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ABSTRACT

Background and objectives: Recent advances in Automated Insulin Delivery systems have been shown to
dramatically improve glycaemic control and reduce the risk of hypoglycemia in people with type 1 dia-
betes. However, they are complex systems that require specific training and are not affordable for most.
Attempts to reduce the gap with closed-loop therapies using advanced dosing advisors have so far failed,
mainly because they require too much human intervention. With the advent of smart insulin pens, one
of the main constraints (having reliable bolus and meal information) disappears and new strategies can
be employed. This is our starting hypothesis, which we have validated in a very demanding simulator. In
this paper, we propose an intermittent closed-loop control system specifically intended for multiple daily
injection therapy to bring the benefits of artificial pancreas to the application of multiple daily injections.

Methods: The proposed control algorithm is based on model predictive control and integrates two patient-
driven control actions. Correction insulin boluses are automatically computed and recommended to the
patient to minimize the duration of hyperglycemia. Rescue carbohydrates are also triggered to avoid hy-
poglycemia episodes. The algorithm can adapt to different patient lifestyles with customizable triggering
conditions, closing the gap between practicality and performance. The proposed algorithm is compared
with conventional open-loop therapy, and its superiority is demonstrated through extensive in silico eval-
uations using realistic cohorts and scenarios. The evaluations were conducted in a cohort of 47 virtual
patients. We also provide detailed explanations of the implementation, imposed constraints, triggering
conditions, cost functions, and penalties for the algorithm.

Results: The in-silico outcomes combining the proposed closed-loop strategy with slow-acting insulin ana-
log injections at 09:00 h resulted in percentages of time in range (TIR) (70-180 mg/dL) of 69.5%, 70.6%,
and 70.4% for glargine-100, glargine-300, and degludec-100, respectively, and injections at 20:00 h re-
sulted in percentages of TIR of 70.5%, 70.3%, and 71.6%, respectively. In all the cases, the percentages of
TIR were considerably higher than those obtained from the open-loop strategy, being only 50.7%, 53.9%,
and 52.2% for daytime injection and 55.5%, 54.1%, and 56.9% for nighttime injection. Overall, the occur-
rence of hypoglycemia and hyperglycemia was notably reduced using our approach.

Conclusions: Event-triggering model predictive control in the proposed algorithm is feasible and may meet
clinical targets for people with type 1 diabetes.

© 2023 The Authors. Published by Elsevier B.V.
This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/)

1. Introduction

a hormone that helps glucose enter cells as a supply of energy.
Without sufficient insulin, excess glucose remains in the blood,

Type 1 diabetes (T1D) is a chronic disease in which the beta causing high blood glucose (BG) levels (i.e., hyperglycemia). If this
cells of the pancreas fail to produce enough insulin. Insulin is disease is not treated correctly, it derives in acute complications
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such as retinopathy, neuropathy, nephropathy, coronary heart dis-
ease, and cerebrovascular disease [1,2]. Therefore, the lack of in-
sulin should be compensated by the administration of exogenous
insulin to maintain healthy BG levels. To this end, multiple daily
injection (MDI) therapy and continuous subcutaneous insulin infu-
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sion, or insulin pump therapy, are commonly used for a patient to
stay in normoglycemia (i.e., BG levels of 70-180 mg/dL).

Over the last years, insulin pumps have attracted interest,
especially with the development of artificial pancreas (AP) and
closed-loop (CL) insulin technology [3]. Nevertheless, MDI therapy
remains the most widely used treatment for people with T1D to
satisfy their daily insulin needs [4]. The MDI therapy usually in-
volves the subcutaneous administration of long-acting insulin to
ensure basal insulin requirements along with the infusion of rapid-
acting insulin boluses to minimize postprandial hyperglycemia [5].
The physician adjusts the therapy regularly according to the char-
acteristics of the patient, who should execute it daily. The benefits
of MDI therapy over other approaches, such as AP, are the free-
dom for patients from wearing insulin pumps or needing an exter-
nal device permanently attached to the body [6]. In MDI therapy,
the patient is the controller and should make many daily decisions
depending on their lifestyle. Consequently, there is a high risk of
forgetting or miscalculating an insulin dose.

