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Abstract
Background: Managing glucose levels during exercise is challenging for individuals with type 1 diabetes (T1D) since multiple 
factors including activity type, duration, intensity and other factors must be considered. Current decision support tools lack 
personalized recommendations and fail to distinguish between aerobic and resistance exercise. We propose an exercise-
aware decision support system (exDSS) that uses digital twins to deliver personalized recommendations to help people with 
T1D maintain safe glucose levels (70-180 mg/dL) and avoid low glucose (<70 mg/dL) during and after exercise.

Methods: We evaluated exDSS using various exercise and meal scenarios recorded from a large, free-living study of aerobic 
and resistance exercise. The model inputs were heart rate, insulin, and meal data. Glucose responses were simulated during 
and after 30-minute exercise sessions (676 aerobic, 631 resistance) from 247 participants. Glucose outcomes were compared 
when participants followed exDSS recommendations, clinical guidelines, or did not modify behavior (no intervention).

Results: exDSS significantly improved mean time in range for aerobic (80.2% to 92.3%, P < .0001) and resistance (72.3% 
to 87.3%, P < .0001) exercises compared with no intervention, and versus clinical guidelines (aerobic: 82.2%, P < .0001; 
resistance: 80.3%, P < .0001). exDSS reduced time spent in low glucose for both exercise types compared with no 
intervention (aerobic: 15.1% to 5.1%, P < .0001; resistance: 18.2% to 6.6%, P < .0001) and was comparable with following 
clinical guidelines (aerobic: 4.5%, resistance: 8.1%, P = N.S.).

Conclusions: The exDSS tool significantly improved glucose outcomes during and after exercise versus following clinical 
guidelines and no intervention providing motivation for clinical evaluation of the exDSS system.
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Introduction

Type 1 diabetes (T1D) is characterized by the autoimmune 
destruction of pancreatic beta cells, resulting in a lack of 
endogenous insulin production.1 People with T1D must dose 
exogenous insulin subcutaneously through multiple daily 
injections (MDI) or by insulin pump.2 Continuous glucose 
monitors (CGMs) help people with T1D monitor their glu-
cose levels in real time and alert users when they reach dan-
gerous levels.3 Physicians and diabetes educators oftentimes 
recommend that their patients adjust their insulin doses based 
on CGM responses to carbohydrate intake and physical 
activity. However, these recommendations are typically pro-
vided once every 3 months. Personalized recommendations 
are typically not provided to patients more often than this. 
Maintaining stable glucose levels can be challenging for 

people with T1D, especially during spontaneous forms of 
physical activity/exercise.4 Regular exercise has been shown 
to improve outcomes in the long term, but it also frequently 
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leads to low glucose (glucose < 70 mg/dL), which causes 
significant acute complications.5,6 It is crucial to develop 
effective strategies for managing glucose levels during exer-
cise for people with T1D.

Managing insulin dosing and carbohydrate intake before, 
during, and after physical activity can present significant 
challenges. Prior studies have demonstrated that individuals 
with T1D often exhibit highly variable responses to different 
forms of exercise.7 For instance, resistance-based exercise 
often elicits a significant increase in catecholamine secre-
tion, leading to a surge in hepatic glucose production.8 The 
increase in hepatic glucose production may overcompensate 
for the increased muscle glucose utilization rate during heavy 
resistance exercise and may cause a rise in blood glucose 
level, particularly if done fasted.9 Conversely, during aerobic 
exercise, the sustained high demand for glucose by periph-
eral tissues can surpass counterregulatory mechanisms, 
resulting in a decrease in blood glucose levels.7 Prolonged 
aerobic exercise oftentimes results in large drops in glucose 
levels and poses increased risk for hypoglycemia.10 Many 
individuals with T1D may avoid exercise due to fear of low 
glucose.11

A decision support tool is a software system that can pro-
vide personalized recommendations to help people with T1D 
manage their glucose levels.12 It can integrate data from 
wearable sensors to provide insulin, carbohydrate, and exer-
cise recommendations throughout the day.13 Although sev-
eral systems have been developed to help people adjust their 
basal insulin, calculate mealtime insulin boluses, or recom-
mend carbohydrates to maintain safe glucose throughout the 
day12,14-17, few tools exist that can provide exercise-specific 
treatment recommendations.18

