seconds, SD 451
seconds) to respond to PRO messages than the moderate
engaged (1564 seconds, SD 1138 seconds) or low engaged
subgroups (2814 seconds, SD 5115 seconds). The differences
in engagement between the 3 subgroups were consi stent across
most measures, regardless of the day of the week (weekdays
and weekends) or timing of the messages (daytime vsnighttime;
Table 4). In addition, the RRs of messages sent at night
(highlighted in gray) were found to be higher than the overall
RR for all 3 subgroups.

Table 3. Comparisons of user engagement with text messages between the 3 subgroups (P<.05).

Engagement measures (RR®, | ow engaged (n=12), mean Moderate engaged (n=13), High engaged (n=17), mean _ Differencein distribution, P
RTP)C (SD) mean (SD) (SD) value
Overall RR (%) 54.35 (31.77) 78.66 (9.14) 96.27 (4.56) <.001
Overall RT 2814 (5115) 1564 (1139) 559 (451) <.001
Weekdays RR (%) 54.28 (31.80) 80.29 (10.50) 96.68 (4.32) <.001
Weekdays RT 2919 (5761) 1581 (1246) 511 (445) <.001
Weekends RR (%) 54.53 (35.41) 74.41 (16.62) 95.24 (9.35) <.001
Weekends RT 2034 (3346) 1636 (1783) 694 (852) <.001
Daytime messages RR (%)~ 48.32 (34.25) 68.22 (20.04) 93.87 (9.63) <.001
Daytime messages RT 2814 (5115) 1564 (1139) 559 (451) <.001
NighttimemessagesRR (%) - 56,27 (32.27)¢ 83.129 (10.75) 97.02 (4.34)° <.001
Nighttime messagesRT 2933 (5357) 1656 (1322) 494 (538) <.001

3RR: response rate.

bRT: response time.

CAll response time values are in seconds
dEngager’nent measures with greater than overall RR.

https://diabetes.,jmir.org/2022/4/e41140

RenderX

IMIR Diabetes 2022 | vol. 7 | iss. 4 | 41140 | p. 7
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR DIABETES Mandal et al

Table 4. Results of post hoc Dunn tests (after Kruskal-Wallis tests) on the extracted measures between the engagement subgroups.

Engagement measures Pairwise comparison subgroups z-score P value
Unadjusted Adjusted

Overall RR?

Low-high -16.92 <.001 <.001

Low-moderate -3.84 <.001 <.001

Moderate-high 13.14 <.001 <.001
Overall RT?

Low-high 8.24 <.001 <.001

Low-moderate®® -082 41 97

Moderate-high -9.33 <.001 <.001
Weekdays RR

Low-high -16.68 <.001 <.001

Low-moderate -4.74 <.001 <.001

Moderate-high 11.92 <.001 <.001
Weekdays RT

Low-high 7.87 <.001 <.001

Low-moderate®d -1.02 31 92

Moderate-high -9.16 <.001 <.001
WeekendsRR

Low-high -13.71 <.001 <.001

Low-moderate -2.73 <01 <.05

Moderate-high 11.06 <.001 <.001
Weekends RT

Low-high 313 <.01 <01

Low-moderate -2.48 <.05 <.05

Moderate-high -5.90 <.001 <.001

Daytime messages RR

Low-high -14.42 <.001 <.001

Low-moderate -3.17 <.01 <.01

Moderate-high 11.32 <.001 <.001
Daytime messages RT

Low-high 8.24 <.001 <.001

Low-moderate®® -0.82 Al 90

Moderate-high -9.33 <.001 <.001
Nighttime messages RR

Low-high -16.62 <.001 <.001

Low-moderate -5.24 <.001 <.001

Moderate-high 11.32 <.001 <.001
Nighttime messages RT

Low-high 8.15 <.001 <.001

Low-moderate®® -128 20 61

Moderate-high -9.72 <.001 <.001
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%RR: response rate.

bRT: response time.

®No significant difference before adjustment.
dNo significant difference after adjustment.

We also compared user engagement between subgroups for the
6 PRO messages individualy. In addition, the PROs were
grouped by responsetype (yesor no asbinary, and theremaining
messages as a Likert-type scale) and compared separately. As
shown in Table 5, a significant difference in the RR was
observed for all 6 messages. For example, the mean RRs of
sleep quality PRO were 44.84%, 60.44%, and 93.28% in the
low engaged, moderate engaged, and high engaged subgroups,
respectively. Similarly, RT was also significantly different
among the 3 subgroups for al messages, except for physical

Mandal et al

activity. Overall, the binary PROs (Yes or No) had ahigher RR
than the Likert-scale PROsfor all 3 subgroups. Infact, patients’
RR to binary PRO messages, medication adherence, and diet
(healthy eating) were above average for al 3 subgroups. In
contrast, patients were consistently less responsive to the
Likert-scale PRO on fulfilling a healthy living goal (weekly at
2PM), with only one of 3 messagesreceiving any valid response
from the low engaged subgroup. Further details of pairwise
comparisons of the subgroups are provided in Table 6.

Table 5. User engagement and patient-reported outcome message types between the 3 subgroups (P<.05).

Engagement measures (RR?, RTP)

Low engaged (n=12),

Moderate engaged (n=13),

High engaged (n=17),  Differencein distribution,

mean (SD) mean (SD) mean (SD) P value

Binary messages RR (%) 57.13 (34.50) 82.93 (11.41) 97.19 (5.14) <.001
Binary messages RT 3191 (7354) 1630 (1576) 578 (715) <.001
Likert-scale messages RR (%) 51.12 (31.22) 74.32 (13.11) 95.31 (6.48) <.001
Likert-scale messages RT 2056 (2797) 1504 (1424) 563 (461) <.001
Sleep quality RR (%) 44,84 (33.39) 60.44 (22.94) 93.28 (10.17) <.001
Sleep quality RT 1353 (1500) 1568 (1331) 946 (765) <.001
Physical activity RR (%) 4554 (35.32) 70.82 (19.36) 94.95 (9.34) <.001
Physical activity RT 1183 (1304) 1125 (855) 1005 (1084) 07

Medication adherence RR (%) 65.03 (36.67)° 91.68 (10.93)° 98.84 (4.00)° <.001
Medication adherence RT 3097 (7476) 1800 (2256) 250 (865) <.001
Healthy eating RR (%) 60.23 (34.33)° 88.29 (13.42)° 98.31 (5.63)° <.001
Healthy eating RT 1867 (3358) 1373 (2073) 195 (503) <.001
Healthy living goal RR (%) 33.33(47.30) 64.10 (48.12) 91.18 (28.43) <.001
Healthy living goal RT 444 (1243) 710 (1260) 772 (1356) <.001
Quality of life RR (%) 50 (50.17) 85.26 (35.57) 92.65 (26.16) <.001
Quality of life RT 1187 (2977) 1487 (3518) 250 (1125) <.001

8RR: response rate.
bRT: response time.