The control performance is evaluated following current clini-
cal targets for continuous glucose monitoring (CGM). The consen-
sus guidelines define good performance being when the BG levels
are below 54 mg/dL < 1%, below 70 mg/dL < 4%, time in range
(TIR) 70 — 180 mg/dL > 70%, above 180 mg/dL < 25%, and above
250 mg/dL < 5% [7]. Therefore, people with T1D aim to maximize
the TIR. However, the performance is often exchanged to ensure
zero low BG levels (i.e., hypoglycemia) [8]. Hypoglycemia can oc-
cur due to an imbalance between the administered insulin doses,
exercise, diet, or other physiological phenomena [9]. Failure to cor-
rectly manage hypoglycemia can lead to severe complications [10],
thus motivating more conservative control strategies. People with
T1D only have a handful of options to treat hypoglycemia symp-
toms in free-living conditions to increase the BG concentrations
to the normal level: 1) administration of exogenous glucagon or
2) consumption of fast-acting rescue carbohydrates (CHO). Regard-
ing hyperglycemia, the most effective treatment is giving insulin
boluses to correct the excess glucose in blood.

Multiple control schemes and strategies have been utilized for
designing artificial pancreas systems for diabetes management,
with the primary ones being proportional-integral-derivative con-
trol [11-13] and model predictive control (MPC), [14-17]. These
studies not only explore the pure form of the strategy but also its
multiple variants such as PD, zone MPC, adaptive MPC, etc. This as-
sertion is supported by examining some of the leading AP systems
in the market. For instance, the Minimed 770G system uses a PID
algorithm with insulin feedback and adaptive insulin restrictions,
while the 780G combines this strategy with an adaptive MPC. On
the other hand, the CamAPS FX, Control IQ, Diabeloop, and Omni-
pod 5 systems use adaptive MPC algorithms [18-20].

These strategies have not been applied to conventional MDI
therapy owing to the inherent therapy limitations: 1) a fully CL
system is unreachable owing to a lack of a commanded actuator;
and 2) appropriate sensors and actuators for the therapy are un-
available. In the last few years, smart insulin pens have been devel-
oped, and CGM approaches have become readily available to most
people with T1D regardless of the adopted therapy. Compared with
traditional syringes and vials, smart pens are more convenient, dis-
creet in use, accurate for dosing, and suitably adherent [21]. Many
of these marketed devices allow to keep track of the actions per-
formed by the patient because they communicate in real time with
external devices that obtain information from CGM. These devel-
opments have motivated the transition from AP algorithms to MDI
therapies, which may enhance the glycemic performance by using
newly available information in controllers and supervision tools.

In this study, we aimed to minimize hypoglycemic and hyper-
glycemic episodes in patients with T1D receiving MDI therapy. For
this purpose, we designed a CL system with two event-triggered
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MPC schemes. By introducing a CL strategy, the proposed system
can dramatically reduce the daily decisions that people with T1D
make while increasing the TIR. The first controller is responsible
for suggesting CHO intake to minimize the occurrence of hypo-
glycemia. The second controller suggests corrective insulin boluses
to decrease hyperglycemic exposure. The user can customize the
controller constraints and values defined as hypoglycemic and hy-
perglycemic limits according to their lifestyle and the number of
daily control actions they are willing to handle. The controllers do
not run continuously but are triggered by conditions that can be
configured by a physician based on the therapy goals and cost-
benefit to the patient.

To validate the designed therapy, a cohort of 47 virtual patients
and the simulation scenario presented in [22] were used to com-
pare the reported open-loop (OL) results with the CL results ob-
tained with the proposed MPC approach. By analyzing the in silico
results, the proposed therapy obtained a notable decrease in hy-
perglycemic and hypoglycemic events and considerable increase in
TIR. A reduction in the coefficient of variation (CV) was also a re-
markable result when few control actions were performed daily.
The proposed MDI therapy may meet the clinical targets estab-
lished in [7] most of the time.

2. MPC schemes
2.1. Preliminaries

We designed two event-triggered MPC schemes. Both con-
trollers use an autoregressive model with exogenous input and
sampling period t; =5 min (see Section 2.2). The first controller
(see Section 2.3) is aimed at suggesting rescue CHO to minimize
hypoglycemic events. To this end, we penalize BG levels below a
hypoglycemic threshold and the BG level derivative. The second
controller (see Section 2.4) determines insulin boluses to minimize
hyperglycemic excursions. Similarly, we penalize BG levels above
a hyperglycemic threshold and BG variations. The controllers also
impose constraints on control signals u,, and upy,s: they cannot
be negative because insulin or CHO removal from the system is
unfeasible. Figure 1 shows the CL scheme implemented with the
controllers.

CL MPC is achieved by applying the first element, UJ”, of the
optimal and predicted control input trajectory {U{™,...,U;P'} at
timestep k. The elements are determined by solving the following
cost function J:

(U, UPY := argmin] (yy, {Us. ..., Un}) (1)

2.2. Prediction model

An autoregressive model with exogenous input for BG level pre-
diction is used for both controllers using MPC, as expressed in
Eq. (2) [23].