Clinical guidelines are often used to provide recommen-
dations around exercise in people with T1D.19,20 They com-
prise heuristics, established by experts in the field, that 
provide recommendations before, during, or after anticipated 
exercise by considering basic contextual data like CGM or 
insulin dosing data. A recent example, proposed in Moser 
et al,21 presents recommendations such as consuming carbo-
hydrates, adjusting insulin boluses, delaying exercise, or ter-
minating exercise prematurely based on CGM levels. These 
guidelines are often difficult for patients to follow as they 
can be complicated. Some decision support systems have 
integrated these types of guidelines into smartphone apps to 
make it easier for patients to follow the recommendations.22 
However, clinical-based guidelines may not be suitable for 
all people as they do not account for individual differences in 
insulin sensitivity, diet and exercise responses that can have 
a major impact on glucose levels during and following 
exercise.23

Digital twins are mathematical model representations of 
real-world phenomena. Digital twin-based tools can use per-
sonalized models to provide more individualized and effec-
tive treatment recommendations. Digital twins in diabetes 

can be designed using metabolic simulators which have been 
developed to model glucose dynamics in people with type 1 
diabetes.24-27 These simulators are typically designed using 
ordinary differential equations (ODE) to model how carbo-
hydrates, insulin, and other hormones impact glucose dynam-
ics in metabolism. Some simulators also include impacts of 
exercise on glucose dynamics.27,28 Data-driven digital twins 
have been used in combination with coaching and medica-
tion interventions to help reduce HbA1c in people with type 
2 diabetes.29 In this study, we propose a new exercise deci-
sion support tool framework (exDSS) based on Ordinary 
Differential Equation (ODE) based metabolic twin models.30 
that may be used to provide personalized treatment recom-
mendations prior to either aerobic or resistance exercise. By 
integrating data from CGMs, insulin pumps, meal logs, and 
wrist-mounted heart rate monitors, exDSS is designed to 
provide safe and effective insulin, carbohydrate, and behav-
ioral recommendations prior to exercise to help people with 
T1D exercise more safely and avoid low glucose (<70 mg/
dL). We evaluate whether exDSS can be used to improve 
glucose outcomes in an in slico population of people with 
T1D by reducing time in low glucose during and following 
exercise compared with (1) no intervention and (2) consen-
sus clinical guidelines around exercise.

Methods
In slico study participants were represented by a previously 
validated metabolic model27 and an extension to this model 
that includes the impact of exercise on this metabolic model 
shown in Supplemental Figure 1. In slico study participants 
were given meals and exercise scenarios acquired from a 
large, free-living exercise study from the T1Dexi study data 
set (Supplemental Material 1). Heart rate from the T1Dexi 
study participants was used to represent exercise in the 
in slico study participants using wrist-worn fitness sensors 
(Verily, Mountain View, CA). Each participant from the 
T1Dexi data set was matched to a digital twin from an exer-
cise-enabled version of the OHSU metabolic simulator30 
based on insulin sensitivity and weight at the start of each 
exercise session31 (Supplemental Material 2). It is important 
to match digital twins with real-world T1Dexi study partici-
pants based on insulin sensitivity and weight so that the vir-
tual patients’ glucose dynamics behave as similarly as 
possible to the real-world person. An example of how well 
the digital twins matched the real-world glucose is shown in 
Figure 1. The interventions listed in Supplemental Table 1 
and Figures 2 to 4 were evaluated on the digital twin in the 
time window of 90 minutes before the start of exercise until 
1 hour postexercise (Figure 5). An optimal intervention for 
the digital twin was selected by exDSS based on which inter-
vention minimized the sum of the low blood glucose index 
(LBGI) and the high blood glucose index (HBGI) during and 
following exercise (Supplemental Materials 3-4). The par-
ticipant then followed the optimal recommendation provided 



