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OBJECTIVE

Insulin dosing in type 1 diabetes (T1D) is oftentimes complicated by fluctuating
insulin requirements driven by metabolic and psychobehavioral factors impacting
individuals’ insulin sensitivity (IS). In this context, smart bolus calculators that
automatically tailor prandial insulin dosing to the metabolic state of a person can
improve glucose management in T1D.

RESEARCH DESIGN AND METHODS

Fifteen adults with T1D using continuous glucose monitors (CGMs) and insulin
pumps completed two 24-h admissions in a hotel setting. During the admissions,
participants engaged in an early afternoon 45-min aerobic exercise session, after
which they received a standardized dinner meal. The dinner bolus was computed
using a standard bolus calculator or smart bolus calculator informed by real-time IS
estimates. Glucose control was assessed in the 4 h following dinner using CGMs and
was compared between the two admissions.

RESULTS

The IS-informed bolus calculator allowed for a reduction in postprandial hypo-
glycemia as quantified by the low blood glucose index (2.02 vs. 3.31, P5 0.006) and
percent time <70 mg/dL (8.48% vs. 15.18%, P 5 0.049), without increasing hyper-
glycemia (high blood glucose index: 3.13 vs. 2.09, P5 0.075; percent time>180mg/dL:
13.24% vs. 10.42%, P5 0.5; percent time >250mg/dL: 2.08% vs. 1.19%, P5 0.317). In
addition, the number of hypoglycemia rescue treatments was reduced from 12 to 7
with the use of the system.

CONCLUSIONS

The study shows that the proposed IS-informed bolus calculator is safe and feasible
in adults with T1D, appropriately reducing postprandial hypoglycemia following an
exercise-induced IS increase.
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In type 1 diabetes (T1D), insulin therapy
based on multiple daily insulin injections
or continuous subcutaneous insulin in-
fusion allows compensation of the prac-
tically absent internal insulin secretion
that follows from the autoimmune de-
struction of pancreatic b-cells (1). As a
consequence, the quality of glycemic con-
trol in T1D is heavily dependent onmultiple
daily treatment decisions by the patients
that account for a wide variety of factors
influencing insulin demand (2). In this
context, despite the improving accuracy
of glucose monitoring devices (3,4) and
the growing development of decision
support systems (5,6), suboptimal in-
sulin replacement remains common in
T1D, leading to excess mortality and
complication rates that are still signif-
icantly higher when compared with the
general population (7,8).
The main mediator of time-varying in-

sulin requirements in individuals with T1D
is insulin sensitivity (IS), a metabolic pa-
rameter quantifying the ability of insulin to
stimulate glucose uptake and inhibit en-
dogenous glucose production (9–11).
Systematic intraday variations of IS are
typically handled through optimal tuning
of basal rate, insulin-to-carbohydrate ra-
tio (CR), and correction factor (CF) profiles
(5,12–17). However, superimposed ISfluc-
tuations driven by acute, nonsystematic
events happen frequently and further
complicate insulin dosing (18–20). Among
the main triggers of altered IS, physical
activity has been shown to influence in-
sulin requirements for several hours past
the conclusion of the exercise effort,
remaining a major challenge for indi-
viduals with T1D and oftentimes leading
to imperfect insulin replacement, wors-
enedquality of glycemic control, andhigher
glucose variability (21–27).
In the attempt to tailor insulin doses to

the time-varying metabolic needs of in-
dividuals with T1D, “smart” bolus calcu-
latorshavebeendeveloped that leverage
continuous glucosemonitor (CGM) trend
information (28,29), machine-learning
algorithms to predict the postprandial
glycemic excursion (30), and model-based
assessments of a person’s IS (31–34). The
latter effort typically requires physiological
models of glucose-insulin dynamics and
parameter/stateestimation techniques for
the quantitative assessment of IS from
CGM and insulin pump data. Schiavon
et al. (31) proposed an algebraic formula
that allows for the estimation of IS in