A(@y(t) = B(qu(t) (2)

where A(q) and B(q) are model polynomials. To identify the val-
ues of the parameter vector in Eq. (2), we use the recursive least
squares algorithm [23]. For the controllers, we use a fourth-order
autoregressive model with exogenous input (i.e., nq = 4 and n, =
3). We use the following exogenous inputs (see Eq. (3)): basal in-
sulin (Upgeq), bolus insulin (upy,s), and CHO on board (COB).

<P(k) = [_y(k_l) _y(k_na) ubasal(k_l)

Upoius (k — 1) COB(k — 1)]" (3)

The initial values of ¢, Hp, and 6 are defined as indicated in
[13]. @ is not recalculated for the prediction horizon, that is, at
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Fig. 1. Diagram of closed loop control scheme.

each timestep k after calculating 0, it does not vary within the pre-
diction loop (see Eq. (4)).

O(k+ilk) =0(k) for i=1.2,....H,p (4)

2.3. MPC for CHO rescue

MPC for recue CHO uses cost function Jcyo given by

P M
52 dyk 2 2
= Z, ==V Ru g, 5
Jeno ;[Q](yk)k +Qz<dt)kj|+kz_; ch (5)
subject to

Z} ;= min(Yx — Zmin, 0)
Vi := min(V,, 0)
Ugpg < Ucho < Uepo  1f y<54 || y570&[37k+1a e y?k+4] <54

Ugho= = .
o710 < Uy < Ug,  Otherwise

(6)

where ZAk is the glucose excursion below Z,;, (by default, Z,;;, = 70
mg/dL), \77< is the negative glucose derivative at timestep k, and
Q1,Q,, and R are weights for optimization. Like in [15], we set
the weights of Eq. (5). Weight Q;(y) applies to Z< and depends
on the BG level at timestep k (see Eq. (7)). A level closer to Z,
implies a higher weight. On the other hand, weight Q, applies to
Vi and depends on glucose change rate at timestep k, as shown in
Eq. (8) (see Fig. 2). In addition, R := 1 is the weight of the control
action, and Hp, = 30 min and H; = 25 min.

60 if y < 80 mg/dL

Q:i(y) =120 if y > 120 mg/dL (7)
20 sin (75 (v +20)) +40 otherwise
20 if g—{ < —1 mg/dL/min
Q@) =10 if 2 > 0 mg/dL/min

5xsin (Z(Ay —2.5))+15 otherwise
(8)
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Fig. 2. Weights Q; (y) and Qz(%') defined in Eqs. (7) and (8), respectively.

Equation (6) includes constraints on control action u,. Specif-
ically, the suggested amount (in grams) of CHO cannot be neg-
ative. Variables u.,, and U, represent the minimum amount of
CHO to suggest if severe hypoglycemia is present or expected in
the next 20 min and the maximum amount accepted by the pa-
tient, respectively. Both parameters can be customized to the pa-
tient.

Once the optimization problem is solved, the CHO control ac-
tion is penalized by subtracting the CHO on board (COB), as shown
in Eq. (9). Finally, ug, is quantified as shown in Eq. (10).

Ucpo = Max (0, ugy, — COB)

(9)
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Table 1
Controller suggestion for 20 g of CHO 2 h after last meal and at BG level
of 69 mg/dL.

Type of food Usual portion Recommended serving

Glucose Sport gel (40 g) 1/2 portion
Tonic Glass (200 cm3®) 1 portion
Dried date Unit (10 g) 3 portions
Drink cola or flavors  Glass (200 cm?3) 1 portion
Maria cookie type Cookie (7 g) 4 portions
Prince cookie type Cookie (15 g) 2 portions
White bread Muffin (60 g) 2/3 portion
Toast Unit (10 g) 3 portions
Bread stick Unit (5 g) 6 portions

0 ifup, <758

10g if75g<ug,<125¢

U = 15g if125g<uy,<175¢g (10)
ho=120¢g if17.5g<ug,<225¢
25g if225g<ugp,<275¢g
30g otherwise

Food library for rescue CHO

The MPC scheme suggests the amount (in grams) of CHO that
the patient should ingest to minimize the risk of hypoglycemia. For
practical control, the patient should receive notifications indicating
different rescue CHO options and the recommended servings. To
this end, we provide a food library constructed with data retrieved
from [24], which contains information on the glycemic index (GI)
of multiple foods along with their usual servings and CHO con-
tents.