326	 Journal of Diabetes Science and Technology 18(2)

by exDSS during the exercise session. Participants repeated 
all exercise scenarios under two other arms of the study: (1) 
when participants took no intervention and (2) when partici-
pants took an intervention based on clinical guidelines 
(Supplemental Materials 5). The primary outcome measure 
for this study was the percent time that glucose was below 
range (TBR; glucose <70 mg/dL) during and up to 1 hour 
from the end of aerobic and resistance exercise sessions. 
Secondary outcome measures included the percent time in 
target range (TIR; 70-180 mg/dL), and low blood glucose 
index (LBGI) plus HBGI. We hypothesized that participants 
following recommendations from exDSS would spend less 
TBR compared with when participants (1) did not follow an 
intervention prior to exercise and (2) followed clinical guide-
lines on exercise. The primary and secondary outcome mea-
sures were assessed from the start of exercise to 1 hour after 
the end of exercise. Statistical significance was calculated 
using linear mixed effects modeling, assuming a random 
effect of participant. P-values were adjusted for multiple 
comparisons using the Benjamini-Hochberg procedure.32 In 
the mixed effects linear regression model, exDSS was a 
binary fixed effect parameter (0 = did not use exDSS, 1 = 
used exDSS) while the participant ID was the random effect 
parameter across multiple exercise sessions.

Results

Primary and secondary outcome measures are provided for 
aerobic (Table 1) and resistance exercise (Table 2). Across 
T1Dexi study exercise sessions, exDSS significantly reduced 
TBR compared with the no intervention arm for both aerobic 
(mean 5.1% vs 15.1%, no intervention, P < .0001) and resis-
tance exercise (mean 6.6% vs 18.2% no intervention, P < 
.0001). Following the clinical guidelines resulted in a com-
parable reduction in percent TBR relative to the no interven-
tion arm (4.5%, P < .001), and resistance exercise (8.1%, P 
< .001) and these reductions were not significantly different 
than the exDSS arm.

Participants who followed the exDSS recommendations 
had increased mean percent TIR from 80.2% to 92.3% (P < 
.0001) for aerobic exercise, and from 72.3% to 87.3% (P < 
.0001) for resistance exercise. Participants who followed the 
clinical guidelines also had increased TIR compared with the 
no intervention group for resistance exercise (80.3%, P < 
.0001), but not for aerobic exercise (82.2%, P = N.S.). 
Compared with the no intervention case, participants follow-
ing the clinical guidelines had higher minimum CGM values 
(aerobic: 111 vs 93 mg/dL, P < .0001; resistance 105 vs 94 
mg/dL, P < .0001), maximum CGM (aerobic: 154 vs 134 

Figure 1.  Example of digital twin fit during aerobic exercise (shaded green area on the right). Top panel is CGM during exercise. Blue 
trace is real-world data from a T1Dexi participant; note that hypoglycemia occurred postexercise. Digital twin candidates are light gray 
dashed. Population model is shown by dashed red line. Best twin (black dashed) is the twin most closely matching real-world CGM 
during the 90 minutes following the start of exercise. Bottom green trace shows how heart rate increases during exercise. Carbohydrate 
intake is shown as red X’s with amount of carbohydrates in grams. Insulin infusion rates are shown in purple.
Abbreviations: CGM, continuous glucose monitors; T1Dexi, type 1 diabetes exercise initiative.
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Figure 2.  Moser et al clinical guidelines provide 
recommendations prior to exercise. Clinical guideline 
recommendations are based on CGM values and CGM 
trend arrows.21 CGM trend arrows are represented by small 
gray circles with arrows, while red candy symbols indicate 
recommended carbohydrate intake. The carbohydrate amount is 
specified within each red circle. In the case of an expected CGM 
drop, such as during aerobic exercise, 10 g of carbohydrates may 
be added to the recommendations indicated by “*,” while 15 g 
may be added to the recommendation indicated by “†.” Simulated 
participants may be prompted to either start exercise, or delay 
exercise by 20 minutes. A single recommendation was provided 
via this flowchart 45 minutes before exercise.
Abbreviation: CGM, continuous glucose monitors.

Table 1.  Aerobic Exercise Glucose Outcomes.

No 
intervention
mean (SD)

exDSS
mean (SD)

Clinical 
guidelines21

mean (SD)

% time in low glucose
(CGM < 70 mg/dL)

15.1 (28.9) 5.1 (18.3)**** 4.5 (15.2)****

% time in target 
range

(70 < CGM < 180 
mg/dL)

80.2 (31.4) 92.3 (21.3)**** 82.2 (30.3)

% time in high 
glucose

(CGM > 180 mg/dL)

4.6 (17.1) 2.6 (12.1) 13.4 (28.3)****

Minimum CGM  
(mg/dL)