CPatient-reported outcome messages with greater than average response rate.
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Table6. Resultsof post hoc Dunn tests (after Kruskal-Wallistests) on the patient-reported outcome message types between the engagement subgroups.

Engagement measures Pairwise comparison subgroups z-score P value
Unadjusted Adjusted

Binary messages RR?

Low-high -15.41 <.001 <.001

Low-moderate -4.29 <.001 <.001

Moderate-high 11.12 <.001 <.001
Binary messages RTP

Low-high 6.39 <.001 <.001

Low-moderate®® -172 08 26

Moderate-high -8.40 <.001 <.001
Likert-scale messages RR

Low-high -15.91 <.001 <.001

Low-moderate -4.16 <.001 <.001

Moderate-high 11.76 <.001 <.001
Likert-scale messages RT

Low-high 6.13 <.001 <.001

Low-moderate®d -1.08 28 85

Moderate-high -7.44 <.001 <.001
Sleep quality RR

Low-high -14.54 <.001 <.001

Low-moderate -2.63 <.01 <.05

Moderate-high 12.02 <.001 <.001
Sleep quality RT

LOW-highC'd 1.09 .28 .83

Low-moderate -3.09 <.01 <.01

Moderate-high -4.47 <.001 <.001
Physical activity RR

Low-high -14.80 <.001 <.001

Low-moderate -4.22 <.001 <.001

Moderate-high 10.57 <.001 <.001
Physical activity RT

Low-highc’d 0.12 .90 .99

L ow-moderate®d -183 06 19

Moderateuhighd -2.11 03 10
M edication adherence RR

Low-high -13.01 <.001 <.001

Low-moderate -6.16 <.001 <.001

Moderate-high 6.62 <.001 <.001
Medication adherence RT

Low-high 7.56 <.001 <.001

Low-moderate®® —2.65 40 -32

https://diabetes.jmir.org/2022/4/e41140 JMIR Diabetes 2022 | vol. 7 | iss. 4 | 41140 | p. 10

(page number not for citation purposes)

RenderX


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR DIABETES Mandal et al
Engagement measures Pairwise comparison subgroups z-score P value
Unadjusted Adjusted

Moderate-high -10.61 <.001 <.001
Healthy eating RR

Low-high -14.30 <.001 <.001

Low-moderate -6.94 <.001 <.001

Moderate-high 7.09 <.001 <.001
Healthy eating RT

Low-high 7.35 <.001 <.001

Low-moderate®® -1.93 054 16

Moderate-high -9.62 <.001 <.001
Healthy living goal RR

Low-high -11.23 <.001 <.001

Low-moderate -5.63 <.001 <.001

Moderate-high 5.38 <.001 <.001
Healthy living goal RT

Low-high -8.26 <.001 <.001

Low-moderate -5.17 <.001 <.001

Moderate-high 2.84 <.01 <.05
Quality of lifeRR

Low-high -9.48 <.001 <.001

Low-moderate -7.38 <.001 <.001

Moderate-high® 168 09 21
Quality of life RT

Low-high®d -1.82 .07 20

Low-moderate -4.27 <.001 <.001

Moderate-high -2.78 <.01 <.05

8RR: response rate.

bRT: response time.

®No significant difference (P<.05) before adjustment.
dNo significant difference after adjustment.

Comparison of Patient Sociodemographic Characteristics
Among the Engagement Subgroups

We examined patients sociodemographic characteristics for
those who completed the program (n=42) and compared their
distribution among the 3 engagement subgroups. In 6.85%
(23/336) of cases, at least one of the sociodemographic
guestionnaires was missing responses. As shown in Table 7,
the overall patient sample was mostly female (12/42, 71%),
non-Hispanic or Latino origin (22/28, 79%), fluent in English
(38/41, 93%), completed a bachelor’s degree or above (21/41,
52%), and married or living with a partner (18/41, 44%). The
distribution of demographic data further shows that relative to
the overall population distribution, a higher proportion of male

https://diabetes.,jmir.org/2022/4/e41140

Hispanic or Latino origin patients were more high engaged than
females and non-Hispanic or Latino origin counterparts. In
addition, the high engaged subgroup was composed of mostly
older patients with the lowest variations in age range (between
53 and 68 years), and ahigher percentage of Hispanic or Latino
patients (3/10, 30%) were bilingual (2/16, 13%), and compl eted
at least a graduate-level education (5/16, 31%).