The GI is a measure of how quickly a food can raise the BG
levels. Foods with a high GI tend to increase the BG level faster
than those with a low value. The food library is classified according
to high, medium, and low GlIs, as listed in Table A.1 in Appendix A.
Considering the dynamics of the GI, Eq. (11) is proposed for rescue
CHO selection from the food library.

High ify<80 || 80 <y<85&Ay=<-3
GI={Medium if80 <y <85&Ay> -3 || 85<y=<95&Ay<-4
Low otherwise
(11)

Once the controller determines a CHO suggestion, various types
of foods are available from the CHO MPC. First, the GI value is de-
termined according to Eq. (11), and foods with similar GI are se-
lected from the library (Table A.1). Second, the serving of each se-
lected food is calculated according to the CHO control action. Fi-
nally, the timespan from the previous meal is considered. Table 1
illustrates a result received by a user after the controller is trig-
gered and a CHO control action is generated. In this example, the
controller recommends 20 g of CHO, the BG level is 69 mg/dL, and
more than 2 h have passed since the last meal of the user.

2.4. MPC for hyperglycemia minimization

MPC for corrector insulin boluses uses cost function Jcp given
by

HP Hc
S 2 52
Jen = Y[+ Q|+ Y Ruto? (12)
k=1 k=1
subject to

Z:k = max(yx — Zmax, 0)

Vi 1= max(Vy, 0)

0=< [ubolus] = ﬁbolus (13)
— AU < Alupgpys < AU

J7(45 min) = Y
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where 7, is the glucose excursion above Zmax (by default, Zmax =
180 mg/dL), V, is the positive glucose derivative at timestep k, and
Q3, Q4, and R; are weights for optimization set to 40, 20, and 1,
respectively. We also set Hy = 45 min and H, = 25 min.

This controller can be customized by setting iy, and y, which
are part of the imposed constraints and allow users to define a
less aggressive strategy when the risk of hypoglycemia increases.
Once the optimization problem is solved, the correction bolus con-
trol action is penalized by the currently estimated insulin on board
(IOB) (see Eq. (14)).

Upolus = max(O, Upolus — IOB) (14)

3. Event-triggered MPC

In this section, we address the design of the event-triggering
conditions for aperiodic MPC. The events are compliant with phys-
iological responses and clinical safety. Each MPC scheme is trig-
gered by different events, enabling the independent execution of
both control actions. The designed physiological conditions and
events for triggering control can be applied to any other control
algorithm for MDI therapy.

Event E is defined as a conditional statement of the form
If...,Then..., where the activation of the if statement may trig-
ger the solving of the MPC problem. We implement six types of
events according to the daytime and occurrence of hypoglycemia
or hyperglycemia.

E, : if daytime&y, < BGgﬁ,yo&r > 0 then ug, «<— Ufﬁf
E; : if nighttime&y; < BGIEN'& A y < BGHa then Uy, <— U

= CHO 1]k
.o opi
E3 : if yy < BGpypo then ugy, «— U”k

E, : if daytime&y, > BG'Y &s > 0 then upy,; «<— UP

bolus 1|k
. : : night change opt
Es : if nighttime&y, > BG, ;& AythGbolus then upyys <~— U
. op!
Es : if yi = BGpyper then upgys «<— Ullk

E;: if 'E]&'Ez&IE3 then Ucho <— 0
Eg s if 'E4&'E5&|E5 then Upolys <— 0

day night change day night change
where BGCHO’ BGCHO ’ BGCHO ! BGh}’PO' BGbolus’ Bc.;bolus’ BGbolus »and

BGpyper are tuning parameters, and r and s are given by:

Hyp+1

r=>3Y HY;-Y;; <0} (15)
j=2

Hp+1

s= Y HKY;-Y;; >0} (16)
j=2

with Y=y, uY = [yk Va1 }7k+Hp] being the measured
and predicted glucose values at timestep k. r and s are defined
using the notation I{} which refers to the indicator function. This
mathematical function takes the value of 1 when its argument sat-
isfies a certain condition and O otherwise. Basically, r and s mon-
itor the predicted glucose trend and will be greater than one if
at least one increase in the prediction horizon is negative or posi-
tive, respectively. Events 1-3 are designed to trigger MPC for CHO
ingestion, whereas events 4-6 are designed to trigger MPC for cor-
rection bolus. Events 7 and 8 represent cases where MPC is not
triggered. Figure 3 shows the flowchart of event-triggered MPC.
The conditions with the highest priority in terms of perfor-
mance and clinical and patient safety are aimed to prevent pro-
longed hypoglycemia. We impose a terminal condition for the hy-
poglycemia trigger as Es. The events E; and Es must also be
designed to mitigate the aggressiveness of the strategy, for this,
it is important to carefully assess the selection of the thresholds
because the lower these are, the more risk of there will be hypo-
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Fig. 3. Flowchart of event-triggered MPC.

glycemia after a corrective bolus. Specific events for day and night
are also defined owing to the nature of the control problem. Hence,
the user can customize the triggering of events by setting different
BG thresholds according to their specific needs or willingness to
receive recommendations for tight control.