individuals with T1D wearing a sensor-
augmented insulin pump in response to a
singlemeal under carefully controlled con-
ditions. The method was used by Dassau
et al. (32) to optimize basal rate and CR
open-loop settings before initializing
closed-loop control in individuals with
T1D. Boiroux et al. (33) presented a tech-
nique that continuously tracks postpran-
dial glucose dynamics and IS, and was
used for adaptive basal-bolus calculation
leveraging in silico data. In otherwork (34),
weproposed theuseof a technique for the
real-time (RT) tracking of IS from CGMand
insulin pump data in the framework of
smart prandial insulin dosing. The algo-
rithm relies on parameter identification
techniquestomodelspecificmealdynamics
and a Kalman filter–based state estima-
tion to track IS over thehorizonof interest,
and it showed promising results when
used in simulation to modulate insulin
boluses in the presence of increased/
decreased IS levels (34).

In this work, we present the results
obtained from the first clinical deploy-
ment of the IS tracking method combined
with the IS-informed bolus calculator (34),
in the control of one dinner meal follow-
ing an early afternoon aerobic exercise
session in 15 adults with T1D at the
University of Virginia (UVA). Physical ac-
tivity is a known trigger of heightened IS
both during and following the exercise
bout (21); therefore, we hypothesized
that the proposed smart bolus calculator
used in the hours after an aerobic exer-
cise session could track a state of in-
creased IS and correct the insulin dose
accordingly, allowing mitigation of the
occurrenceofpostprandialhypoglycemia
and providing protection against low blood
glucose levels.

RESEARCH DESIGN AND METHODS

The IS-informed bolus calculator was
tested in a single-site, randomized, cross-
over clinical trial at UVA (ClinicalTrials.gov,
no. NCT03709108) designed to compare
thesystemtostandardbolus therapy in the
control of large and sustained IS fluctua-
tions. Upon research protocol approval by
the UVA institutional review board, study
subjects (18–65 years old) were recruited
by phone and advertisement. Inclusion
criteria included diagnosis of T1D (.1
year), use of an insulin pump (.1 year)
and CGM (.6 months), and hemoglobin
A1c (HbA1c) levels,8.5% at screening to
ensure treatment compliance. Exclusion

criteria included recent history of severe
hypoglycemia or diabetes ketoacidosis
(within the last 6 months), pregnancy,
and conditions incompatible with the
practice of physical activity and aerobic
exercise. After signing informed con-
sent, subjects participated in a 4-week
at-home data collection, during which
they were asked to consistently use CGM
and insulin pump, and to enter all con-
sumed carbohydrates into their pump or
dedicated smartphone app. At the end of
data collection, subjects participated in
two 24-h admissions in semicontrolled
conditions at a local hotel. The admis-
sions started around 9:00 A.M.; around
12:00 P.M., a standardized lunchmeal was
provided to the study participants, who
were then accompanied to a local gym
around2:00 P.M. toengage intoanaerobic
exercise session starting at 2:30 P.M. (three
consecutive 15-min bouts of static bicycle
separated by 5-min resting periods). Upon
completion of the exercise session, sub-
jects were accompanied back to the hotel
and asked to perform quiet activities until
dinner. Around 7:00 P.M., a standardized
dinner meal was provided. In the control
admission, the dinner insulin dose was
computed using the participants’ stan-
dard bolus calculator, while in the exper-
imental admission, the IS-informed bolus
calculator was deployed. After dinner,
study participants were asked to remain
quiet and retire to their room around
10:00 P.M. The following morning, sub-
jects were discharged around 9:00 A.M.,
after being offered breakfast without di-
etary restrictions. During the admissions,
all standardized meals were provided by a
local chain restaurant and were designed
tocontain;0.75–0.85g/kgofbodyweight
of carbohydrates and 0.2–0.3 g/kg of body
weight of protein and fat. No caffeinated
beverages were allowed during the admis-
sions. The goal of the exercise session was
to create a state of immediate and delayed
heightened IS (21). The order of the two
admissions was randomized at the be-
ginning of the study and they were
scheduled to be at least 48-h apart to
ensure proper washout of the effect of
exercise. In line with this, subjects were
instructed to avoid physical activity and
alcohol consumption in the 48 h before
each admission.