In comparison, the low engaged subgroup was composed
primarily of patientswho wereidentified as African Americans
(7/12, 58%) and reported the lowest annual income, with one
out of every 3 patients earning US $20,000 or less annually.
Finaly, marital status was relatively consistent between
low-engaged and high-engaged groups.
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Table 7. Summary of participants' demographics.
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Demographics Overadl (n=42) Low engaged Moderate engaged  High engaged
Gender, n (%)
Male 12 (29) 3(25) 4(31) 5(29)
Female 30 (72) 9(75) 9 (69) 12 (71)
Other or missing 0(0) 0(0) 0(0) 0(0)
Age (years)
Range 32-73 45-73 32-68 53-68
Mean (SD) 59.30 (8.37) 59.92 (8.37) 56.33 (9.92) 61.06 (4.23)
Race, n (%)
African American 20 (48) 7 (58) 6 (46) 7 (41)
White 13 (31) 2(17) 5 (38) 6 (35)
Other races 3(7) 2(17) 1(8) 0(0)
Refused 1(2 0(0) 0(0) 1(6)
Unknown 5(12) 1(8) 1(8) 3(18)
Ethnicity, n (%)
Hispanic or Latino 6 (21) 1(12) 2 (20) 3(30)
Not Hispanic or Latino 22 (79) 7(88) 8(80) 7 (70)
Missing 14 4 3 7
Language, n (%)
English 38(93) 11 (92) 13 (100) 14 (88)
Spanish 1(2) 1(8) 0(0) 0(0)
Both 2(5) 0(0) 0(0) 2(12)
Missing 1 0 0 1
Education, n (%)
Graduate 11(27) 3(25) 3(29) 5(31)
Bachelor 10 (25) 4(34) 3(23) 3(19)
Associate 2(5 0(0) 1(8) 1(6)
Some college or no degree 12 (29) 3(25) 5(38) 4(25)
Technical school 12 (29) 1(8) 0(0) 0(0)
High school or General Educational Development 4(10) 1(8) 1(8) 2(13)
Grades 1-8 1(2) 0(0) 0(0) 1(6)
Missing 1 0 0 1
Income per year, n (%)
<US $10,000 1(3) 1(10) 0(0) 0(0)
<US $20,000 5 (14) 3(30) 1(9) 1(7)
<US $40,000 10 (28) 4 (40) 2(18) 4(27)
<US $60,000 9 (24) 2(20) 2(18) 5(33)
<US $100,000 10 (28) 0(0) 5 (46) 5(33)
>US $100,000 1(3) 0(0) 1(9) 0(0)
Missing 6 2 2 2
Marital status, n (%)
Married or partner 18 (44) 5(42) 7 (54) 7 (44)
Never married 14 (34) 4(33) 4(30) 5(31)
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Demographics Overadl (n=42) Low engaged Moderate engaged  High engaged
Divorced 6 (15) 2(17) 1(8) 3(19)
Windowed 3(7) 1(8) 1(8) 1(6)
Missing 1 0 0 1
Discussion minority racial and ethnic group membership, language barriers,

Principal Findings

Although achieving glycemic control is of clinical importance
for patients with T2D, it is the daily experience of living with
T2D that drives patients perseverance to adhere to treatment
regimens and become engaged in their care [40]. This study
reports user engagement with PROs in the i-Matter trial,
designed to incorporate the collection of real-time PRO data
that are meaningful to both patientsand providersintheclinica
management of T2D. Our retrospective analysis of user
engagement found discernible engagement phenotypes based
on individual PRO responses: patients who dropped out from
the program early (noncompleters) took more time to respond
to PRO questions and were less likely to respond than the
completers. Among the completers, the analysis of the
longitudina RRs identified 3 subgroups with significant
differences in engagement. The completers from the lowest
engagement subgroup had a significantly lower RR and longer
RT than those from the other 2 completer subgroups. These
results suggest that patientswho havelower RR in combination
with longer RTs are at risk of dropping out of the program or
continuing with lower than average engagement with PRO
guestions. Future analyses will evaluate whether this patternis
associated with poorer adherence to self-management behaviors.

Our analysis further revealed that the engagement phenotypes
among completers differed in the timing of peak engagement.
The low engaged completers showed an amost normal
distribution of average engagement over time, with peak
engagement in the middle of the program, followed by a steady
decline. The decline in engagement following the peak could
be due to fatigue onset among patients from responding to
multiple daily text messages across the 12-month study [41].
Further evaluation and analysis are required to determine how
to maintain peak engagement in this subgroup in the latter half
of the program. The moderate engaged subgroup showed an
opposite trend in peak engagement compared with the low
engaged subgroup: adeclinein engagement in thefirst 7 months
of the program, followed by a steady increase.

The high engaged subgroup consistently showed >90% RR and
low RT throughout their participation. They also represent the
largest sample among the 3 subgroups. The reasons for high
engagement and whether this response pattern leads to better
health outcomes (behavioral and clinical) among patients with
T2D will be explored in future analyses. The variationsin peak
engagement timing suggest that longitudinal data on patients
motivations and self-care behaviora activities need to be
analyzed for periodic changes and to evaluate their impact on
user engagement.

Traditionally, sociodemographic characteristics, including older
age, lower income, unemployment status, lower education status,

https://diabetes.,jmir.org/2022/4/e41140

and geographic barriers, have been associated with an elevated
risk for poorer health outcomes [42]. Our analysis of the
sociodemographic measures also showed that distributions of
race, age, language, and income varied between the high- and
low engaged subgroups of our intervention. The high engaged
completers were predominantly older, of Hispanic descent,
bilingual, and highly educated (graduate school or above).

These findings reflect the growing trendsin mHealth research,
which has shown that behavioral interventions, particularly
those that leverage text messaging, have high rates of user
engagement among Hispanic individuals with limited English
proficiency [43,44]. For example, Cartujano-Barrera et a [44]
reported high levelsof interactivity (73%) and low disenrollment
(20%) with a 12-week smoking cessation intervention delivered
viatext messaging in asample of bilingual Hispanicindividuals.
Similarly, a text messaging intervention designed to improve
diabetes management showed high levels of engagement (86%
RR to at least one text message) and low dropout rates (6%)
among low-income Hispanic patients who were followed in
safety-net primary care practices [45]. Thisisin line with data
published by the Pew Research Center [46], which showed
higher cell phone ownership and use among Hispanic than
among non-Hispanic White patients (100% vs 97%). Datafrom
gualitative evaluations of text messaging studies in
Spanish-speaking Hispanic individuals suggest that receiving
and responding to text messages serves as a source of emotional
support [45] for engaging in self-care behaviors to improve
diabetes management. Prior research on disparitiesin self-care
behaviorsamong patientswith T2D reported consistent evidence
of no disparities in exercise and some evidence of reverse
disparities. Compared with non-Hispanic White patients,
Hispanic patientswith T2D had healthier diets[47], which likely
manifested in higher engagement, especially with Healthy Eating
PRO among Hispanic patients. Although our finding that older
adults were more likely to be high engagers of the intervention
may seem inconsistent with previous research [48-50], recent
data show that more than 85% of adults aged =50 years
communicate primarily via text messages [51]. Research on
barriers to diabetes medication adherence has also found
evidence that younger age is associated with motivational and
behavioral barriers[37], which could have manifested in lower
engagement among younger patients in our intervention.

Our analysis further suggests that African American patients
with the lowest annual income are most likely to have low
engagement with PRO messages. It is plausible that the initial
development of our intervention may not have captured the
unique needs and concerns of this patient population.
Consequently, the content and delivery of messages may not
have been suitable, resulting in low engagement rates. Previous
research has also found barriers to low-income African
American patients’ engagement in text messaging interventions,
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including low ownership of personal cell phones, difficulty in
responding to text messages, and reporting that the program
was not helpful or relevant for improving self-management
behaviors[37]. These findings suggest that future text message
interventions must consider both the technical elements of the
intervention as well as the contextual factors (eg, financial and
cultural) that could affect user engagement.

