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Abstract

Background: People with type 1 diabetes (T1D) depend on external insulin to regulate their blood glucose level (BGL) within
the normoglycemic range between 4.0 to 7.0 mmol/L. Patients with T1D routinely conduct self-monitoring of blood glucose
through finger pricks beforeinsulininjections. An artificial pancreasis an innovative device that mimics the function of ahealthy
pancreas. Despite its recent advancement, the control algorithms used in an artificial pancreas are till lagging in delivering the
proper insulin dosage to patients with T1D. Previous researchers attempted to improve the interrel ation between parameters and
variablesin the original Hovorka equations model, later known asthe improved Hovorka equations model ; however, theimproved
equations model has not been tested in terms of its usability to regulate and control the BGL in a safe range for 2 or more people
with T1D.

Objective: This study aimed to simulate the improved Hovorka equations model using actual patients' data via MATLAB
programming coupled with enhanced model-based predicted control and determine the optimum bolus insulin. The study then
compares the performance results obtained from in-silico and clinical works.

Methods: Datafrom 3 patients were collected from clinic 1—Clinical Training Centre, Universiti Teknologi MARA Hospital,
Sungai Buloh, Selangor—upon getting approval from the Universiti Teknologi MARA Ethics Committee. Theinclusion criteria
for participation were, namely having T1D, age 11-14 years, and highly dependent on insulin injection with four or more finger
pricks or self-monitoring of blood glucose for BGL measurements per day. The patientswith T1D typically received mealsthree
times per day: breakfast, lunch, and dinner. A closed-loop algorithm (enhanced model-based predicted control) was used for the
in-silico test, whereas an open-loop therapy was used for the clinical validation. As for the data analysis of patients, P values
from amultiple linear regression were used to model the relationship between meal, insulin, and BGL.

Results:  The optimum bolusinsulins for patient 1 were 83.33, 33.33, and 16.67 mU/min; for patient 2 were 66.67, 50.01, and
33.33 mU/min; and for patient 3 were 100.02, 83.33, and 66.67 mU/min for breakfast, lunch, and dinner, respectively. Asfor the
in-silico works, the percentages of time that the BGL was on target for patients 1, 2, and 3 were 79.59%, 87.76%, and 71.43%,
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respectively, as compared to the clinical workswith <50%. A small P value (P<.001) indicated that the variables were significant.
However, when compared to the BGL profile, both profiles were not comparable in simulating the BGL for patients with T1D.

Conclusions: Thein-silico work was not comparable to the clinical work in simulating the BGL for patients with T1D dueto
the different methodologies used and the insufficient information that was reported to reproduce the calculation of the optimal

bolusinsulin.

(JMIRx Bio 2024;2:e43662) doi: 10.2196/43662
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Introduction

Methods

Diabetesisachronic diseasethat is characterized by high blood
glucoselevels (BGLS). It occurswhen betacellsin the pancreas
produce insufficient insulin or cells are unable to use insulin
effectively. Insulin is crucial in blood glucose regulations by
promoting glucose uptake, consequently lowering the BGL [1],
which should be regulated within the normoglycemic range
between 4.0 and 7.0 mmol/L [2]. Maintaining BGLs in a safe
range can help prevent long-term complications related to
hyperglycemia (high BGL) and hypoglycemia (low BGL). A
lack of insulin production in patientswith type 1 diabetes (T1D)
thus disrupts blood glucose regulation. T1D commonly occurs
in children and adolescents. The incidence of T1D is more
prevalent in Northern Europe than in the rest of the world. The
International Diabetes Federation reported 977 casesof T1D in
Malaysian children ages 0 to 19 yearsin 2019 [3]. People with
T1D must monitor their BGL via finger pricks and either
perform self-monitoring of blood glucose (SMBG) or take
multipledaily injections (MDI) of insulinto regulatetheir BGL.