IS-Informed Bolus Calculator
The IS tracking algorithm used in the study
was introduced by Fabris et al. (34) and is
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outlined in the Supplementary Data. The
algorithmdefines a new IS index (SI) that is
dynamically estimated using CGM data,
insulin pump records, and a model of
glucose-insulin dynamics embedded into
an optimally tuned Kalman filter. Relying
on this algorithm, the proposed smart insulin
bolus is computedbymodulatingastandard
bolus with the ratio of usual IS estimated
fromhistorical data andanRT IS assessment
computed on-demand at the time of the
bolus administration. Specifically, in the
study, by running the IS tracking algorithm
on the CGM and insulin records gathered
during the 4-week data collection, a 24-h
median IS profile was built for each study
participant that was considered to be
representative of his/her usual intraday
pattern of sensitivity to insulin action. The
profile embeds IS fluctuations driven by
circadian rhythms and systematic behav-
ioral habits, and it is assumed to be
compensated for by individual insulin treat-
ment parameters routinely optimized by
treating physicians. After computing the
IS profile, indicating with B the standard
bolus, the IS-informed insulin dose (BIS) is
calculated in RT as

B5
CHO

CR
1
BG - BGTGT

CF
- IOBBOL

BIS5
ISPRF
ISRT

�
CHO

CR
1
BG - BGTGT

CF

�

1 IOBBAS

�
ISPRF
ISRT

- 1

�
- IOBBOL

where CHO is the amount of meal carbo-
hydrates, BG is the prevailing CGM value,
BGTGT is the glycemic target, IOBBOL/BAS is
insulinonboard(IOB)frombolus (BOL)and
basal (BAS) injections, and ISRT/ISPRF are
the IS index estimates SRTI =SPRFI from
the IS tracking algorithm, computed in
RT and drawn from the profile at a com-
parable time of day, respectively. On the
basis of the design of the IS-informed
bolus calculator, the system captures IS
deviationswith respect to the profile and
administers a larger/smaller insulin dose
if an IS level lower/higher than usual is
detected. Of note, if the RT IS estimate
equals the estimate from the profile, then
BIS naturally converges to B.

Devices/Systems
Subjects were instructed to wear a study
providedCGMsystem(DexcomG6;Dexcom,
San Diego, CA) and their personal in-
sulin pump during the entire duration
of the trial (data collection and hotel

admissions). If deemed necessary by the
study team, subjects were asked to insert
a new sensor up to 48 h before each ad-
mission. No CGM calibration was required,
in accordance with the glucose sensor
manufacturer’s guidelines. During the ho-
tel admissions, all subjects used the Di-
abetes Assistant (DiAs)mobile platform, a
smartphone-based infrastructure devel-
oped at UVA for the implementation and
clinical testing of closed-loop and open-
loop glucose management strategies
(35–37). At the beginning of both admis-
sions, each participant’s CGM system was
connected to aDiAsdevice,which reported
data back to the UVA remote monitoring
system (DiAs Web Monitoring) for super-
vision by the study team. Study participants
were asked to use DiAs for the computation
of the lunch anddinner bolus during both
admissions. In the control admission, DiAs
implemented a standard bolus calculator
based on the participants’ usual insulin
treatment parameters, a 110 mg/dL gly-
cemic target, and a 4-h IOB curve for both
meals. In the experimental admission,
DiAs was programmed to implement the
standard bolus calculator at lunch and
the IS-informed bolus calculator at din-
ner, using the same settings for CR, CF,
glycemic target, and IOB as the control
admission. After calculating the suggested
bolus amount in DiAs, subjects were asked
to administer the indicated insulin dose
throughtheirpersonal insulinpump.When
the IS-informed bolus calculator was being
used, safety was guaranteed by saturating
the bolus modulation to 630% of the
standard insulin dose and requiring study
physician approval before communicat-
ing the insulin amount to the subjects.

Remote Monitoring and Safety
Protocols
During the hotel admissions, participants
were remotely monitored by the study
team using the DiAs Web Monitoring
system (37). The study team intervened if
1) CGMvalueswere,80mg/dLduring the
exercise session or ,60 mg/dL any other
time and2) CGMvalueswere.300mg/dL
for at least 1 h or.400mg/dL at any time.
The first condition triggered the prompt
administration of ;15 g of fast-acting
rescue carbohydrates; after receiving a
first hypoglycemia treatment, CGM rise
was closely monitored by the study
team, and the administration of an addi-
tional 15 g was considered if the CGM
was still ,80 mg/dL after 20 min. If the

second condition occurred, correction
boluses deemed appropriate by the study
physician were administered to the study
participants, and the concentration of
blood ketones was checked. Loss of remote
monitoring or CGM disconnection also
triggered study team interventions. Loss
of remote monitoring for .2 h was a
stopping criterion.

