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Abstract Objective It is difficult to assess self-management behaviors (SMBs) and incorporate
them into a personalized self-care plan. We aimed to develop and apply SMB
phenotyping algorithms from data collected by diabetes devices and a mobile health
(mHealth) application to create patient-specific SMBs reports to guide individualized
interventions. Follow-up interventions aimed to understand patient’s reasoning behind
discovered SMB choices.
Methods This study deals with adults on continuous subcutaneous insulin infusion using a
continuous glucose monitor (CGM) who self-tracked SMBs with an mHealth application for
1 month. Patient-generated data were quantified and an SMB report was designed and
populated for eachparticipant.Adiabeteseducatorusedthe report to conductpersonalized,
data-driven educational interventions. Thematic analysis of the interventionwas conducted.
Results Twenty-two participants recorded 118 alcohol, 251 exercise, 2,661meal events,
and 1,900 photos. A patient-specific SMB report was created from this data and used to
conduct the educational intervention. High variability of SMB was observed between
patients. There was variability in the percentage of alcohol events accompanied by a blood
glucose check, median 79% (38–100% range), and frequency of changing the bolus
waveform, median 11 (7–95 range). Interventions confirmed variability of SMBs. Main
emerging themes fromthematic analysiswere: challengesandbarriers,motivators, current
SMB techniques, and future plans to improve glycemic control.
Conclusion The ability to quantify SMBs and understand patients’ rationale may help
improve diabetes self-care and related outcomes. This study describes our first steps in
piloting a patient-specific diabetes educational intervention, as opposed to the current
“one size fits all” approach.
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Background and Significance

Type 1 diabetes mellitus (T1DM) is a chronic disease that
requires consistent and iterative self-management with ongo-
ingmedical care, education, and support.1Consistent glycemic
control (e.g., avoidance of severe hypo- and hyperglycemia) is
necessary to reduce the risk of immediate and long-term
complications of poorly controlled diabetes.2–4 This is
achieved by adherence to therapy and appropriate patient-
directed adaptations that address planned and unplanned
fluctuations invariably encountered in the real-world. Ensur-
ing such adaptations is challenging due to the frequency and
complexity of self-management behaviors (SMBs) related to
blood glucose (BG) monitoring, insulin administration, food
intake, physical activity, and use of increasingly complex
diabetes technologies. Patients and health providers are fur-
ther hindered by the inability to reliably capture, codify, and
examine these SMBs, which preclude identification and cor-
rection of problems related to adherence or other aspects of
disease management.

Self-reporting by means of surveys or interviews is one of
the most widely used methods for evaluating SMBs and has
been used in previous studies to understand SMBs for
patients with T1DM.5–7 Assessing SMBs using self-reported
data collected by means of surveys or interviews is simple
and easy, and can provide useful information about SMBs.
However, retrospective self-reporting can be subject to recall
error and social desirability.6,8

Increasing availability and use of diabetes management
technologies provide an opportunity to gather objective,
real-time, and clinically meaningful information that can
improve patient care. These include continuous subcutaneous
insulin infusion (CSII) devices, or insulin pumps, which deliver
insulin and have an embedded bolus calculator that can be
personalized; glucosemeters,whichmeasure capillaryglucose
obtained by finger stick; and continuous glucose monitoring
systems (CGMS),whichmeasure interstitialglucose readingsat
regular intervals (e.g., 5minutes). In addition to delivering
insulin, CSII devices are capable of recording timestamps of
delivered insulin, glucose levels (entered by patient or wire-
lessly uploaded from a compatible glucose meter and/or
CGMS), carbohydrate intake (calculated and entered by
patient), and patient interactions with the bolus calculator
(interactive feature facilitating bolus insulin dosage).

Several studies have used glucose meter and/or CSII
downloads to assess the frequency of BG monitoring, insulin
bolus delivery, carbohydrate consumption, bolus calculator
use, and meal-time bolus.9–12 While these studies used
objectively measured data, the methods for quantifying
adherence relied on manual and time-intensive extraction
of information provided by vendor-specific reports from
different device manufacturers. However, vendor-specific
reports have been scrutinized for lacking actionable infor-
mation for providers related to other SMBs that may influ-
ence glycemic control and fail to provide insight into what
the patient’s rationale was for the actions and adaptations
taken.10,13–15 Vendor reports are also not generalizable
across devices and technologies. Moreover, and partly as a

result of these challenges, there are scarce data regarding
adherence to CSII therapy and SMBs among adults with
T1DM, as prior qualitative and quantitative studies have
focused primarily on children or young adults.5,6,9–12,16–18

While recent evidence shows that there is considerable
variability of SMBs within and between adult patients with
T1DM on insulin pump therapy who use CSII,19–22 current
behavioral interventions are mostly based on the “one size fits
all” approach of standardized diabetes self-management edu-
cation.1 This is unfortunate since individuals are more likely to
follow self-management protocols that take their lifestyle
preferences into account.23 The absence of personalized diabe-
teseducationisdriven, inpart,by thelackofobjectiveandeasily
interpretable information regarding patient behavior outside
the confines of the clinical encounter. The authors hypothesize
that SMB informationderived fromself-trackedanddevicedata
could guide providers during the delivery of patient-specific
diabetes educational interventions. This study describes our
initial work in testing the feasibility of our methods.