93.0 (38.0) 100.0 (27.0)**** 111.0 (38.0)****

Mean CGM (mg/dL) 110.0 (38.0) 115.0 (27.0)** 130.0 (38.0)****
Maximum CGM  

(mg/dL)
134.0 (42.0) 134.0 (34.0) 154.0 (41.0)****

LBGI 4.56 (9.73) 1.47 (4.47)**** 1.28 (3.43)****
HBGI 1.47 (3.48) 1.0 (2.6)** 2.79 (4.33)****
LBGI + HBGI 6.03 (9.68) 2.46 (4.9)**** 4.08 (4.87)****

Glucose outcomes improved during and after aerobic exercise when 
participants followed exercise DSS or clinical guideline recommendations. 
Measures of statistical significance for “exDSS” and “Clinical Guidelines” 
are in comparison to the “No Intervention” group.
Abbreviations: CGM, continuous glucose monitors; LBGI, low blood 
glucose index; HBGI, high blood glucose index; exDSS, exercise-aware 
decision support system.
**.01 > P > .001. ***.001 > P > .0001. ****P < .0001.

Table 2.  Resistance Exercise Glucose Outcomes.

No 
intervention
mean (SD)

exDSS
mean (SD)

Clinical 
guidelines21

mean (SD)

% time in low glucose
(CGM < 70 mg/dL)

18.2 (32.2) 6.6 (20.1)**** 8.1 (21.6)****

% time in target range
(70 < CGM <  

180 mg/dL)

72.3 (36.6) 87.3 (27.6)**** 80.3 (32.3)****

% time in high glucose
(CGM > 180 mg/dL)

9.5 (25.4) 6.1 (20.9)** 11.6 (27.6)

Minimum CGM (mg/dL) 94.0 (44.0) 100.0 (34.0)** 105.0 (41.0)****
Mean CGM (mg/dL) 112.0 (48.0) 117.0 (34.0)* 124.0 (45.0)****
Maximum CGM (mg/dL) 132.0 (55.0) 135.0 (44.0) 143.0 (52.0)****
LBGI 5.14 (10.05) 1.83 (5.2)**** 2.36 (5.8)****
HBGI 2.22 (5.02) 1.52 (3.89)** 2.73 (5.18)*
LBGI + HBGI 7.36 (10.18) 3.36 (6.06)**** 5.08 (6.93)****

Glucose outcomes improved during and after resistance exercise when 
participants followed recommendations from exDSS or clinical guideline 
recommendations. Measures of statistical significance for “exDSS” and 
“Clinical Guidelines” are in comparison to the “No Intervention” group.
Abbreviations: CGM, continuous glucose monitors; LBGI, low blood 
glucose index; HBGI, high blood glucose index; exDSS, exercise-aware 
decision support system.
*.05 > P > .01. **.01 > P > .001. ***.001 > P > .0001. ****P < .0001.

mg/dL, P < .0001; resistance 143 vs 132 mg/dL, P < .0001), 
and mean CGM (aerobic: 130 vs 110 mg/dL, P < .0001; 
resistance 124 vs 112 mg/dL, P < .0001). Participants who 
used exDSS had similar maximum CGM values for both 
types of exercise compared with the no intervention group 
(aerobic: 134 mg/dL, P = N.S.; resistance: 135 mg/dL, P = 
N.S). Participants using exDSS also showed a statistically 
similar percent time above range (TAR) compared with the 
no intervention group for aerobic exercise (2.6% vs 4.6%, P 
= N.S.) and a decrease for resistance exercise (6.1% vs 
9.5%, P = 0.007).

Figure 6 shows that use of exDSS helped to keep virtual 
participants’ mean glucose during and following exercise 
within the safe glucose region (70-180 mg/dL). Participants 
who followed the exDSS recommendations experienced less 

variation in mean glucose during and after exercise such that 
the 95% confidence interval for all exercise sessions were 
closer to the safe glucose range (aerobic: 71.8-155.5 mg/dL, 
resistance: 67.5-181.9 mg/dL), as compared with following 
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Figure 3.  Moser et al clinical guidelines provide 
recommendations during exercise. Recommendations are based 
on CGM values and trend arrows, as per Moser et al.21 CGM 
trend arrows are depicted by small gray circles with arrows, 
while red candy symbols indicate recommended carbohydrate 
intake. The amount of carbohydrates is specified in grams within 
each red circle. If an expected CGM drop occurs, such as during 
aerobic exercise, 10 g of carbohydrates may be added to the 
recommendations indicated by “*.” Simulated participants were 
prompted to continue exercising for the intended duration or 
halt exercise immediately based on their glucose levels. A single 
recommendation was provided via a flowchart 15 minutes after 
the start of exercise. † Indicates that insulin is recommended only 
if a drop in glucose is expected during exercise.
Abbreviation: CGM, continuous glucose monitors.