Glycemic Outcomes and Statistical
Analyses
All glycemic outcomes were computed
based on CGM records. The primary out-
come was exposure to hypoglycemia in
the 4 h following dinner, as measured by
postprandial low blood glucose index
(LBGI) (38). Secondary outcomes included
postprandial high blood glucose index
(HBGI) (39) and percent time in hy-
poglycemia ,70 mg/dL, in range 70–
180 mg/dL, and in hyperglycemia .180
mg/dL and.250 mg/dL. In addition, the
total number of hypoglycemia rescue
treatments administered to the study
participants in the 4 h following dinner
was compared between the admissions.

As a safety and feasibility study, no
power analysis was computed for the
design of the clinical trial. The desired
enrollment was 15, which is in line with
previous sample sizes used in our pilot
clinical trials. Paired t tests or nonpara-
metric Wilcoxon signed-rank tests were
used to compare the control and exper-
imental admission in terms of glycemic
outcomes in the case of normally or non-
normally distributed samples, respectively
(Shapiro-Wilk test). The significance level
was set at a P value ,0.05. Data are
reported as mean 6 SD. Data format-
ting/preparation and computation of the
IS profile were executed inMatlab R2019a
(MathWorks), and all statistical analyses
were computed in SPSS Statistics 26 (IBM).

RESULTS

Fifteen adults with T1D completed the
study.Oneparticipantwas not compliant
with the study procedures during the
hotel admissions and was therefore ex-
cluded from the analysis. The remaining
14 subjects were predominantly males
(four females), experienced pump users,
and, on average, well controlled with an
HbA1cof6.960.9%.Complete character-
istics of the study participants are outlined
in Table 1.

Personal insulin pumps used in the
study included a variety of Medtronic
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pumps (670G, 530G, Paradigm; N 5 6),
the Insulet Omnipod (N 5 5), and the
Tandem t:slim 32 (N 5 3).
We recorded eight adverse events (AEs)

during the study. Five AEs were deemed
unrelated to the subjects’ participation in
the clinical trial: 1) diagnosis of torticollis
uponemergency roomvisit after discharge
fromhotel admission;2) twoevents ofmild
fever immediately prior to and after dis-
charge fromhotel admission; 3) sustained
hyperglycemiawith elevated blood ketone
concentration following dinner during
hotel admission (see below); and 4) signif-
icant hypoglycemic event after discharge
from hotel admission. Three AEs were
deemed related to the study: 1) bruising
at theglucose sensor insertion siteduring
data collection; and 2) two instances of
headache possibly because of caffeine
withdrawal during hotel admission.

Because of unexpected events that al-
tered the consistency of the data being
collected, two participants were asked to
repeat one hotel admission for the follow-
ing reasons: 1) at the second admission,
nonavailability of the standardized meals
consumed during the first admission; and
2) sustained exposure to hyperglycemia
following the dinner bolus (more than
1 h .300 mg/dL) that did not resolve
despite the administration of an insulin
correction dose, whichwas possibly driven
byaconditionofpsychological stressof the
subject due upcoming work-related com-
mitments or insulin infusion site malfunc-
tion (unrelated AE number 3).

Overall, the IS tracking algorithm con-
sistently detected a state of increased IS
in the hours following the exercise ses-
sion and preceding the dinner meal (IS
increase at dinnertime: 30.47 6 0.31%,

P 5 0.0002) (Fig. 1), and it allowed for
substantial mitigation of the occurrence
of postprandial hypoglycemia (Fig. 2).