Objectives

Wesought todevelopandapplycomputable SMBphenotyping
algorithmscapableof integratingandanalyzingCSII andCGMS
data with real-time patient-reported data collected with a
mobile health (mHealth) application to quantify SMBs with
high temporal fidelity. The second goal was to create an
individualized SMB report template (user interface), and
provide actionable information which could then be used by
health care providers to facilitate individualized patient edu-
cation, counseling, and treatment modification. We then
aimed to discover patient’s reasoning behind discovered
SMBs through the thematic analysis of the personalized
educational interventions.

Methods

►Fig. 1 provides an overview of the study design. Below we
describe in detail each step of the study.

Design of the Report Template
Previous research by the study team examined and charac-
terized SMBs in adults of all ages with T1D.19–22,24 Building
on knowledge gleaned from that work, SMBs identified and
quantified by the biomedical informatics team and a statis-
tician were presented to a diabetes care team for review. An
iterative process with feedback from all members of the
research team was used to refine the report templates to
present the behaviors in a meaningful format for health
providers at the individual patient level.

Eleven SMBs (►Table 1) were included in the behavioral
report. Although frequency of hypoglycemic events (Hypo-
Freq) is not a behavior, it was included due to the importance
of limiting hypoglycemia when engaging in self-care. For
behaviors alcohol, exercise, and meal compensation within
30minutes (Alc30, Exer30, andMeal30, respectively) desired
compensations were: check BG, consume and/or input carbs,
deliver insulin bolus, and adjust basal rate.
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Subject Recruitment, Self-Tracking, and Data
Collection
Adults with T1DM were recruited from an outpatient endo-
crinology clinic which provides consultative and longitudi-
nal care to patients with T1DM. Institutional Review Board
(IRB) approval from Mayo Clinic Arizona was granted to
recruit subjects between the ages of 18 through 70 years,
who spoke English, and owned an iPhone. Participants were
recruited from January through May of 2018. Subjects were
required to have been under the care of the clinic and had a
Medtronic CSII device and any brand of CGMS for at least
1 year. We included patients using the Medtronic 670G
pump, which can be configured as a hybrid-closed-loop
system (auto mode), as well as those who used a traditional
Medtronic pump (manual mode). The study was limited to
Medtronic CSII devices to simplify algorithm development
while capturing the largest number of patients. Participants
were compensated during the study.

After recruitment, participants provided informed consent.
Next, the iOS mHealth app, iDECIDE, was installed on the
participants’ smartphones and they were taught how to use
the app to self-track exercise, meal, and alcohol intake.24

Participants were instructed to otherwise maintain their
normal self-care routine for 1 month. When tracking exercise
(ExerFreq), the app required that users provide the start time,
duration inminutes, and intensity rating as light, moderate, or
vigoroususing the “talk test”asaguide (►Fig. 2A).25Theywere
then asked to select from a menu of compensatory options:
basal adjustment, my bolus choice, pump’s bolus suggestion,
pump disconnect, snack intake, other technique, or no com-
pensation (Exer30) (►Fig. 2B). When logging meals and
alcoholic beverages (AlcFreq), userswere prompted to indicate
the timeof intake, providea textdescription, and log thegrams
of carbohydrates for each item, with an option to add a photo
before saving (AlcExmp,MealExmp;►Fig. 2C). Theywere then
asked to select from a list of compensatory techniques used to
manage glucose levels. For meals, users selected from: basal
adjustment, my bolus choice, pump’s bolus selection, square
delivery adjustment, other technique, and no compensation
(Meal30, ChgW; ►Fig. 2D). Similarly, for alcoholic products,
options included: meal consumption, basal adjustment, my
bolus choice, pump’s bolus suggestion, square delivery adjust-
ment, other technique, and no compensation (Alc30, ChgW;
►Fig. 2E). For exercise, meals, and alcohol, participants were

Fig. 1 Overview of study design to design and deliver data-driven educational interventions to participants with type 1 diabetes. Data that
populated the personalized behavior reports were collected from continuous subcutaneous insulin injection (CSII) devices and continuous
glucose monitoring systems (CGMS) while participants self-tracked with the iDECIDE app for 1 month. The outcomes of the data analysis were
SMB characterizations. During in-person, one-to-one interviews a clinician met with each study participant to discuss the resulting personalized
behavior report. The outcomes of the interviews were summarized as SMB themes. SMB, self-management behavior.
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Table 1 An overview of the data sources used to quantify behaviors. “A” indicates an automatic analysis by the phenotyping
algorithms prior to manually populating the behavioral report template, while “M” indicates a manual review was used

Self-management behavior Explanation mHealth
app

Insulin
pump

CGMS

1. Alcohol compensation � 30 min. (Alc30) Compensate for alcohol within 30 min A A

2. Exercise compensation � 30 min. (Exer30) Compensate for exercise within 30min A A

3. Meal compensation � 30 min. (Meal30) Compensate for meals within 30 min A A

4. Change waveform (ChgW) Change insulin delivery from normal waveform
(i.e., standard insulin delivery mode) to dual or
square (i.e., time-extended delivery of insulin)