Figure 4.  Moser et al. clinical guidelines provide 
recommendations after exercise. Recommendations are based on 
CGM values and trend arrows, as per Moser et al.21 CGM trend 
arrows are depicted by small gray circles with arrows, while red 
candy symbols indicate recommended carbohydrate intake. The 
amount of carbohydrates is specified in grams within each red 
circle. A single recommendation was provided via this flowchart 
15 minutes after stopping exercise.
Abbreviation: CGM, continuous glucose monitor.

Figure 5.  exDSS provides treatment recommendations before 
an anticipated exercise session. A schematic trace of average 
heart rate is shown in blue, while reported meals are indicated by 
the green impulses. Treatment recommendations are provided 
for any meals consumed within 90 minutes prior to the start of 
exercise (gray region), indicated by the point . At the start of 
exercise, indicated by the point, simulated participants receive 
another treatment recommendation. No recommendations are 
provided during exercise or after, and no recommendations 
are provided for meals outside of the 90-minute pre-exercise 
window.
Abbreviation: exDSS, exercise-aware decision support system.

no treatment recommendations (aerobic: 53.8-168.9 mg/dL, 
resistance: 49.6-203.9 mg/dL). Participants who followed 
clinical guideline recommendations also had an increase in 
mean glucose for both types of exercise, such that the 95% 
confidence interval for all exercise session were closer to the 
safe glucose range (aerobic: 79.0-189.9 mg/dL, resistance: 
69.7-209.8 mg/dL), compared with following no treatment 
recommendations.

Figure 7 shows that LBGI + HBGI was significantly 
reduced for participants who used exDSS compared with the 
no intervention arm (aerobic: 0.8 vs 2.6, P < .0001; resis-
tance: 1.0 vs 3.6, P < .0001) and the clinical guidelines inter-
vention (aerobic: 2.5, P < .0001; resistance: 2.7, P < .0001). 
Participants who adhered to the clinical guidelines also had  
a decreased LBGI + HBGI compared with the no interven-
tion arm (aerobic: 2.5 vs 2.6, P < .0001; resistance: 2.7 vs 
3.6, P < .0001), but the reduction was less when participants 
followed the clinical guidelines compared with the exDSS 
recommendations.

Recommendations From exDSS

We examined the frequency that each possible recommenda-
tion in Supplemental Table 1 was selected as the optimal rec-
ommendation (ropt). Figure 8 shows the number of times 
each exDSS recommendation was chosen as the optimal rec-
ommendation by exDSS during aerobic and resistance exer-
cise. The most frequent recommendations provided by 
exDSS were similar for both types of exercise. The most 
selected recommendations were to eat 30 g of carbohydrates 
immediately prior to exercise (34.4% of aerobic sessions, 
34.7% of resistance sessions). This intervention likely 
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Figure 6.  Participants who followed exDSS recommendations had higher mean glucose during exercise, with the 95% confidence 
intervals falling within the target glucose range of 70–180 mg/dL (dashed line). The mean CGM during exercise plus 1 hour of the 
postexercise recovery period is shown for the T1Dexi study’s aerobic exercise (a) and resistance exercise sessions (b). The “Clinical 
Guidelines” group followed recommendations from Moser et al.21 The median and interquartile ranges of all recorded video sessions 
with complete data in the T1Dexi data set are indicated by boxes and the 95% confidence interval is indicated by whiskers. The median 
for each group is quantified by the numbered values. Brackets indicate statistical significance between intervention groups by mixed 
effects modeling (*.05 > P > .01. **.01 > P > .001. ***.001 > P > .0001. ****P < .0001).
Abbreviations: exDSS, exercise-aware decision support system; CGM, continuous glucose monitors; T1Dexi, type 1 diabetes exercise initiative.