A summary of glycemic outcomes is
presented in Table 2 and Fig. 3. As com-
pared with standard therapy, the use
of the IS-informed bolus calculator signif-
icantly reduced postprandial LBGI (2.026
2.63 vs. 3.31 6 2.45, P 5 0.006) and
percent time ,70 mg/dL (8.48 6 11.88%
vs. 15.18 6 12.21%, P 5 0.049), with a
trend of increased HBGI (3.13 6 4.42 vs.
2.096 3.48, P5 0.075), and no change in
percent time .180 mg/dL (13.24 6
24.45% vs. 10.42 6 22.27%, P 5 0.5)
and .250 mg/dL (2.08 6 5.36% vs.
1.19 6 4.45%, P 5 0.317). No significant
increase in terms of time in 70–180mg/dL
was achieved with the use of the system
(78.276 26.39% vs. 74.416 20.97%, P5
0.469). However, the total number of
hypoglycemia rescue treatments needed
by the study participants was decreased
from 12 to 7 when the IS-informed bolus
calculator was deployed, even though this
difference was not significant (P5 0.238).

No difference in terms of blood glu-
cose levels at dinnertime was detected
between the admissions (control versus
experimental: 91.296 49mg/dL vs. 90.646
41.09 mg/dL, P 5 0.925) (Fig. 4).

CONCLUSIONS

Suboptimal insulin dosing in T1D is at the
root of individuals’ inability to reduce
glucose variability and achieve good gly-
cemic control, therefore representing a
source of long-term diabetes complica-
tions. Periodical review of glycemic pro-
files, computed manually by treating
physicians or automatically through learn-
ing methods and ad hoc algorithms
(5,12–17), allows for the optimization of
insulin treatment parameters to account
for systematic intraday IS patterns. How-
ever, insulin requirements inT1Darehighly
variable and impacted by several physio-
logical and psychobehavioral factors af-
fecting IS (18–20). Among these, physical
activity remains a major challenge for
individuals with T1D (22–27), with aer-
obic exercise having a delayed impact on
individuals’ sensitivity to insulin action
lasting for several hours past the con-
clusion of the activity bout (21).

In this work, we presented the first
clinical validation of an IS tracking algo-
rithm and IS-informed bolus calculator in
15 adults with T1D, in semicontrolled
conditions, using CGM data and insulin

Table 1—Demographic, biometric, and diabetes history characteristics of study
participants

Mean 6 SD Minimum Maximum

Age (years) 44.4 6 12.7 22 58

Weight (kg) 93.8 6 19.1 61 140.3

Height (cm) 174.6 6 10.9 157 190.5

HbA1c (%) 6.9 6 0.9 4.6 8.3

T1D duration (years) 25.9 6 13.4 5 43

Pump therapy duration (years) 12.1 6 7.6 1 26

Figure 1—IS levels estimated on-demand at dinnertime during the experimental admission
(ISRT; horizontal line pattern) and from the individual profiles at a comparable time of day
(ISPRF; vertical line pattern).
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pump records to estimate IS in RT (34).
The smart bolus calculator was used to
control glycemia during a dinner meal
following an early afternoon aerobic
exercise session designed to increase
IS. The IS tracking algorithm informing
the bolus calculation detected a 31%
exercise-induced IS increase at the time of
dinner. The corresponding bolus modula-
tion allowed to significantly reduce post-
prandial exposure to hypoglycemia [as
measured by LBGI (38) and percent
time ,70 mg/dL] with a nonsignificant
shift toward increased HBGI (39), per-
cent time .180 mg/dL, and percent
time .250 mg/dL. The comparison of
postprandial control was particularly
robust because of the comparable blood
glucose levels at dinnertime achieved in
the two sets of admissions. In addition,

the need for hypoglycemia rescue treat-
ments in the hours following dinner was
almost halved when the IS-informed sys-
tem was used.