A

5. Bolus more than 10 times per day (Bol10) Bolus 10 or more times per day A

6. Days with low glucose (HypoFreq) Frequency of days with low BG
(hypoglycemia defined as< 70 mg/dL)

M M A

7. Exercise frequency (ExerFreq) Frequency of exercise A

8. Alcohol frequency (AlcFreq) Frequency of alcohol consumption A

9. Example of alcohol (AlcExmp) Patient-provided examples of alcoholic
beverages consumed and
carbohydrate estimates

M

10. Example of meal (MealExmp) Patient-provided examples of meals consumed
and carbohydrate estimates

M

11. Auto/manual mode (AvsM) Time spent in auto-mode versus manual mode
(only for 670G Medtronic insulin pump).

M

Abbreviations: BG, blood glucose; CGMS, continuous glucose monitoring systems.

Fig. 2 Screenshots of the mHealth application, iDECIDE, that was installed on each subject’s smartphone. Participants could self-track exercise
by indicating (A) duration, intensity, start time, and (B) compensation techniques used to self-manage glucose. Meals and alcohol were self-
tracked with the same interface, by providing (C) text description of meal or alcohol, carbohydrate count, while also attaching a photo to the log
and indicating the time. Participants were then prompted to select (D) meal, and (E) alcohol compensation techniques.
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allowed to choose more than one compensation technique, if
applicable.

Subject’s app data were stored locally on the smartphone
and synced to a cloud service. Using password protected
administrative privileges, members of the research team
downloaded data from the cloud in spreadsheet format. At
the end of the study period, subjects synced their CSII and
CGMSdata to themanufacturerwebportals. The research team
wasthenable todownload thedevicedata in spreadsheet form.
Reports generated by the CSII manufacturer’s web portals and
demographics from the medical records were also accessed as
partof thestudy.Participantage, yearssincediabetesdiagnosis,
years of CSII usage, and most recent glycosylated hemoglobin
(HbA1c) results were obtained from the medical record.

Phenotyping Algorithms and Data Analysis
Phenotyping algorithms were developed in Java version 8 to
accommodate the data format of each data source. Modifi-
cations to the algorithms were required to enable execution
against the latest CSII model, the Medtronic 670G. The
phenotyping algorithms produced output in spreadsheet
format for each participant, which allowed for individual
analyses and populating the reports. The individual-specific
spreadsheets were consolidated to facilitate cohort level
analyses. The number of days of data from each participant
were calculated based on days where self-tracking data and
device data were both present. Excel formulas were used to
generate descriptive statistics and characterize the SMBs at
the individual and cohort level. All data are reported asmean
(standard deviation) or median (interquartile range).

For behaviors Alc30, Exer30,Meal30, ExerFreq, andAlcFreq,
the log event of interest (e.g., alcohol, exercise, or meal) and
CSII data were both read by the phenotyping algorithm. The
timestamp of each log event was used as a starting point to
quantify the days where exercise occurred, or meal/alcohol
was consumed, and identify frequency and interactions of
interest (e.g., check BG, consume/input carbohydrates, deliver
insulin bolus, or basal adjustment) recorded by the CSII that
occurredwithin 30minutes prior, during, or after the event of
interest. Use of the 30-minute window accounted for the fact
that patients with T1DMmay engage in compensatory behav-
ior in anticipationofevents or react to themafter the fact. Also,
patients often record events rounded to the nearest 5, 10, or
15-minute intervals such that there may be slight variation in
recorded versus actual event times.

CSII data were used to quantify ChgW, Bol10, and AvsM,
while CGMS was used to determine HypoFreq. For behaviors
ChgW and Bol10, the CSII data were read by the algorithm to
detect all instances of delivered boluses. Insulin boluses deliv-
ered each day were counted, and days with �10 boluses were
flagged and counted. Additionally, each bolus waveform was
classifiedas normal or extended (i.e., dual or squarewaveform),
and each daywhere one ormore of the boluseswas changed to
extended was counted. For HypoFreq, glucose readings were
scanned, and dayswith one ormore glucose values<70mg/dL
were flagged and counted. The amount of time in auto-mode,
AvsM, was obtained from the manufacturer’s patient report
(specific to the Medtronic 670G).

Personalized SMB Report
The personalized SMB report templates were populated by
manually inserting the desired data points from the pheno-
typing algorithm results into the appropriate fields of the
report for each participant. The exception was AvsM and
portions of Bol10 and HypoFreq. Screenshots from the vendor
reports were used to populate day-specific information for
Bol10 andHypoFreq.Metrics for AvsMwere obtained from the
vendor report.►Fig. 3 shows the first page of a sample report
reviewing all of the observed behaviors. Behaviors Alc30,
Exer30,Meal30, ChgW, Bol10, andHypoFreqwere color coded
as red, yellow, or green to highlight SMBs that could benefit
from further discussion during in-person patient interven-
tions. For instance, a low frequency of use of extended bolus
was highlighted as red to guide discussions on the use of this
advance feature of the CSII.►Fig. 4 depicts the second page of
the report, which provides more details on HypoFreq and the
events such as food/alcohol intake and exercise surrounding
any day with low glucose.