Figure 7.  Participants who followed exDSS recommendations had the lowest LBGI + HBGI during and after exercise, and therefore 
the best glucose outcomes, compared with the no intervention arm and the clinical guidelines arm. Low blood glucose index plus high 
blood glucose index (LBGI + HBGI) during and 1 hour after the end of exercise are shown for aerobic (a) and resistance exercise (b). 
The “Clinical Guidelines” group followed recommendations from Moser et al.21 The median and interquartile ranges of all recorded 
exercise sessions with complete data in the T1Dexi data set are indicated by boxes, while the 95% confidence interval is indicated by 
whiskers. Brackets indicate statistical significance between intervention groups by mixed effects modeling (****P < .0001).
Abbreviation: exDSS, exercise-aware decision support system; LBGI, low blood glucose index; HBGI, high blood glucose index; T1Dexi, type 1 diabetes 
exercise initiative.



330	 Journal of Diabetes Science and Technology 18(2)

Figure 8.  exDSS recommends a variety of glucose-lowering and glucose-raising interventions during and after aerobic (top) and 
resistance (bottom) exercise. The exDSS recommendations for all aerobic and resistance exercise sessions with complete data in the 
T1Dexi study data set are summarized. The Y axis represents all available DSS recommendations, while the X axis displays the number 
of times each intervention was selected by the lowest (LBGI + HBGI) metric in simulation.
Abbreviation: exDSS, exercise-aware decision support system; T1Dexi, type 1 diabetes exercise initiative; LBGI, low blood glucose index; HBGI, high 
blood glucose index; ICR, insulin to carbohydrate ratio.

explains why glucose levels were higher in the postexercise 
period compared with the no intervention arm and also likely 
explains the reduction in TIR for the exDSS arm.

The second and third most commonly selected recom-
mendations for both exercise types were increasing the basal 
insulin infusion rate by 50% (18.2% of aerobic sessions, 
15.4% of resistance sessions) and waiting 45 minutes before 
starting exercise (18.1% of aerobic sessions, 16.5% of resis-
tance sessions). Increasing basal insulin prior to exercise is 
not typically recommended in clinical guidelines,19,21 and so 
it was surprising to see this as a common recommendation. 

However, if a participant were experiencing higher glucose 
levels prior to exercise, increasing the basal insulin would 
have the impact of improving the person’s TIR during and 
following exercise. We used mixed effects analysis to explore 
whether higher glucose levels and rapidly increasing glucose 
levels were associated with recommendations to increase 
insulin prior to start of exercise. Using mixed effects model-
ing, we observed that recommendations to increase basal 
insulin were associated with increasing CGM prior to exer-
cise for both aerobic (+0.60 mg/dL*min, P = 0.006) and 
resistance exercise (+0.49 mg/dL*min, P = 0.041). 
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Recommendations to increase basal insulin were also associ-
ated with higher CGM values at the start of exercise for aero-
bic exercise (+14.5 mg/dL, P = 0.002), but not resistance 
exercise (+7.0 mg/dL, P = 0.173). This suggests exDSS 
tends to recommend increased insulin prior to exercise for 
sessions where participants had increasing CGM trends prior 
to exercise (aerobic and resistance) and also when glucose 
was higher at the start of aerobic exercise.

Another common recommendation selected by exDSS 
was to delay the exercise event by 45 minutes. Delaying 
exercise may be helpful when meals are consumed shortly 
before exercise since both glycemia and insulin-on-board 
(IOB) are typically elevated. Meals with at least 5 g of carbo-
hydrate were common in the 90 minutes preceding exercise 
in the T1Dexi data set (38.3% of aerobic sessions, 40.6% of 
resistance sessions). Delaying exercise may have helped to 
mitigate the impact of higher IOB from these meals. exDSS 
rarely recommended “No Intervention,” and frequently rec-
ommended decreasing the duration of exercise by 10 min-
utes during both types of exercise (5.9% of aerobic sessions, 
4.6% of resistance sessions). Increasing the duration of antic-
ipated exercise was rarely recommended for either aerobic 
(+10 minutes: 0.6%, +20 minutes: 0.6%) or resistance exer-
cise (+10 minutes: 0.6%, +20 minutes: 1.6%). exDSS more 
frequently recommended increasing/decreasing the insulin-
to carbohydrate ratio for meals before resistance exercise 
(combined 4.3%) compared with less often for aerobic exer-
cise (combined 0.9%). exDSS rarely recommended increas-
ing or decreasing the exercise intensity by any factor 
(combined 3.0% of aerobic sessions, 1.7% of resistance 
sessions).