4. Scenario

Different simulation environments for T1D have been reported
[25-28]. However, they are mainly intended to test continuous
subcutaneous insulin infusion instead of MDIL In [22], a simula-
tor was presented with realistic and challenging scenarios for vir-
tual patients with T1D undergoing continuous subcutaneous in-
sulin infusion and MDI therapies. This simulator includes virtual
patient generation and long-acting insulin analog models includ-
ing glargine 100 U/mL (Gla-100), glargine 300 U/mL (Gla-300), and
degludec 100 U/mL (Deg-100). In this study, we used the virtual
cohort and simulated scenario from Estremera et al. [22].

The scenario in this study, different for each patient, consists
of a 60-day simulation protocol with 3 daily meals of between
40 and 60 g of CHO administered randomly between 06:30-11:30,
11:30-16:30 and 16:30-21:30 h, respectively. A random misestima-
tion in the CHO count is included in the range of + 20% at all
meals. For the MDI simulation, we adjusted the therapy settings
from [22] (CHO ratios and basal slow-acting insulin for injections
at 09:00 and 20:00 h). Table 2 lists the parameters defined in each
controller for the in silico test.

The implementation of the controllers and in silico tests were
carried out in MathWorks MATLAB R2021a running in a computer
equipped with an Intel(R) Core(TM) i7-4770 CPU at 3.40 GHz with
16 GB of RAM. The YALMIP MATLAB Toolbox [29] was used along
with the Gurobi solver [30] for MPC execution.

Computer Methods and Programs in Biomedicine 236 (2023) 107568

Table 2
Parameters used for in silico simulation.

Controller Parameter  Value
Hypoglycemia MPC Ucho 30 g
Echg 20 g
a;
BG%H}%[ 110 mg/dL
BGc#go 85 mg/dL
BGeio® -1 mg/dL/min
EG,WD 70 mg/dL
Upolus 4u
AU 05 u
Hyperglycemia MPC  BGj& 165 mg/dL
BGZéfug 200 mg/dL
BGpons? 1 mg/dL/min
BGhyper 220 mg/dL

5. Results

The proposed CL MDI therapy was simulated using three of the
most used slow-acting insulin analogs (i.e., Gla-100, Gla-300, and
Deg-100) and compared with the OL therapy presented in [22].
Tables 3, 4, and 5 show the standardized CGM metrics [7] as the
median (25th-75th percentiles).

Tables 3 and 4 list the results for the three analogs with injec-
tion times of 09:00 h and 20:00 h, respectively. Table 5 shows per-
formance data for both controllers. In addition, instances of rescue
CHO and correction boluses are detailed for all simulated cases.
Combining the proposed CL strategy with slow-acting insulin ana-
log injections at 09:00 h resulted in TIRs of 69.5%, 70.6%, and 70.4%
for Gla-100, Gla-300, and Deg-100, respectively, and injections at
20:00 h resulted in TIRs of 70.5%, 70.3%, and 71.6%, respectively.
In all cases, the TIRs were considerably higher than those obtained
from the OL strategy of 50.7%, 53.9%, and 52.2% for daytime in-
jection and 55.5%, 54.1%, and 56.9% for nighttime injection. Hypo-
glycemia occurrence was minimized after the introduction of MPC
for rescue CHO, as listed in Tables 3 and 4. In most cases, the re-
ported performance satisfied the clinical targets. The reduction of
hypoglycemia by the CHO MPC stands out. Glycemic variability was
also reduced with the introduction of the CL controllers compared
to the OL sham results.

Tables 3 and 4 also present the glycemic risk index (GRI) [31].
The GRI for the CL scheme is lower than that for the conventional
OL scheme. In most cases, the 75th percentile of therapy with CL
control is lower than the 25th percentile of therapy with OL con-
trol. Figure 4 show GRI grids of hyperglycemia and hypoglycemia
components for the cohort, OL, and CL CGM profiles.