Data-Driven Educational Intervention
Participants were each re-contacted individually and invited
to participate in a personalized data-driven educational
intervention. IRB approval from Mayo Clinic was granted
for the intervention portion of the study. Participants were
recruited and re-consented from May through September,
2018 and compensated for their participation. Prior to
meeting with the participants, the endocrinologist and the
nurse practitioner diabetes educator reviewed and discussed
the personalized SMB report (M.B. and B.T., respectively).
The diabetes educator then met with the participant and
used the SMB report to guide a semistructured, personalized
educational intervention. The interventionwas attended bya
member of the research team (K.C.) and audio-recorded.

The intervention startedwith thediabetes educator sharing
the SMB report with the participant and explaining that the
color coding was only used to indicate areas that requiremore
discussion time for the provider to get a better understanding
of the participant’s lifestyle and preferences. The remainder of
the intervention was semi-structured and followed a script
that was adapted according to the participant’s report. For
example, if the report indicated that theparticipant consumed
alcohol during the study, section 2 of the interview script was
included in the intervention and the participant was provided
ahandoutonalcohol anddiabetes, otherwise section2 and the
accompanying handout was omitted from the intervention.

Thematic Analysis of Intervention
The audio-recording of the provider delivering the interven-
tion to the participant was transcribed by a commercial
third-party company. The contents of the audio-recordings
and transcriptions were then analyzed using the six phases
of Braun and Clarke’s thematic analysis guidelines.26 First,
two members of the research team independently reviewed
the audio-recordings to gain an overview. Three initial tran-
scripts were separately coded, and preliminary codes were
assigned to the data extracts with the intent of coding for as
many potentially interesting themes as possible. A third
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researcher helped to resolve disagreements to reach consen-
sus. Cohen’s Kappa was used to determine coder agreement.
In an iterative process, themes were identified, reviewed,
and refined across interviews by the research team.
MAXQDA 12.3.5 was used to code the transcripts.

Results

Demographics
Twenty-two subjects were recruited for the self-tracking
portion of the study. Mean age was 48.1(16.7) years with a
mean duration of T1DM 29.5(18.5) years and CSII use 15.6
(8.4) years. All subjects were Caucasian and 15 were female.
Mean HbA1c was 7.0%(0.86%) and the percentage of CGMS

readings at target was 48.8%(12.0%); 48.1%(13.6%) of the
CGMS readings were above target and 3.2%(3.5%) were below
target. Insulin pump models used by the subjects were:
Paradigm 523 (n¼ 1), Paradigm 630G (n¼ 1), Paradigm
530G (n¼ 4), Paradigm 751 (n¼ 4), and Paradigm 670G
(n¼ 12). CGMS models used were: Medtronic Enlite
(n¼ 7), Dexcom G5 (n¼ 7), and Medtronic Guardian (n¼ 8).

Characterization of Self-Management Behaviors

Data Collection
A total of 267,083 data points were collected by CSII and
CGMS spanning 604 patient-days. Using the mHealth app,
participants logged 118 alcohol events, 251 exercise events,

Fig. 3 Example of the first page of the behavioral report template used to facilitate the personalized educational intervention phase of the
study. Behaviors 1 to 6 were color coded as red, yellow, and green to guide providers in the review of data and the organization of the
interventions. Behaviors in red indicated that an in-depth discussion was recommended to better contextualize the specific behavior in terms of
patient’s lifestyle choices. Yellow indicated that some contextualization could be needed to help interpret the behaviors. Green indicated little
need for in-depth discussion.
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2,661 meals, and 1,900 meal photos. The mean number of
days with complete data (i.e., complete data coverage from
the convergence of CSII, CGMS, and mHealth app) was 27.5
(2.5). This resulted in 5.4(9.7) alcohol events, 11.4(12.1)
exercise events, 120.1(51.0) meals, and 86.4(51.2) meal
photos per participant.

Alcohol, Exercise, and Meals
Thirteen participants reported alcohol consumption on the
mHealth app, with an average of 9.1(11.2) alcohol logs
(AlcFreq). Based on CSII data, participants who reported
alcohol consumption were observed to have the greatest
variability in three of four SMBs of interest as seen
in ►Fig. 5A (Alc30). Participants compensated for alcohol
by consuming carbohydrates in conjunction with alcohol in
100%(63–100%) of events, delivering an insulin bolus in 100%
(64–100%), checking BG in 79%(38–100%), and adjusting the
basal rate in 29%(0–88%).

Eighteen participants engaged in exercise during the
study; they tracked an average of 13.9(12.1) exercise epi-
sodes (ExerFreq). There was considerable variability of SMBs
observed in the CSII data of those who engaged in exercise
(►Fig. 5A). Participants engaged in carbohydrate consump-
tion in 67%(50–77%) of the events, insulin bolus delivery in
68%(50–81%), checking BG in 67%(43–75%), and basal rate
adjustment in 34%(0–62%) (Exer30).