Exercise Recommendations From 
Clinical Guidelines

We further investigated which treatments were commonly 
recommended by the clinical guidelines described in Moser 
et al21 before, during, and after bouts of structured exercise. 
We quantified the number of times each scenario occurred 
during simulations for aerobic and resistance exercise ses-
sions (Figure 9). Similarly to the exDSS, the clinical guide-
lines most often recommended that people consume 
carbohydrates to avoid drops in glucose. Figure 9 shows the 
typical amount of carbohydrates that were recommended by 
the clinical guidelines.

For both exercise types, most in slico participants started 
exercise with a CGM value between 90 and 161 mg/dL in the 
90 minutes prior to the start of exercise (Figure 10). Under 
these conditions, the clinical guidelines recommend consum-
ing a carbohydrate immediately: typically 20 g before aero-
bic exercise (70.5% of sessions), and 10 g before resistance 
exercise (64.8% of sessions).21 Participants were advised to 
delay exercise by 20 minutes in only 5.3% of aerobic ses-
sions and 11.1% of resistance sessions.

Figure 9.  Clinical guidelines most frequently recommended 
eating carbohydrates before, but not during aerobic (top) and 
resistance (bottom) exercise. Carbohydrate recommendations 
provided by Moser et al21 clinical guidelines are summarized for 
all aerobic exercise sessions with complete data in the type 1 
diabetes exercise initiative (T1Dexi) study data set. Simulated 
participants were provided with a single recommendation at 
three separate time points, before exercise (a), during exercise 
(b), and after exercise (c).

Most virtual patients received exDSS recommendations 
when their glucose was in the range of 90 to 161 mg/dL for 
both aerobic or resistance exercise sessions (Figure 10). 
Only a small percentage of sessions had virtual patients 
receive clinical guideline recommendations for carbohydrate 
intake during aerobic exercise (13.6% of sessions, Figure 9 
top panel B) or resistance exercise (21.0% of sessions, Figure 
9 bottom panel B). Most participants had CGM levels above 
100 mg/dL 15 minutes after stopping exercise when follow-
ing clinical guidelines (95.0% of aerobic sessions, Figure 10 
top panel C versus 85.9% of resistance sessions, Figure 10 
bottom panel C). Participants were mostly not advised to eat 
any extra carbohydrates after exercise (97.8% of aerobic ses-
sions, Figure 10 top panel C vs 92.5% of resistance sessions, 
Figure 10 bottom panel C).

Discussion

We presented in slico results of a decision support system, 
exDSS, for managing glucose levels in individuals with 
T1D during and after aerobic and resistance exercise and 
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insulin. On the contrary, clinical guidelines do not recom-
mend increases in basal insulin prior to the start of exer-
cise.19,21 These types of non-intuitive recommendations 
may be why participants who followed recommendations 
from the exDSS had a more substantial increase in time in 
range compared with following clinical guideline 
recommendations.

The most common recommendations selected by exDSS 
included pre-exercise carbohydrates, increased basal insulin 
infusion levels, or delaying exercise. Most of these recom-
mendations are intuitive with the exception of increasing 
basal insulin delivery, which would not typically be recom-
mended based on current clinical guidelines. The recommen-
dation to increase insulin prior to exercise was associated 
with a higher glucose at the start of exercise and also a more 
rapid rise in glucose at the start of exercise. Nonetheless, the 
reason for this recommendation is multifaceted and could be 
due to other factors besides starting CGM and CGM trend 
including the type of exercise, insulin on board, meal carbs 
consumed prior to exercise, and the person’s prior response 
to this type of exercise. Unlike consensus guidelines which 
have specific CGM and CGM trend cut-off thresholds for 
different recommendations, the model takes many factors 
into account thereby leading to conditions when the recom-
mendation is to increase insulin based on what the model 
predicts will happen. In this way, the exDSS is capable of 
providing recommendations that are similar to the already 
established clinical guidelines,19,21 but also can extend 
beyond these guidelines to be specific for individual physi-
ologic needs.

Virtual participants following exDSS recommendations 
also had significantly reduced LBGI + HBGI across exer-
cise and postexercise periods compared with no intervention, 
indicating an improvement in glucose management by avoid-
ing large deviations from a target glucose range. Following 
clinical guidelines also resulted in a significantly smaller 
LBGI + HBGI, but the reduction was smaller and P-values 
were larger compared with exDSS.