Figure 5 shows representative CGM trajectories, injection times,
and meals for 2 days of the cohort for one of the three analogs and
both OL control and CL MPC. The figures indicate the physiological
plausibility of the glucose trajectories and allow visual comparison
of the control effects.

6. Discussion

We introduce an event-triggered CL control strategy for MDI
therapy comprising two MPC schemes, one for triggering sugges-
tions of rescue CHO and the other for correction insulin boluses.
The goal of this approach is minimizing the occurrence of hypo-
glycemia and hyperglycemia while overcoming inherent burdens of
MDI therapy.

Despite their limitations, in silico simulations are necessary
when testing algorithms before their deployment to patients in
free-living conditions. To perform realistic simulations, we used
an existing simulator developed by our group with highly realis-
tic scenarios and virtual patient dynamics [22]. For a comprehen-
sive comparison, we used the same cohort and scenario from [22].
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Table 3
In silico OL and CL control results for MDI therapy with long-acting insulin Gla-100, Gla-300, and Deg-100 injected at
09:00 h.
Indicator Gla-100 Gla-300 Deg-100
OL CL OL CL OL CL
Median CGM (mg/dL) 168 154 166 158 157 152
(146-187)  (146-169)*  (143-192)  (145-167)*  (142-185)  (141-168)
CV (%) 46.4 35.9 43.8 34 46.7 35.2
(41.9-522) (31.8-39.7  (38.6-49.9) (31.2-38.8)*  (40.7-52.2)  (32.4-39.9)*
TAB>250 (%) 13.7 4.2 10.9 3.9 10 4.2
(7.2-213)  (2.4-8.8) (5.1-23.3)  (2.6-8.4) (5.4-20.4) (2.1-8.2)
180<TAB<250 (%) 23.7 243 24 231 233 223
(18.7-27.5)  (18.6-26.5)  (19.1-29.7) (17.4-27.1)  (14.8-27.1)  (15.2-29.1)
70<TIR<180 (%) 50.7 70.2 53.9 70.6 52.2 70.4
(42.7-59.5)  (61.1-76.9)*  (42.1-63.4)  (61.6-77.2)*  (42.4-62.3) (58.8-78.4)*
54<TBR<70 (%) 4.2 1.2 3.8 0.9 4.6 13
(3.1-6) (0.8-1.9)* (2.5-5.6) (0.7-1.4) (3.4-7.1) (0.7-1.9)
TBR<54 (%) 44 0.2 29 0.1 5.1 0.2
(2.3-7) (0-0.8)* (2-6.2) (0-0.6) (2.5-7.8) (0-0.8) *
GRI 68.2 30.5 60.9 29.6 714 319
(57.9-81.5)  (24.7-43.2)  (48.6-76.8)  (23.1-39.9)*  (51.8-85.8)  (21.3-43)

Values are reported as median, interquartile range (25th-75th percentile). *P < 0,05 (Wilcoxon signed-rank test).

Table 4
In silico OL and CL control results for MDI therapy with long-acting insulin Gla-100, Gla-300, and Deg-100 injected at
20:00 h.
Indicator Gla-100 Gla-300 Deg-100
OL CL OL CL OL CL
Median CGM (mg/dL) 171 159 165 158 164 159
(148-187)  (147-177) (155-188) (150-175) (150-197) (149-176)
CV (%) 411 34.2 43.8 35.2 39.8 343
(35.6-48.6)  (30.4-39.3)  (37.1-48.9) (30.7-39.2)*  (35.8-47.5)  (30.8-37.9)*
TAB>250 (%) 11.2 5 11.1 4.7 9.7 42
(6.2-22.1) (3.2-11.1) (6.2-21.1) (2.8-10.2) (5-19.9) (2.7-10.6) *
180<TAB<250 (%) 24.7 22.7 25 24.4 24.7 22.6
(18.7-31.1)  (18.5-28.5) (21.2-31.3)  (19.8-28.7) (17-32.2) (17.8-31.2)
70<TIR<180 (%) 55.5 70.5 54.1 70.3 56.9 71.6
(41.1-65.1)  (58.3-76.2)*  (38.2-60.7)  (55.8-74)* (39.6-63.8)  (58-78.1) *
54<TBR<70 (%) 2.7 0.7 34 0.8 3.4 0.9
(1.4-4.4) (0.3-1.2)* (2-4.8) (0.4-1.4)* (1.6-5.7) (0.4-1.5)"
TBR<54 (%) 14 0.1 2.4 0.2 1.8 0
(0.6-3.6) (0-0.3) (1.1-4.2) (0-0.6) (0.7-4.6) (0-0.2) *
GRI 55 309 58.7 30.6 57.5 31.9
(41-75.5) (23.9-45.4)*  (47.9-83.6) (25.4-46.1)*  (46.3-82.1)  (22.4-40.9)*

Values are reported as median, interquartile range (25th-75th percentile). *P < 0,05 (Wilcoxon signed-rank test).