Limitations

Although this study has many strengths, we note the following
limitations that can be considered for future research. First,
although our intervention enrolled patientswith T2D, itismore
common for patients to have 2 or more chronic diseases (ie,
multimorbidity) than one disease in isolation (89.3% vs 8.5%,
respectively) [52]. Recent research has demonstrated the
negativeimpact of multimorbidity on PROs such asquality life,
psychosocial health, self-efficacy, physical function, and
self-management behaviors [53]. Thus, future research should
examine whether adapting i-Matter for amultimorbid population
would improve the engagement of patients and provider
management of co-occurring chronic diseasesrather than using
a single disease focus that can cause inefficiencies and
fragmentation in care. Second, we did not examine psychosocial
factorsthat could impact patient participation in theintervention.
Their motivation, knowledge, and self-efficacy behaviors before
joining the program may affect their engagement with PROs
[54]. Future analysis of i-Matter data will examine how user
engagement metrics differ based on self-reported diabetes
self-care behaviors, medication adherence, self-efficacy, and
motivation for diabetes management. We also note a possible
limitation of our dataanalysis because of the small samplesize.
A larger sasmple sizewould provide greater statistical power for
detecting statistically significant differencesin user engagement
between demographics if there are true differences. Future
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analyses of i-Matter data will include the remaining patients
who completed the trial.

Conclusions

In summary, we found that patients who dropped out from the
intervention early (ie, noncompleters) had a lower RR to PRO
guestions and took longer to respond to PRO questions than
completers. Among completers, analysis of longitudina RRs
identified 3 subgroups of engagement over time. Our results
suggest that patient sociodemographi cs along with RT measures
offer good predictability for patients who need further support
to stay engaged in theintervention. Futuretrials should identify
these patients early in the intervention and customize PRO
messages and their timing to elicit higher engagement.

Thei-Matter intervention was designed and devel oped through
active involvement of patients and addresses difficulties with
protocol compliance, lack of clinical integration in the EHR,
and provider skepticism about the utility of PROs in practice,
which were hallmarks of previous trials, thus increasing the
likelihood of developing a sustainable approach [55]. Despite
these efforts, the results showed that 31.1% of patients dropped
out of the intervention before the final 12-month study visit,
suggesting room for improvement in the PRO texting tool for
futuretrials. For example, the messages sent during the daytime
yielded the lowest engagement from this subgroup, which
suggests that further customization of PRO message timing is
needed to ensure that the cadence of messages fits within the
daily lives of users to increase engagement. This analysis
provides insights into how to make PROs more patient-centric
in future iterations of the i-Matter intervention. The current
research conducting qualitative interviews with patients who
complete the program will be used to identify potential
motivators that could be integrated into future versions of
i-Matter.

The authorsthank Aditya Verma, Sara Chokshi, Dr PH, Jonathan So, and Phoebe Clark for their assistance with this project. This
work was supported by grants from Merck & Co, Inc (principa investigator: AS) and the Agency for Health care Research and
Quality RO1HS026522 (principal investigators: ASand DM). Additional support wasreceived from National Science Foundation
grants 1928614 and 2129076.

Conflicts of Interest
ASisaformer consultant of the company that developed the digital tool.

Multimedia Appendix 1

List of models tested to derive the user engagement classes.
[DOCX File, 13 KB-Multimedia Appendix 1]

References

1.  Patient-Reported Outcomes. National Quality Forum. URL: https://www.qualityforum.org/Patient-Reported Outcomes.
aspx [accessed 2022-05-12]

2. Guidancefor Industry: Patient-reported outcome measures; usein medical product devel opment to support labeling claims.
U.S. Food & Drug Administration. 2009 Dec. URL: https:/tinyurl.com/2jdm33v8 [accessed 2022-05-12]

3. Doward LC, McKenna SP. Defining patient-reported outcomes. Value Health 2004;7 Suppl 1:54-S8 [FREE Full text] [doi:
10.1111/j.1524-4733.2004.7s102.x] [Medline: 15367236]

4.  Lohr KN, Zebrack BJ. Using patient-reported outcomes in clinical practice: challenges and opportunities. Qual Life Res
2009 Feb;18(1):99-107. [doi: 10.1007/s11136-008-9413-7] [Medline: 19034690]

https://diabetes.jmir.org/2022/4/e41140 JMIR Diabetes 2022 | vol. 7 | iss. 4 | e41140 | p. 14

(page number not for citation purposes)


https://jmir.org/api/download?alt_name=diabetes_v7i4e41140_app1.docx&filename=dcde1a1bf9d5ece008a9bffcf32cc6ab.docx
https://jmir.org/api/download?alt_name=diabetes_v7i4e41140_app1.docx&filename=dcde1a1bf9d5ece008a9bffcf32cc6ab.docx
https://www.qualityforum.org/Patient-Reported_Outcomes.aspx
https://www.qualityforum.org/Patient-Reported_Outcomes.aspx
https://www.fda.gov/regulatory-information/search-fda-guidance-documents/patient-reported-outcome-measures-use-medical-product-development-support-labeling-claims
https://linkinghub.elsevier.com/retrieve/pii/S1098-3015(10)60228-8
http://dx.doi.org/10.1111/j.1524-4733.2004.7s102.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15367236&dopt=Abstract
http://dx.doi.org/10.1007/s11136-008-9413-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19034690&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR DIABETES Mandal et al

o

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

Deshpande PR, Rajan S, Sudeepthi BL, Abdul Nazir CP. Patient-reported outcomes: anew erain clinical research. Perspect
Clin Res 2011 Oct;2(4):137-144 [FREE Full text] [doi: 10.4103/2229-3485.86879] [Medline: 22145124]

Chin R, Lee B. Principles and Practice of Clinical Trial Medicine. Amsterdam, The Netherlands: Elsevier; 2008.