All participants self-tracked meals during the study.
Meals self-tracked with the mHealth app were accompanied
by a corresponding user-entry in the CSII bolus calculator in
66%(53–78%) of the events. Therewas less variability in SMBs
for meals when compared with alcohol and exercise in
corresponding CSII data (►Fig. 5A). Participants delivered
insulin in 68%(47–81%) of the events, checked BG in 54%

(40–81%), and adjusted the basal rate in 18%(0–29%), as can
be seen in ►Fig. 5A (Meal30).

Insulin Pump Interactions
Eight participants changed the insulin bolus waveform from
normal to extended on at least one ormore occasions. Overall,
participants engaged in changing the waveform 0(0–9) times
during the study (ChgW), but when considering those that
changed the waveform one or more times, the frequency
changed to 11(7–95). Thirteen participants bolused �10
times/d on at least one or more days, with a cohort median
of frequent bolusing of 1(0–5) days, (►Fig. 5B; Bol10).

There were 12 participants using the Medtronic 670G
insulin pump. One participant never used the auto-mode
feature, while another used the auto-mode feature for the
entire duration of the study. On average, the 12 participants
were in auto-mode 87%(59–94%) of the time during the
study, (►Fig. 5B; AvsM).

Hypoglycemia
All participants had at least 3 days where hypoglycemia (i.e.,
one or more CGMS readings <70mg/dL) occurred, with a
median of 12(7–19) out of an average 27.5(2.5) days,
(►Fig. 5B; HypoFreq).

Self-Management Behavior Themes

Demographics
Fifteen individuals participated in the data-driven educa-
tional intervention. Mean age was 47(15.7) years with a
mean duration of T1DM 33.7(17.7) years of CSII use 16.7(8.8)
years. All were Caucasian and nine were female with a mean
HbA1c 7.0%(0.44%).

Fig. 4 Example of the second page of the behavioral report template highlighting days where hypoglycemia occurred during the self-tracking
portion of the study.
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Theme Analysis
Thematicanalysis identifiedfourkey themes related todiabetes
self-management: challenges and barriers (►Table 2), motiva-
tors (►Table 3), current SMBs and Practices (►Table 4) and
future changes and plans based on the personalized data-
driven behavior report (►Table 5). For each theme, subthemes
were identified.►Tables 2–4 to5 list the subthemes, subtheme
definitions, number (n), and percentage (%) of participants for
each subtheme, and an illustrative quote of each subtheme.
Cohen’s kappa was 0.96, indicating nearly complete interrater
agreement.

In terms of self-management challenges and barriers
(►Table 2), there were notable variations in the barriers to
healthy living habits that participants mentioned. These
included medical conditions such as coronary conditions, foot
and knee problems, gallbladder surgery, celiac disease, long-
termbackpain, anddepressionaswell as stress and lackof time
(12hours work shifts and taking care of a toddler). Dissatisfac-
tion with technology was another barrier mentioned. Main
sources of dissatisfaction were the bolus wizard, sensor accu-

racyandcalibration, auto-modefunctionality (670Gusers), and
general dissatisfaction with diabetes technology.27 Another
barrier identified is the perception that “rules do not apply to
me.” When conducting educational interviews, there were
seven participants that identified themselves as “medical out-
liers,” implying that common, evidence-based educational
recommendations would not work or did not apply to them.
For example, one participant felt that published expert recom-
mendations regarding continuous glucose monitor (CGM)
trend arrows (for example, how to decide if more insulin is
needed depending on the trend and arrow directionality on
CGM) did not apply to her and would bottom her out. When
discussing common patterns of insulin resistance during cer-
tain times of the day, one participant stated “my body behaves
just the opposite of that.” Multiple participants felt the “rule of
15,” a commonly used method to recommend intake of 15 g of
carbohydrate to fix a low blood sugar followed by waiting
15minutes to recheck the sugar, would not work for them.

In terms of motivators (►Table 3), avoiding hypoglycemic
events during the night or day was an important one.

Fig. 5 Variability of self-management behaviors in 22 participants was observed in (A) the percentage of events that participants compensated for alcohol
(Alc30), exercise (Exer30), and meals (Meal30) within 30minutes of the event, and for (B) insulin pump interactions, such as changing the insulin bolus
waveform (ChgW), delivering 10 ormore insulin boluses a day (Bol10), the number of days that hypoglycemia occurred (FreqHypo), and the percentage of
time those with the 670G hybrid-closed loop pump used the automatic-mode instead of the manual-mode (AvsM).
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Participants mentioned traumatizing experiences involving
passing out in public places and need for emergency para-
medic assistance, as well as endangering the life of family
members when passing out and causing a car accident. In
addition, participants were motivated to avoid chronic
health complications, in particular avoidance of heart, brain,
feet, and eye complications.