Table 5
Analysis of control action events.
Indicator Gla-100 Gla-300 Deg-100
09:00 h 20:00 h 09:00 h 20:00 h 09:00 h 20:00 h
Instances 3917 1994 3125 2602 4696 2949
CHO rescue (g/day) 18.9 10.1 15.1 12.7 22.8 15.6
Rescue CHO (11.4-25) (3.3-13) (8-20.9) (6.5-16.3)  (11.7-29.8)  (4.7-16.7)
events Instances per day 14 0.7 1.1 0.9 1.4 1
(0.7-1.8) (0.3-0.9) (0.7-1.5)  (0.5-1.2) (0.9-2.2) (0.3-1.2)
Percentage night (%) 5.2 12.2 6 6.1 9.9 22.2
Instances 5120 5213 5120 5407 4983 5329
Insulin (U/day) 4 35 3.7 3.9 3.6 34
Correction bolus (3-4.8) (1.9-4.7) (2.5-49) (2.5-4.8) (2.6-4.7) (2-4.4)
events Instances per day 1.8 1.8 1.8 19 1.6 19
(1.4-2.2) (1.2-2.5)  (1.2-2.3)  (1.3-2.5) (1.3-2.2) (1.2-2.2)
Percentage night (%) 26.8 15 21.6 21.6 23.1 15.5
Instances per day 3.1 2.6 29 2.8 3.2 29

Values are reported as median, interquartile range (25th-75th percentile).
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Fig. 4. GRI grid for cohort and all analogs in OL control and CL MPC.
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Fig. 5. CGM trajectories over 2 days of cohort generated for Deg-100 (median and
interquartile range) for therapy with OL control and MPC: OL control (blue) and
MPC (black) at 09:00 h and OL control (magenta) and MPC (red) at 20:00 h. The
green squares represent meals. The gray rhombuses and triangles represent injec-
tion times of 09:00 h and 20:00 h, respectively.

Statistical tests considering the p-values showed statistical signif-
icance in most studied metrics when using our new approach.
Hence, the current standard of care under MDI therapy may be
greatly benefited from the introduction of CL control.

The proposed control actions led to a notable decrease in hypo-
glycemia and hyperglycemia occurrence while increasing the TIR.
More importantly, the simulation results are in line with recom-
mended clinical targets [7]. Additionally, Tables 3, 4, and 5 and
Fig. 4 suggest that the injection time of the slow-acting insulin
analog does not considerably affect the outcomes.

Constraints and cost functions were designed to achieve the
clinical targets by minimizing the number of daily interventions.
Table 5 shows that the median control effort required from the
patient did not exceed three events per day. Therefore, the re-
ported performance is achievable without an additional burden to
the patient, and the patient can adapt the system to their needs.
Depending on each patient’s control goals and willingness to un-
dergo more intense therapy, the parameters can be customized to
increase the number of daily interventions and thus likely improve
the CL control performance.

The sampling time used was 5 min, representing a total of 288
times per day to run both controllers. For the following analysis
the values are reported as median. The CHO controller is activated
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Fig. 6. TIR for CL MDI therapy with MPC.

8.3% of the time (24 times), suggesting CHO approximately 1.3
times daily. The corrective bolus controller is activated 12.1% of the
time (35 times) and suggests boluses about 1.5 times daily. When
the controllers are activated they use an average execution time of
0.4 s to solve the cost function. Given that they are executed about
59 times in total, this represents an approximate daily computa-
tional cost of 23.6 s. These data demonstrate that this approach
implementation substantially reduces the total computational cost.
This presents advantages such as: 1) the reduction of energy con-
sumption, which means a decrease in the total energy consump-
tion of the system since it makes less use of processing resources;
2) makes the controller more accessible for applications with lim-
ited budgets; 3) makes the controller more easily scalable to larger
and more complex systems.