Black N. Patient reported outcome measures could help transform healthcare. BMJ 2013 Jan 28;346:f167. [doi:
10.1136/bmj.f167] [Medline: 23358487]

What is patient-centred health care? A review of definitionsand principles. International Alliance of Patients Organizations.
2007. URL: https://www.iapo.org.uk/sites/defaul t/files/files/

| APO%20Pati ent-Centred%20Heal thcare%20Review%202nd%20edition.pdf [accessed 2022-10-31]

L eonardsson O, Rolfson O, Hommel A, Garellick G, Akesson K, Rogmark C. Patient-reported outcome after displaced
femoral neck fracture: anational survey of 4467 patients. J Bone Joint Surg Am 2013 Sep 18;95(18):1693-1699. [doi:
10.2106/JBJS.L.00836] [Medline: 24048557]

Adans-Dester CP, Bamberg S, Bertacchi FP, Caulfield B, Chappie K, Demarchi D, et a. Can mHealth technology help
mitigate the effects of the COV1D-19 pandemic? |EEE Open JEng Med Biol 2020 Aug 7;1:243-248 [FREE Full text] [doi:
10.1109/0JEM B.2020.3015141] [Medline: 34192282]

Trautmann F, Hentschel L, Hornemann B, Rentsch A, Baumann M, Ehninger G, et a. Electronic real-time assessment of
patient-reported outcomesin routine care-first findings and experiences from the implementation in acomprehensive cancer
center. Support Care Cancer 2016 Jul;24(7):3047-3056. [doi: 10.1007/s00520-016-3127-0] [Medline: 26887586]

Kalen MA, Yang D, Haas N. A technical solution to improving palliative and hospice care. Support Care Cancer 2012
Jan;20(1):167-174. [doi: 10.1007/s00520-011-1086-z] [Medline: 21240650]

Boyes A, Newell S, Girgis A, McElduff P, Sanson-Fisher R. Does routine assessment and real-time feedback improve
cancer patients psychosocial well-being? Eur J Cancer Care (Engl) 2006 May;15(2):163-171. [doi:
10.1111/j.1365-2354.2005.00633.x] [Medline: 16643264]

Hilarius DL, Kloeg PH, Gundy CM, Aaronson NK. Use of health-related quality-of-life assessmentsin daily clinical
oncology nursing practice: acommunity hospital-based intervention study. Cancer 2008 Aug 01;113(3):628-637 [FREE
Full text] [doi: 10.1002/cncr.23623] [Medline: 18543317]

Fox CS, Golden SH, Anderson C, Bray GA, Burke LE, de Boer |H, American Heart Association Diabetes Committee of
the Council on Lifestyle and Cardiometabolic Health, Council on Clinical Cardiology, Council on Cardiovascular and
Stroke Nursing, Council on Cardiovascular Surgery and Anesthesia, Council on Quality of Care and Outcomes Research,
and the American Diabetes Association. Update on prevention of cardiovascular disease in adults with type 2 diabetes
mellitusin light of recent evidence: a scientific statement from the American Heart Association and the American Diabetes
Association. Circulation 2015 Aug 25;132(8):691-718. [doi: 10.1161/CIR.0000000000000230] [Medline: 26246173]
GeissLS, Wang J, Cheng Y J, Thompson TJ, Barker L, Li Y, et a. Prevalence and incidence trends for diagnosed diabetes
among adults aged 20 to 79 years, United States, 1980-2012. JAMA 2014 Sep 24;312(12):1218-1226. [doi:
10.100V/jama.2014.11494] [Medline: 25247518]

CellaD, Riley W, Stone A, Rothrock N, Reeve B, Yount S, PROMIS Cooperative Group. The Patient-Reported Outcomes
Measurement Information System (PROMIS) devel oped and tested its first wave of adult self-reported health outcomeitem
banks: 2005-2008. J Clin Epidemiol 2010 Nov;63(11):1179-1194 [FREE Full text] [doi: 10.1016/j.jclinepi.2010.04.011]
[Medline: 20685078]

Snyder CF, Jensen RE, Segal JB, Wu AW. Patient-reported outcomes (PROs): putting the patient perspectivein
patient-centered outcomes research. Med Care 2013 Aug;51(8 Suppl 3):S73-S79 [FREE Full text] [doi:
10.1097/MLR.0b013e31829b1d84] [Medline: 23774513]

Speight J, Barendse SM. FDA guidance on patient reported outcomes. BMJ 2010 Jun 21;340:¢2921. [doi: 10.1136/bmj.c2921]
[Medline: 20566597]

Funnell MM, Brown TL, ChildsBP, Haas LB, Hosey GM, Jensen B, et al. National Standardsfor diabetes self-management
education. Diabetes Care 2011 Jan;34 Suppl 1:S89-S96 [FREE Full text] [doi: 10.2337/dc11-S089] [Medline: 21193633]
ChoJH, HaSJ, Kao LR, Megraw TL, Chae CB. A novel DNA-binding protein bound to the mitochondrial inner membrane
restores the null mutation of mitochondrial histone Abf2p in Saccharomyces cerevisiae. Mol Cell Biol 1998
Oct;18(10):5712-5723 [FREE Full text] [doi: 10.1128/MCB.18.10.5712] [Medline: 9742088]

Barsdorf Al, Rubinstein E, Jaksa A. Patient-reported outcomes (Pros) in diabetes clinical trials. Value Health 2013 May
1;16(3):A168-A169. [doi: 10.1016/j.jval.2013.03.842]

Ridgeway JL, Beebe TJ, Chute CG, Eton DT, Hart LA, Frost MH, et a. A brief Patient-Reported Outcomes Quality of
Life (PROQOL) instrument to improve patient care. PLoS Med 2013 Nov;10(11):e1001548 [FREE Full text] [doi:
10.1371/journal.pmed.1001548] [Medline: 24265598]

Marshall S, Haywood K, Fitzpatrick R. Impact of patient-reported outcome measures on routine practice: a structured
review. JEval Clin Pract 2006 Oct;12(5):559-568. [doi: 10.1111/].1365-2753.2006.00650.x] [Medline: 16987118]
Vieta A, Badia X, Sacristan JA. A systematic review of patient-reported and economic outcomes: value to stakeholdersin
the decision-making process in patients with type 2 diabetes mellitus. Clin Ther 2011 Sep;33(9):1225-1245. [doi:
10.1016/j.clinthera.2011.07.013] [Medline: 21856000]

https://diabetes.jmir.org/2022/4/e41140 JMIR Diabetes 2022 | vol. 7 | iss. 4 | 41140 | p. 15