When discussing current SMBs used (►Table 4), six partic-
ipants mentioned relying strongly on the pump and bolus
wizard, while the other seven participants mentioned the
value of the CGM to achieve glycemic control: “the continuous
monitor has been probably the best tool so far.” There was
considerable variation in the type of SMBs mentioned to
compensate for exercise, including eating before exercise to

avoid lows, bolusing before/after exercise to avoid highs,
checking BG before exercise, taking off the pump during
exercise, and lowering or suspending the basal rate during
exercise. All the participants were aware of the importance of
checking trend arrow directions, but not all of them consis-
tently took the arrows into account when making SMB deci-
sions. Participants mentioned difficulty assessing food
volume, content and fat, particularly when eating out. Some
participants indicated preferring to eat at home, weighing
everything they ate, or following a routine of eating the same
foods to helpwithmeal compensations. As part of the support
network, participants mentioned the active involvement of
family and health professionals. One participant used technol-
ogy (CGM sends low BG alerts to designated people) as a

Table 2 Challenges and barriers to diabetes self-management (n¼ 15)

Theme Definition n(%) Quote

Barriers to healthy
living habits

Permanent or temporal factors that are
outside control and affect ability to
self-manage blood glucose. Includes other
medical conditions.

10(67) “When you have a toddler […] you’ve got
your hands busy and eating on time is
difficult.”

Management of
overnight hypoglycemia

Overnight hypoglycemia incidents that are
hard to manage and may cause sleep
disruptions or dangerous lows.

10(67) “Because you are so low and you just feel
so out of control that you just eat and eat,
and eat, and eat.”

Unpredictable variations Unpredictable/unexplainable fluctuations
in blood glucose levels that may cause
frustration due to lack of control.

8(53) “One day things seem to go perfect, the
next day I can eat the exact same thing and
it’s not even close.”

Dissatisfaction
with technology

Distrust in the accuracy of technology, or
dissatisfaction with available technology.
Hesitation to rely solely on technology.
Comments on suspected technology
dysfunction.

8(53) “I didn’t use the auto-mode for very long,
but I had tried doing a temp blood sugar
and it didn’t work. I was still going low.”
—Medtronic 670G user

“Rules don’t apply
to me”

Perception that the individual is an outlier
or their blood glucose levels do not
respond in a predictable manner according
to evidence based guidelines.

7(47) “I’m a medical outlier. That’s just all there
is to it. I don’t follow the usual statistics.”

Human error Mistakes made by the participant in
managing blood glucose such as
forgetting to bolus or other errors.

6(40) “That may happen once every 2 or 3 mo
that I forget to bolus.”

Insurance coverage Mention of insurance constraints and lack
of coverage. Includes cost of insurance and
cost of supplies or technology.

3(20) “My insurance stopped covering the strips
for [. . .] Minimed’s meter.”

Table 3 Motivators of diabetes self-management (n¼ 15)

Theme Definition n(%) Quote

Avoid hypoglycemia or
hyperglycemic events

Fear of hypo/hyperglycemia 4(27) “That [hypoglycemia] was particularly
problematic [. . .] I experience more lows
than what statistically is healthy.”

Avoid health complications Fear of health
complications/comorbidities

3(20) “…That stuff has got to change and why has
it got to change, because now, I have
bleeds in the back of my eyes and I have
a heart issue.”

Maintain health for family Desire to stay in good health for
the sake of one’s family

2(13) “I have a responsibility first to myself and
then to my loved ones to be sure that I’m
taking as good a care of my diabetes as I can.”

Achieve blood
glucose targets

Desire to maintain target A1c
levels or other blood glucose targets

2(13) “My goal is 140, I think that’s my target goal.”
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support network in his diabetes self-management. Partici-
pantsmentioned the importance of continual adjustment and
monitoring of BG to make self-management decisions. There
werevariations in thetypeof SMBsused toaccount for ameal’s
fat content, including: bolus beforemeal, use of square or dual
wave bolus, monitor BG, and increase a temporary basal rate.
Five of the twelve participantswho indicated drinking alcohol
mentioned various SMBs, including bolusing based on carbo-
hydrate content of the drink, pairing drinks with food, and
eating after drinking to avoid lows. Participants also men-
tionedmanipulating theCGMand thepumptoachievedesired
results, including getting more insulin (670G users).27

With respect to future SMBsand plans (►Table 5) discussed
during the interview, there was in general a lack of knowledge
on how to account for fat content and compensate for it by
changing the bolus waveform. Eleven participants indicated a
desire to consider the fat content of food and consider use of an
extended wave bolus. With respect to exercise compensation

techniques, there was variation between participants, includ-
ing: changing the timing of the exercise to 2 hours after ameal,
eating before exercising, setting up a lower temporal basal or
suspending the pump during exercise. Eleven participants
statedtheywantedto improveexercisecompensation. In terms
of trend arrows direction, most participants acknowledged
lack of knowledge and the need to incorporate that new SMB
technique. Only one of the seven participants who indicated
consuming alcohol mentioned planning to change alcohol
compensation SMBs.

Discussion

By combining self-tracked exercise, meal, and alcohol events
withdata fromdiabetes technologyanddeveloping temporally
sensitive SMB phenotyping algorithms, we were able to
expand upon the typical SMBs analyzed in other adherence
studies.5,9,10 Phenotyping behaviors within 30minutes of

Table 4 Current practices, self-management behaviors, and compensation techniques (n¼ 15)

Theme Definition n(%) Quote

Rely on pump, CGM,
bolus wizard

Trust on technology, i.e., confidence in
pump bolus wizard.