In the literature, smart bolus calcula-
tors informed by CGM trends ormachine
learning algorithms have been proposed
and validated (28–30). Cappon et al. (29)
compared the in-silico performance of
three popular techniques for insulin bo-
lus calculation that account for the dy-
namic information provided by glucose
rate of change. On the basis of slightly
different rules, the three methods in-
crease the insulin dose in the presence of
rising glucose, while they decrease the
dose if glucose is falling. In the presence
of a negative rate of change (i.e., falling
glucose), for a preprandial blood glucose
between 80 and 100 mg/dL (comparable

towhatwasobserved inour study), Cappon
et al. showed that the average ratio
between postprandial LBGI obtained with
the use of the smart systems and post-
prandial LBGI obtainedwith standard bolus
calculators ranges between 0.76 and 0.87
(depending on the actual glucose rate of
change and the specific algorithm used). If
the same analysis is applied to our data, the
averagepostprandial LBGI ratioweobtain is
0.54. Despite cautiousness being necessary
in comparing the two studies as Cappon
et al. were presenting in-silico results and
their postprandial horizon was longer than
ours, these results suggest that the IS-
informed system can achieve better per-
formance than bolus calculators informed
byglucose rateof change. Furthermore, the
IS-modulated calculation is more flexible in
that the insulin dose is adjusted based on

Figure 2—Glycemic control as represented by mean (solid and dotted lines) and interquartile range (gray envelopes) of CGM values during the two
24-h hotel admissions (control: dotted line and light gray; experimental: solid line and dark gray).

Table 2—Summary of glycemic outcomes

Control admission Experimental admission
95% CI for mean difference

(Experimental-Control) P valueMean Median Mean Median

LBGI 3.31 6 2.45 2.86 (1.24, 4.88) 2.02 6 2.63 1.16 (0.08, 3.36) 21.29 (22.21, 20.38) 0.006*

HBGI 2.09 6 3.48 0.23 (0, 2.67) 3.13 6 4.42 1.06 (0.45, 3.97) 1.05 (20.85, 2.95) 0.075†

Percent time
,70 mg/dL 15.18 6 12.21 14.58 (3.13, 27.08) 8.48 6 11.88 8.33 (0, 10.94) 26.7 (213.29, 20.11) 0.049*

Percent time in
70–180 mg/dL 74.41 6 20.97 76.04 (63.54, 94.27) 78.27 6 26.39 89.58 (57.29, 95.31) 3.87 (212.49, 20.23) 0.469

Percent time
.180 mg/dL 10.42 6 22.27 0 (0, 7.29) 13.24 6 24.45 0 (0, 13.54) 2.83 (212.46, 18.11) 0.5

Percent time
.250 mg/dL 1.19 6 4.45 0 (0, 0) 2.08 6 5.36 0 (0, 0) 0.89 (21.04, 2.82) 0.317

Data are mean6 SD and median (interquartile range) for both admissions and all considered glycemic outcomes. *Statistically significant difference
(P , 0.05). †Trend (0.05 # P , 0.1).
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the evaluation ofmetabolic features also
in the absence of obvious CGM trends.
As a pilot clinical trial, the study pre-

sented here had several limitations. These
included the relatively small number of
studyparticipantsandthehighlycontrolled
conditions in which the technology was
tested. In addition, on the basis of its

definition, the IS-informed bolus calcu-
lator relies on optimally tuned insulin
therapy parameters that ensure adequate
postprandial glycemic control in the ab-
sence of deviations with respect to the
profile.While itwasnotdoneaspart of this
study, the benefit of using the IS-informed
bolus calculator may be maximized by

combining it with an algorithm for CR/CF/
basal rate optimization.

Conclusion
In conclusion, results from this random-
ized, crossover pilot clinical trial showed
that the IS-informed bolus calculator
developed at UVA is safe and feasible
in a group of 15 adults with T1D exposed
to triggers of large and sustained IS
fluctuations in a semicontrolled envi-
ronment. The system was able to capture
acute IS changes and showed improved
protection against hypoglycemia following
amoderate-intensity aerobic exercise ses-
sion. These results suggest that the use
of a smart bolus calculator informed by
RT IS assessments may benefit prandial
insulin dosing by following the time-
varying metabolic needs of individuals
with T1D.

Future work will be directed toward
extending the testing of the IS-informed
bolus calculator over several days of use
in the presence of repeated triggers of IS
fluctuations in semicontrolled conditions
and over several weeks of unsupervised
home use. Outcomes from these clinical
studies, which will involve both adoles-
cents and adultswith T1D,will determine
the generalizability of the results pre-
sented in this manuscript and will pos-
sibly validate the effectiveness of our
smart bolus calculator over standard
therapy in the improvement of glucose
control and reduction of glucose vari-
ability in individuals with T1D.
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