(page number not for citation purposes)


http://www.picronline.org/article.asp?issn=2229-3485;year=2011;volume=2;issue=4;spage=137;epage=144;aulast=Deshpande
http://dx.doi.org/10.4103/2229-3485.86879
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22145124&dopt=Abstract
http://dx.doi.org/10.1136/bmj.f167
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23358487&dopt=Abstract
https://www.iapo.org.uk/sites/default/files/files/IAPO%20Patient-Centred%20Healthcare%20Review%202nd%20edition.pdf
https://www.iapo.org.uk/sites/default/files/files/IAPO%20Patient-Centred%20Healthcare%20Review%202nd%20edition.pdf
http://dx.doi.org/10.2106/JBJS.L.00836
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24048557&dopt=Abstract
https://europepmc.org/abstract/MED/34192282
http://dx.doi.org/10.1109/OJEMB.2020.3015141
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34192282&dopt=Abstract
http://dx.doi.org/10.1007/s00520-016-3127-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26887586&dopt=Abstract
http://dx.doi.org/10.1007/s00520-011-1086-z
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21240650&dopt=Abstract
http://dx.doi.org/10.1111/j.1365-2354.2005.00633.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16643264&dopt=Abstract
https://doi.org/10.1002/cncr.23623
https://doi.org/10.1002/cncr.23623
http://dx.doi.org/10.1002/cncr.23623
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18543317&dopt=Abstract
http://dx.doi.org/10.1161/CIR.0000000000000230
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26246173&dopt=Abstract
http://dx.doi.org/10.1001/jama.2014.11494
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25247518&dopt=Abstract
https://europepmc.org/abstract/MED/20685078
http://dx.doi.org/10.1016/j.jclinepi.2010.04.011
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20685078&dopt=Abstract
https://europepmc.org/abstract/MED/23774513
http://dx.doi.org/10.1097/MLR.0b013e31829b1d84
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23774513&dopt=Abstract
http://dx.doi.org/10.1136/bmj.c2921
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20566597&dopt=Abstract
https://europepmc.org/abstract/MED/21193633
http://dx.doi.org/10.2337/dc11-S089
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21193633&dopt=Abstract
https://europepmc.org/abstract/MED/9742088
http://dx.doi.org/10.1128/MCB.18.10.5712
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=9742088&dopt=Abstract
http://dx.doi.org/10.1016/j.jval.2013.03.842
https://dx.plos.org/10.1371/journal.pmed.1001548
http://dx.doi.org/10.1371/journal.pmed.1001548
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24265598&dopt=Abstract
http://dx.doi.org/10.1111/j.1365-2753.2006.00650.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16987118&dopt=Abstract
http://dx.doi.org/10.1016/j.clinthera.2011.07.013
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21856000&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR DIABETES Mandal et al

26.

27.

28.

29.

30.

31.

32.

33.

35.

36.

37.

38.

39.
40.

41.

42.

43.

45,

Peters M, Crocker H, Jenkinson C, Dall H, Fitzpatrick R. The routine collection of patient-reported outcome measures
(PROMSs) for long-term conditions in primary care: a cohort survey. BMJ Open 2014 Feb 21;4(2):e003968 [ FREE Full
text] [doi: 10.1136/bmjopen-2013-003968] [Medline: 24561495]

ValderasIM, Kotzeva A, EspallarguesM, Guyatt G, Ferrans CE, Halyard MY, et al. Theimpact of measuring patient-reported
outcomesin clinical practice: a systematic review of the literature. Qual Life Res 2008 Mar;17(2):179-193. [doi:
10.1007/s11136-007-9295-0] [Medline: 18175207]

Maddigan SL, Majumdar SR, Guirguis LM, Lewanczuk RZ, Lee TK, Toth EL, et a. Improvements in patient-reported
outcomes associated with an intervention to enhance quality of care for rural patients with type 2 diabetes: results of a
controlled trial. Diabetes Care 2004 Jun;27(6):1306-1312. [doi: 10.2337/diacare.27.6.1306] [Medline: 15161780]

Baron JS, Hirani SP, Newman SP. I nvestigating the behavioural effects of amobile-phone based hometelehealth intervention
in peoplewith insulin-requiring diabetes: results of arandomized controlled trial with patient interviews. J Telemed Telecare
2017 Jun;23(5):503-512. [doi: 10.1177/1357633X 16655911] [Medline: 27377790]

Arsand W, Fregisland DH, Skrevseth SO, Chomutare T, Tatara N, Hartvigsen G, et al. Mobile health applications to assist
patientswith diabetes: lessons|earned and design implications. J Diabetes Sci Technol 2012 Sep 01;6(5):1197-1206 [FREE
Full text] [doi: 10.1177/193229681200600525] [Medline: 23063047]

Schoenthaler A, Cruz J, Payano L, Rosado M, Labbe K, Johnson C, et a. Investigation of a mobile health texting tool for
embedding patient-reported data into diabetes management (i-Matter): development and usability study. IMIR Form Res
2020 Aug 31;4(8):e18554 [FREE Full text] [doi: 10.2196/18554] [Medline: 32865505]

Holtz B, Lauckner C. Diabetes management via mobile phones: a systematic review. Telemed J E Health 2012
Apr;18(3):175-184. [doi: 10.1089/tm;j.2011.0119] [Medline: 22356525]

Baron JS, Hirani S, Newman SP. A randomised, controlled trial of the effects of amobile telehealth intervention on clinical
and patient-reported outcomes in people with poorly controlled diabetes. J Telemed Telecare 2017 Feb;23(2):207-216.
[doi: 10.1177/1357633X 16631628] [Medline: 26880694]

Wei Y, Zheng P, Deng H, Wang X, Li X, Fu H. Design features for improving mobile health intervention user engagement:
systematic review and thematic analysis. J Med Internet Res 2020 Dec 09;22(12):€21687 [FREE Full text] [doi:
10.2196/21687] [Medline: 33295292]

Mayberry LS, Lyles CR, Oldenburg B, Osborn CY, Parks M, Peek ME. mHealth interventions for disadvantaged and
vulnerable people with type 2 diabetes. Curr Diab Rep 2019 Nov 25;19(12):148 [FREE Full text] [doi:
10.1007/s11892-019-1280-9] [Medline: 31768662]