“In [32] and [33], a review of studies with AP systems is pre-
sented, which have demonstrated superiority over pump systems
in OL. Both studies conclude that CL systems were superior to OL
systems in terms of glycemic control, particularly during the night,
where they have proven to be very effective and safe. Nighttime
periods are characterized by not disturbing the system much. How-
ever, there are still significant barriers to achieving daytime glu-
cose control equal to nighttime while also reducing the burden of
diabetes management during the day. This is due to the fundamen-
tal limitations of the control problem. A disturbance in the glucose
level is much faster than the response to control action, even if
anticipatory control is used [32,33]. The proposed combination of
CL control with MDI therapy may provide a balanced alternative
with similar outcomes. While nighttime performance may decrease
compared to that achieved with AP, daytime performance could be
maintained in similar ranges. Additionally, limitations of AP such
as cost or the patient being free from devices attached to the body
could be addressed by using MDI, which may be attractive to many
users, such as athletes.”

To observe the behavior of the presented strategy and compare
if it resembles what has been observed in the literature for APs
systems, we will evaluate its average TIR curve in 24 h. Figure 6,
shows the TIR over time of the day for the implemented CL MDI
therapy, the behavior suggests that the proposed strategy may pro-
vide a balanced alternative with behavior similar to that observed
for APs.

Despite not being a thorough comparison, the above mentioned
results encourage further research and testing of CL control for
MDI therapy. Additional clinical trials comparing both approaches
in free-living conditions are required to assess the practical bene-
fits of the proposed CL approach and identify the population group
that would obtain the maximum benefit.

The in silico results of this study suggest that the proposed con-
trollers can improve the outcomes of patients receiving MDI ther-
apy. However, clinical trials on free-living conditions are required
to validate these results in practice. The main limitations of this
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study include 1) the non-inclusion of physical exercise, 2) non-
inclusion of a meal bolus calculator to improve the bolus behavior,
and 3) limitation on behavioral aspects of the patient as control
actuator for administering correction boluses and eating the rec-
ommended dose of rescue CHO. On this last point, it is important
to clarify that if the patient does not comply with or delays the
control actions, the degradation of this therapy will not be affected
beyond the performance of MDI therapy in OL.

7. Conclusion

We developed two event-triggered MPC schemes for MDI ther-
apy in people with T1D. The proposed control algorithms trans-
late technology from the AP to MDI therapy to exploit its benefits.
The flexible and general framework provided by MPC allows to in-
corporate constraints and enables users to seamlessly adjust the
daily intervention. In silico results indicate that if the control ac-
tions are followed, an improvement over conventional MDI therapy
is guaranteed, even attaining clinical targets. Future work will in-
volve clinical evaluations in free-living conditions of the proposed
approach.
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Appendix A. Rescue CHO food library

Food Usual portion Serving with 5 g of CHO  GI
Liquid yogurt Unit (200 mL) 1/6 Low
Orange Medium unit (200 g) 1/4 Low
Banana Small unit (100 g) 1/4 Low
Kiwi Medium unit (100 g) 1/2 Low
Apple Medium unit (200 g) 1/4 Low
Peach Medium unit (100 g) 1/2 Low
Tangerine Medium unit (100 g) 1/2 Low
Whole yogurt Unit (125 mL) 1/3 Low
Whole milk Glass or cup (200 mL) 1/2 Low
Natural yogurt Unit (125 mL) 1 Low
Skimmed yogurt or fruit Unit (125 mL) 1/2 Low
Natural or unsweetened fruit juice  Glass or brick (200 cm?) 5/8 Low
Jam Soup spoon (25 g) 2[5 Medium
Biscuit/ladyfingers Individual commercial unit (25 g)  2/5 Medium
Ice Cream Medium ball (100 g) 1/4 Medium
Condensed milk Soup spoon (20 g) 1/2 Medium
Digestive biscuit Unit (11 g) 5/7 Medium
Raisin Handful closed hand (20 g) 3/8 Medium
Toasted chestnut Unit (10 g) 5/4 Medium
Melon Medium slice(200 g) 1/2 Medium
Commercial juice Glass or brick(200 cm?3) 5/8 Medium
Glucose Sport gel (40 g) 1/8 High
Tonic Glass or bottle (200 cm?) 1/4 High
Date Unit (12 g) 5/8 High
Dried date Unit (10 g) 3/4 High
Energy drink Can (250 cm?) 1/6 High
Soft drink (cola or flavors) Glass (200 cm3) 1/4 High
Maria cookie type Cookie (7 g) 1 High
Prince cookie type Cookie (15 g) 1/2 High
Potato chips Small bag (30 g) 1/3 High
Isotonic drink Can (330 cm?) 1/5 High
Energy bar Unit (20 g) 2/5 High
Sliced bread Sliced (25 g) 2[5 High
White bread Muffin (60 g) 1/6 High
Toast Unit (10 g) 3/4 High
Bread sticks Unit (5 g) 3/2 High
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