Importantly, the recommendations provided by exDSS 
differed based on whether the participant was doing aerobic 
versus resistance exercise as shown in Figure 8. While the 
“eat carbohydrates now 30 g” was the most popular recom-
mendation for both types of exercise, some recommenda-
tions were more common for aerobic than resistance exercise 
and vice versa. For example, increasing the aggressiveness 
of the carbohydrate ration by 30% of their typical carbohy-
drate ratio (i.e. deliver 30% more meal insulin) was the sev-
enth most popular recommendation for resistance exercise, 
but it was much less common (13th most popular recommen-
dation) for aerobic exercise. This makes intuitive sense, 
since aerobic exercise tends to cause more significant drops 
in glucose compared with resistance exercise.33 The different 
frequency of recommendations for resistance versus aerobic 
exercise emphasizes the need to have models for the two 
types of exercise within digital twin models.

Figure 10.  Clinical guidelines most frequently provided 
recommendations when participants were in the 90 to 161 mg/
dL range for aerobic exercise. The CGM values observed at the 
time of each recommendation are displayed for aerobic exercise 
sessions. Participants received a single recommendation at three 
possible time points: before (a), during (b), and after (c) exercise. 
The CGM ranges are represented along the X-axis for each 
panel and correspond to the thresholds specified in the clinical 
guidelines. The Y-axis represents the number of times a CGM 
was observed at the time of a recommendation.
Abbreviation: CGM, continuous glucose monitors.

compared glucose outcomes for participants who followed 
exDSS versus those who did nothing versus those who fol-
lowed clinical guidelines around exercise.

Both exDSS and clinical guidelines from Moser et al21 
significantly reduced the percentage time participants spent 
in low glucose events during and following exercise com-
pared with the no intervention arm. However, participants 
who followed the exDSS were also able to significantly 
increase time in range for both aerobic and resistance exer-
cise, whereas participants who followed the clinical guide-
line recommendations saw more modest improvements in 
time in range compared with the no intervention arm, and 
these improvements were not significant for aerobic exer-
cise. The exDSS has the advantage over other published 
clinical guidelines in that they are personalized and specific 
to a given individual’s physiologic needs at the time that the 
recommendation is given. In this way, the exDSS has the 
ability to recommend increases basal rate insulin delivery 
for those participants who have higher glucose levels prior 
to exercise and/or who may have had higher resistance to 
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There were several limitations of this study. The results 
are based on in slico simulations and may overestimate 
expected improvements. A real-world study will be impor-
tant to demonstrate the benefit of exDSS on improving glu-
cose outcome measures. A second limitation is that the 
simulation presumed that participants always followed clini-
cal guideline recommendations. This is unlikely given the 
complexity of the recommendation that the required prepara-
tion time to perform some of the recommendations, such as 
reducing the insulin delivery well before exercise start time. 
In this way, the results presented here may be considered as 
an upper bound on expected improvement in glucose out-
comes. A third limitation is that it used only data from the 
T1Dexi study that were using insulin pumps. It did not 
include people using MDI therapy. The insulin data collected 
from people using MDI in the T1Dexi data set was not reli-
able as the insulin usage (i.e., insulin dose and timing) was 
all self-reported by participants. Furthermore, virtual partici-
pants were assumed to follow optimal insulin therapy during 
simulation, and always adhered to their prescribed insulin-
to-carb ratio, correction factor, and basal rate. Further inves-
tigation is needed to assess the safety of changing insulin 
doses in participants who follow suboptimal insulin regi-
mens. A final limitation is that the exercise sessions evalu-
ated in this study were all evaluated on participants exercising 
during 30-minute exercise videos that were constructed to 
represent aerobic, resistance or mixed forms of exercise. 
Future work will need to evaluate exDSS on unstructured 
exercise sessions of different types and durations.

Conclusions

In conclusion, our study demonstrated that exDSS can pro-
vide safe and effective exercise recommendations for people 
with T1D in slico. Following exDSS recommendations 
yielded improved glucose outcomes, and in particular less 
TBR and more TIR during exercise as compared with no 
intervention and current clinical guidelines. A larger real-
world clinical study is necessary to confirm results.
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