Nelson LA, Spieker A, Greevy R, LeStourgeon LM, Wallston KA, Mayberry LS. User engagement among diverse adults
in a 12-month text message-delivered diabetes support intervention: results from a randomized controlled trial. IMIR
Mhealth Uhealth 2020 Jul 21;8(7):e17534 [FREE Full text] [doi: 10.2196/17534] [Medline: 32706738]

Nelson LA, Wallston KA, Kripalani S, LeStourgeon LM, Williamson SE, Mayberry LS. Assessing barriersto diabetes
medication adherence using the Information-Motivation-Behavioral skills model. Diabetes Res Clin Pract 2018
Aug;142:374-384 [FREE Full text] [doi: 10.1016/].diabres.2018.05.046] [Medline: 29879495]

Lennon H, Kelly S, Sperrin M, Buchan I, Cross AJ, Leitzmann M, et al. Framework to construct and interpret latent class
trajectory modelling. BMJ Open 2018 Jul 07;8(7):e020683 [ FREE Full text] [doi: 10.1136/bmjopen-2017-020683] [Medline:
29982203]

Nagin DS. Group-Based Modeling of Development. Cambridge, MA, USA: Harvard University Press; 2005.

Svedbo Engstréom M, Leksell J, Johansson UB, Gudbjérnsdottir S. What isimportant for you? A qualitative interview study
of living with diabetes and experiences of diabetes care to establish abasisfor atailored Patient-Reported Outcome M easure
for the Swedish National Diabetes Register. BMJ Open 2016 Mar 24;6(3):€010249 [FREE Full text] [doi:
10.1136/bmjopen-2015-010249] [Medline: 27013595]

Steiner JF, Zeng C, Comer AC, Barrow JC, Langer JN, Steffen DA, et al. Factors associated with opting out of automated
text and tel ephone messages among adult members of an integrated health care system. JAMA Netw Open 2021 Mar
01;4(3):€213479 [FREE Full text] [doi: 10.1001/jamanetworkopen.2021.3479] [Medline: 33769509]

Willi SM, Miller KM, DiMeglio LA, Klingensmith GJ, Simmons JH, Tamborlane WV, T1D Exchange Clinic Network.
Racial-ethnic disparities in management and outcomes among children with type 1 diabetes. Pediatrics 2015
Mar;135(3):424-434 [FREE Full text] [doi: 10.1542/peds.2014-1774] [Medline: 25687140]

Silverman-Lloyd LG, Dominguez Cortez J, Godage SK, Valenzuela Araujo D, Rivera T, Polk S, et al. Immigrant Latino
parents demonstrated high interactivity with pediatric primary care text messaging intervention. Mhealth 2020 Oct 5;6:45
[FREE Full text] [doi: 10.21037/mhealth.2020.01.06] [Medline: 33209916]

Cartujano-BarreraF, Arana-Chicas E, Ramirez-MantillaM, Perales J, Cox LS, Ellerbeck EF, et a. "Every day | think about
your messages”: ng text messaging engagement among L atino smokersin amobile cessation program. Patient Prefer
Adherence 2019 Jul 22;13:1213-1219 [FREE Full text] [doi: 10.2147/PPA.S209547] [Medline: 31413549]

Watterson JL, Rodriguez HP, Shortell SM, Aguilera A. Improved diabetes care management through a text-message
intervention for low-income patients: mixed-methods pilot study. IMIR Diabetes 2018 Oct 30;3(4):e15 [FREE Full text]
[doi: 10.2196/diabetes.8645] [Medline: 30377141]

https://diabetes.jmir.org/2022/4/e41140 JMIR Diabetes 2022 | vol. 7 | iss. 4 | 41140 | p. 16

(page number not for citation purposes)


https://bmjopen.bmj.com/lookup/pmidlookup?view=long&pmid=24561495
https://bmjopen.bmj.com/lookup/pmidlookup?view=long&pmid=24561495
http://dx.doi.org/10.1136/bmjopen-2013-003968
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24561495&dopt=Abstract
http://dx.doi.org/10.1007/s11136-007-9295-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18175207&dopt=Abstract
http://dx.doi.org/10.2337/diacare.27.6.1306
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15161780&dopt=Abstract
http://dx.doi.org/10.1177/1357633X16655911
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27377790&dopt=Abstract
https://europepmc.org/abstract/MED/23063047
https://europepmc.org/abstract/MED/23063047
http://dx.doi.org/10.1177/193229681200600525
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23063047&dopt=Abstract
https://formative.jmir.org/2020/8/e18554/
http://dx.doi.org/10.2196/18554
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32865505&dopt=Abstract
http://dx.doi.org/10.1089/tmj.2011.0119
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22356525&dopt=Abstract
http://dx.doi.org/10.1177/1357633X16631628
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26880694&dopt=Abstract
https://www.jmir.org/2020/12/e21687/
http://dx.doi.org/10.2196/21687
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33295292&dopt=Abstract
https://europepmc.org/abstract/MED/31768662
http://dx.doi.org/10.1007/s11892-019-1280-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31768662&dopt=Abstract
https://mhealth.jmir.org/2020/7/e17534/
http://dx.doi.org/10.2196/17534
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32706738&dopt=Abstract
https://europepmc.org/abstract/MED/29879495
http://dx.doi.org/10.1016/j.diabres.2018.05.046
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29879495&dopt=Abstract
https://bmjopen.bmj.com/lookup/pmidlookup?view=long&pmid=29982203
http://dx.doi.org/10.1136/bmjopen-2017-020683
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29982203&dopt=Abstract
https://bmjopen.bmj.com/lookup/pmidlookup?view=long&pmid=27013595
http://dx.doi.org/10.1136/bmjopen-2015-010249
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27013595&dopt=Abstract
https://jamanetwork.com/journals/jamanetworkopen/fullarticle/10.1001/jamanetworkopen.2021.3479
http://dx.doi.org/10.1001/jamanetworkopen.2021.3479
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33769509&dopt=Abstract
https://europepmc.org/abstract/MED/25687140
http://dx.doi.org/10.1542/peds.2014-1774
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25687140&dopt=Abstract
https://doi.org/10.21037/mhealth.2020.01.06
http://dx.doi.org/10.21037/mhealth.2020.01.06
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33209916&dopt=Abstract
https://dx.doi.org/10.2147/PPA.S209547
http://dx.doi.org/10.2147/PPA.S209547
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31413549&dopt=Abstract
https://diabetes.jmir.org/2018/4/e15/
http://dx.doi.org/10.2196/diabetes.8645
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30377141&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR DIABETES Mandal et al

46.