13(87) “Whatever the pump is telling me to do is
what I do”

Self-management
techniques
for exercise

Comments on self-management
techniques used for exercise.

12(80) “I check my continuous monitor and if I
know that I’m expending more energy
going up hills or you know working harder
or going faster, I’ll go ahead and lower my
temporary basal.”

Consider trend arrow
directions when bolusing

Comments on use of trend arrows (i.e., if
participants look at trend arrows or allow
trend arrows to influence bolusing
decisions).

11(73) “I utilize the arrows to see what my blood
sugar is doing, but not necessarily always
make treatment decisions based off the
arrows.”

Assess food volume,
content, and fat

Confidence in judging food contents and
counting grams of carbohydrates or fat.
Use of techniques such as weighing food or
reading labels. Mentions of habits used to
assist in assessing food content.

10(67) “I weigh everything I eat. I mean if I eat a
few chips, I put them on a plate on scales
and I weight out how many grams.”

Rely on support network Ability to rely on family, friends, clinicians,
etc. to check up on the participant, watch
for blood glucose lows, or help with
management. Also includes participation
in support groups or other educational
events for patients with type 1 diabetes.

8(53) “I let her [family member] know that I
arrived, text her. I let her know that I’m
leaving to go someplace and I’m coming
back”

Continual adjustment
and monitoring

Continually monitoring blood glucose
levels and adjusting depending on
real-time feedback of blood glucose levels.

8(53) “It’s a trial and error thing.”

Self-management
techniques
for fat content

Comments on self-management techni-
ques used for meals/meals with high fat
content.

8(53) “I typically tend to bolus in a dual wave or
just, I monitor my blood sugar so that I
know kind of when that fat hits my system,
then it’s time to get some more insulin.”

Self-management
techniques for alcohol

Comments on self-management techni-
ques used when drinking alcohol.

5(33) “…if I have a beer or something then I’ll
look it up and see howmany carbs it is, and
usually I have bolus for twice the amount.”

Manipulate technology to
achieve desired results

Workarounds used to make technological
tools function as desired; for example,
entering a falsely high number of
carbohydrates that are not actually being
consumed tomake pump give larger bolus.

4(27) “…you exaggerate carbs to get more
insulin.”

Abbreviation: CGM, continuous glucose monitor.
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events of interest (Alc30, Exer30, and Meal30) along with
examples of meals and alcohol (AlcExmp and MealExmp) are
novel in that they previously had not been assessed with
objective means or their analyses were not feasible with
establishedmethods. Additionally, interactions with the insu-
lin pump (ChgW and Bol10) and hypoglycemia (HypoFreq)
were presented in a different fashion thanwhat is typical for a
vendor report.

The outcomes from the SMB analysis demonstrated vari-
ability of SMBs across the cohort, which is consistent with
studies that have evaluated SMBs in youth and children with
T1DM using CSII.10,28 Our previous work in T1DM patients on
CSII therapy using both data froma survey in conjunctionwith
self-tracked data collection using a mHealth app indicated a
high intra- and interpatient variability of SMBs.19,20,22,24

Findings on variability of SMBs from the phenotyping
algorithms used were discussed in follow-up personalized
interventions. Our interviews asked about SMBs and practices
discovered in the created SMB reports to manage diabetes
when eating, drinking alcohol, and exercising. During the
interview,participantsprovided rationalebehind thosebehav-
iorsandwereable to identifySMBs that theywere interested in
changing/improving. Accordant with previous studies, there
were considerable variations in SMBs chosen by participants
to compensate for alcohol and exercise.5,19,20

During the personalized educational interventions, partic-
ipants indicated interest in changing and/or improving SMBs
related to fat content of meals. Participant-generated data
showed either avoidance of changing the insulin bolus wave-
form from normal to dual/square, or doing so regularly. The
dual/square waveform delivery function was well received by
participants who warranted the discussion due to identifica-
tion of consumption of high fat meals. However, due to the
closed-loop system of the MiniMed 670G insulin pump, extra
steps are required to change the bolus waveform, thus making
this strategy device and behavior specific. These findings all
reinforce the need formaking temporal, behavioral, and device

information available to health providers, as it may prompt
them to refer to patient-specific diabetes self-management
education or otherwise counsel them about personalized
optimal strategies.

Consistent with previous studies, our research identified
common barriers to obtaining desirable glycemic control
that can inform development of effective interventions.29–33

New self-management barriers that emerged from our inter-
views included the perception of the individual as a medical
outlier for which diabetes self-management rules do not
always apply. Also, individuals mentioned their personal
limitations including barriers to healthy living habits and
unpredictable variations. Despite being aware of recom-
mended SMBs, individuals admitted that they can forget to
comply on busy days due to the inconvenience of diabetes
demands.32,33

Concordantwithwhatwas reported instudybyGrandoet al
andPattonet al,27,32diabetes technologywasdiscussed inboth
positive and negative manner. Distrust with technology and
dissatisfaction with available tools was identified as a barrier.
Despite the progression of technology over the years, multiple
participants perceived technology as a considerable hindrance
to improving glycemic control. Labor and time-intensive man-
ualworkarounds to achieve desirable BG levelsweredescribed.
Diabetes technology as a reliable and useful self-management
tool was also discussed. Participants expressed satisfaction
with new technologies, including CSII and CGM.