47.

48.

49,

50.

51.

52.

53.

55.

Mobile Fact Sheet. Pew Research Center. 2021 Apr 7. URL: https.//www.pewresearch.org/internet/fact-sheet/mabil e/
[accessed 2022-05-23]

Mayberry LS, Bergner EM, Chakkalakal RJ, Elasy TA, Osborn CY. Self-care disparities among adults with type 2 diabetes
inthe USA. Curr Diab Rep 2016 Nov;16(11):113 [FREE Full text] [doi: 10.1007/s11892-016-0796-5] [Medline: 27671320]
Nelson LA, Mulvaney SA, Johnson KB, Osborn CY. mHealth intervention elements and user characteristics determine
utility: amixed-methods analysis. Diabetes Technol Ther 2017 Jan;19(1):9-17 [FREE Full text] [doi: 10.1089/dia.2016.0294]
[Medline: 28099052]

Dobson KG, Hall P. A pilot study examining patient attitudes and intentions to adopt assistive technologiesinto type 2
diabetes self-management. J Diabetes Sci Technol 2015 Mar;9(2):309-315 [FREE Full text] [doi: 10.1177/1932296814560395]
[Medline: 25427965]

Humble JR, Tolley EA, Krukowski RA, Womack CR, Motley TS, Bailey JE. Use of and interest in mobile health for
diabetes self-carein vulnerable populations. J Telemed Telecare 2016 Jan; 22(1):32-38. [doi: 10.1177/1357633X 15586641]
[Medline: 26026179]

AARP research finds 90 percent of adults 50+ use personal technology to stay connected. American Association of Retired
Persons. 2018 Feb 28. URL: https.//press.aarp.org/

2018-2-28-A ARP-Research-Finds-90-Percent-Adul ts-50-U se-Personal - Technol ogy- Stay-Connected [accessed 2022-05-23]
McCurdie T, Taneva S, Casselman M, Yeung M, McDanid C, Ho W, et al. mHealth consumer apps: the casefor user-centered
design. Biomed Instrum Technol 2012; Suppl:49-56. [doi: 10.2345/0899-8205-46.52.49] [Medline: 23039777]

Nundy S, Razi RR, Dick JJ, Smith B, Mayo A, O'Connor A, et a. A text messaging intervention to improve heart failure
self-management after hospital discharge in alargely African-American population: before-after study. JMed Internet Res
2013 Mar 11;15(3):e53 [FREE Full text] [doi: 10.2196/jmir.2317] [Medline: 23478028]

Fortin M, Bravo G, Hudon C, Vanasse A, Lapointe L. Prevalence of multimorbidity among adults seen in family practice.
Ann Fam Med 2005;3(3):223-228 [FREE Full text] [doi: 10.1370/afm.272] [Medline: 15928225]

Sasseville M, Chouinard MC, Fortin M. Patient-reported outcomes in multimorbidity intervention research: a scoping
review. Int JNurs Stud 2018 Jan;77:145-153. [doi: 10.1016/j.ijnurstu.2017.09.016] [Medline: 29080440]

Abbreviations

EHR: electronic health record

i-Matter: Investigating an mHealth texting tool for embedding patient-reported data in diabetes management
mHealth: mobile health

LCTM: latent class trajectory modeling

PRO: patient-reported outcome

RR: response rate

RT: responsetime

T2D: type 2 diabetes

Edited by A Sharma; submitted 16.07.22; peer-reviewed by H Mehdizadeh, Q Ye, A Finny; comments to author 16.08.22; revised
version received 31.08.22; accepted 07.09.22; published 14.11.22

Please cite as:

Mandal S, Belli HM, Cruz J, Mann D, Schoenthaler A

Analyzing User Engagement Within a Patient-Reported Outcomes Texting Tool for Diabetes Management: Engagement Phenotype
Sudy

JMIR Diabetes 2022;7(4):e41140

URL.: https://diabetes.jmir.org/2022/4/e41140

doi: 10.2196/41140

PMID:

©Soumik Mandal, Hayley M Belli, Jocelyn Cruz, Devin Mann, Antoinette Schoenthaler. Originally published in IMIR Diabetes
(https://digbetesjmir.org), 14.11.2022. This is an open-access article distributed under the terms of the Creative Commons
Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction
in any medium, provided the original work, first published in IMIR Diabetes, is properly cited. The complete bibliographic
information, alink to the original publication on https://diabetes.,jmir.org/, aswell asthis copyright and license information must
be included.

https://diabetes.jmir.org/2022/4/e41140 JMIR Diabetes 2022 | vol. 7 | iss. 4 | 41140 | p. 17

RenderX

(page number not for citation purposes)


https://www.pewresearch.org/internet/fact-sheet/mobile/
https://europepmc.org/abstract/MED/27671320
http://dx.doi.org/10.1007/s11892-016-0796-5
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27671320&dopt=Abstract
https://europepmc.org/abstract/MED/28099052
http://dx.doi.org/10.1089/dia.2016.0294
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28099052&dopt=Abstract
https://europepmc.org/abstract/MED/25427965
http://dx.doi.org/10.1177/1932296814560395
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25427965&dopt=Abstract
http://dx.doi.org/10.1177/1357633X15586641
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26026179&dopt=Abstract
https://press.aarp.org/2018-2-28-AARP-Research-Finds-90-Percent-Adults-50-Use-Personal-Technology-Stay-Connected
https://press.aarp.org/2018-2-28-AARP-Research-Finds-90-Percent-Adults-50-Use-Personal-Technology-Stay-Connected
http://dx.doi.org/10.2345/0899-8205-46.s2.49
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23039777&dopt=Abstract
https://www.jmir.org/2013/3/e53/
http://dx.doi.org/10.2196/jmir.2317
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23478028&dopt=Abstract
http://www.annfammed.org/cgi/pmidlookup?view=long&pmid=15928225
http://dx.doi.org/10.1370/afm.272
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15928225&dopt=Abstract
http://dx.doi.org/10.1016/j.ijnurstu.2017.09.016
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29080440&dopt=Abstract
https://diabetes.jmir.org/2022/4/e41140
http://dx.doi.org/10.2196/41140
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