Our study focused directly on SMBs and their temporal
relatedness to lifestyle preferences that may require adapta-
tions and were not analyzed for their effects on glycemic
control. One of the limitations of this pilot study was the
restriction to one CSII device manufacturer and the required
use of CGMS. While companies like Glooko and Tidepool
provide an environment for integrating data from multiple
devices, at the time we began our study, neither platform
provided support for the Medtronic 670G.34,35 Device restric-
tion simplified the data collection, collation, and analysis and

Table 5 Future behavior change plans (n¼ 15)

Theme Definition n(%) Quote

Fat content and
insulin dosing

Better estimate meal’s fat content when
compensating for meals and if needed
change insulin waveform to square or dual.

11(73) “…Pay attention to how much fat is in my
food and adjust my dual wave based on that.
Because I’ve just started kind of dabbling in
that more and I think that that’s something
that I can improve upon to help prevent
hyperglycemia.”

Exercise
compensation

Compensate for exercise (check BG, consume
carbs, and/or deliver insulin, stop or change
basal setting) within 30 min.

11(73) “How I’m adjusting my insulin based off of
exercise is something that I’m going to
actively try to improve.”

Trend arrow
direction

Consider trend arrow direction when
blousing.

8(53) “I think watching the trend arrows then trying
to account for that with the insulin that I gave
myself is probably a big one.”

Alcohol
compensation

Compensate for alcohol (check BG, consume
carbs, and/or deliver insulin) within 30 min.

1(7) “When I actually have an alcoholic beverage
regardless of what it is [. . .] I really need to
pay attention to that. And not just during but
before and several hours after.”

Abbreviation: BG, blood glucose.
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provided a more complete dataset to understand behaviors.
SMB phenotyping algorithms and infrastructure for assimilat-
ing data from various diabetes devices will need to be longitu-
dinallymaintainedas diabetes technology continues to evolve,
thereby creating a moving target for investigators and health
providers.

Our cohort came from a single center, hadwell-controlled
diabetes, and was not demographically diverse, which limits
the generalizability of the specific behavioral findings. How-
ever, the informatics approach to obtaining and presenting
this information remains pertinent and applicable to all
settings and populations using such devices.

Additionally, while portions of the data analysis and
report building were done manually, we anticipate more
automation in the future. The next version of the iDECIDE
mHealth app includes integration with Apple’s HealthKit
framework, which has the ability to connect with MyChart
(patient portal of the most commonly used electronic health
record system in the United States), in near real-time.36,37 In
addition, behavioral interventions will be delivered over
longer periods of time, with multiple educator visits.

The proposed behavioral reports were evaluated by the
same research team that was involved in their design.
Further evaluation is needed from health providers outside
the research team. On other hand, the interviews provided
valuable insights into the unique challenges that people
living with T1DM face every day and helped to identify
knowledge gaps and potential opportunities for positive
behavior change.

While patients with chronic illnesses aremotivated to use
temporal health information from personal data sources to
identify trends and optimal timing for interventions,38 they
may also feel that self-tracking is burdensome,39 and
mHealth interventions may not keep patients engaged in
the long term.40 At this stage of research, our vision for the
self-trackingmodule of the iDECIDE app does not entail long-
term use by patients in clinical settings, but rather we
envision it being used for short periods of time (e.g., 3–4
weeks) during clinical studies or in clinical settings to gather
data for measuring baseline or changes of SMBs by populat-
ing the proposed SMB report template.

Despite its limitations, we believe that the preliminary
findings of this research could help to guide the future
design, development, and execution of data-driven person-
alized diabetes education protocols and tools for patients on
insulin pump therapy.

Conclusion

Optimal diabetes care is predicated on obtaining, interpreting,
and incorporating disease-management information into
real-time clinical decision making. We developed temporally
sensitive algorithms to automatically execute and examine
patient-provided information recorded with a mHealth app
and objective data obtained from CSII and CGMS. Using this
approach,wewereable to capturea snapshotofan individual’s
self-care profile and identify key SMBs and describe themon a
sufficiently granular level to inform clinical inference and

decision making. We also conducted a thematic analysis of
the data-driven educational intervention delivered bya diabe-
tes educator to the participants and identified various themes
related to SMBs. Both qualitative and quantitative information
demonstrated variability of SMBs across the cohort and
thematic analysis of interventions revealed rationale behind
the behaviors.

This study describes the first stages of our work and
lessons learned to guide the future development of person-
alized diabetes education protocols and tools. There are
plans to further refine the reports and the personalized
educational interventions for a larger patient sample.

Clinical Relevance Statement

Temporally sensitive phenotyping algorithms can be used to
populate personalized self-management behavioral reports
intended for health providers. Health providers can share the
personalized report with patients to guide a data-driven edu-
cational intervention and support shared-decision making.
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