The current practicefor blood glucose management isinvasive,
which causes distress to patients. Thus, the introduction of an
artificial pancreas device (APD), also known as a closed-loop
system, has improved the quality of life for people with T1D
for the last few decades. An APD has the potentia to impact
millions of people by helping regulate BGLs. Additionally,
being able to estimate this (even a low-end estimate) with
modeling work reduces material costs, time, and patient risk.
Despite the recent advancementsin APDs, the control algorithms
used are still lagging in delivering the proper insulin dosage to
peoplewith T1D. Previousworks had modified some equations
in the subsections of the Hovorka model [4], which is aso
known asthe improved Hovorkaequations model, in regulating
the BGL within anormoglycemic range (4.0-7.0 mmol/L) [5,6].
However, the improved Hovorka equations model has not yet
been tested in terms of its usability to regulate and control the
BGLs in a safe range for two or more people with T1D. This
study aimsto simulate the improved Hovorka equations model
using actual patients’ dataviaMATLAB programming (in-silico
works) coupled with enhanced model-based predicted control
(eMPC) and compareits performanceswith clinical works. This
study is a continuation of preliminary in-silico works from the
previous studies [7-9] carried out on asingle patient with T1D
using the improved Hovorka equations model .

https://bio.jmirx.org/2024/1/e43662

Ethics Approval on Data Collection for Clinical Works

Ethical approval for this study (REC/435/19) was granted by
the Universiti Teknologi MARA (UiTM) Ethics Committee
before data collection commenced (referenceletter 600-TNCPI
(5/1/6) dated 29 October 2019). The data collection and patients
information required in this study were obtained from clinic
1—Clinical Training Centre, UiTM Medical Speciaist Centre,
UiTM Hospital, Sungai Buloh, Selangor. Information sheets
weregiven, and formal consent for participation from the parents
or legal guardians of patients with T1D was obtained since the
patientswere all younger than 18 years. During the appointment,
parents or guardians of participants (ie, patientswith T1D) were
allowed to ask questions before signing the consent form. The
participants could withdraw from the study at any time without
penalty. Participants details, such as names or other personal
identifiers, remain confidential in the data used by the
researchers.

A total of 3 patientswith T1D wererecruited following informed
consent. The inclusion criteria of patients were patients with
T1D; age 11-14 years, and highly dependent on insulin injection
with four or more finger pricks or SMBG for BGL
measurements per day, MDI of insulin, and awell-documented
bolusinsulin requirement. The exclusion criteria were patients
with T1D with evidence of hypoglycemia unawareness; known
or suspected alergy to insulin; or established neuropathy,
nephropathy, and retinopathy. Patients with T1D attended the
clinic every 3 months and required blood taking as routine
follow-up care. The amount of blood taken by the pediatrician
was 5 mL each for fasting glucose and fasting insulin and was
taken once. The additional data required included the patient’s
name, age, gender, race, body weight, BMI, type and amounts
of meals consumed (specifically carbohydrates), meal time and
duration, T1D history (years diagnosed with T1D), fasting
plasmaglucose level, fasting plasmainsulin level, bolusinsulin
administered, and other relevant information. The patientswith
T1D typically received meals three times per day: breakfast,
lunch, and dinner. The patients’ data were termed clinical data
(clinical work) throughout the study. Table 1 summarizes the
demographic profiles of the patientswith T1D, including gender,
age, and body weight.

Table 2 provides a 24-hour meal summary for al patients that
includes meal time and duration, and amounts of meals
consumed (in grams of carbohydrates).
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Table 1. Demographic profiles of patients with type 1 diabetes.

Som et al

Patient Gender Age (years) in 2020 Body weight (kg)
1 Male 13 27.0
2 Female 11 26.3
3 Mae 14 49.9

Table 2. Meal summaries for patients 1-3 over 24 hours.

Meal Mealtime (hours passed since simulation started at 5 AM) Meal duration (min) Total carbohydrates (g)
Patient 1
Breakfast 7:30 AM (2.5 h) 30 36
Lunch 1:30 PM (8.5 h) 30 36
Dinner 7PM (14 h) 30 47
Patient 2
Breakfast 6AM (1h) 10 30
Lunch 1PM (8h) 20 41
Dinner 8PM (15 h) 20 49
Patient 3
Breakfast 8:15AM (3.5 h) 30 67
Lunch 3PM (10 h) 10 124
Dinner 8:45PM (15.5h) 15 47

Mathematical Model for In-Silico Works

The improved Hovorka equations [5,7] based on the Hovorka
model [4] are specifically designed for people with T1D. The
diagram of theimproved Hovorkaequations model isillustrated
in Figure 1 [7]. The model has two inputs: meal disturbances
and bolus insulin. It comprises three subsystems:. the glucose
subsystem, insulin subsystem, and insulin action subsystem.
Equations 1 and 2 are used for the glucose subsystem:

o

dQ, () Fo,©
—4r = EGRy + Ug +0.01Q; + [X1 K1 + X Koz + X3Kyys] — FRQq — ) Q
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otherwise

Fo = {0.003(6 —-9)V; if G=9 mmolL™? @
R 0 otherwise

where Q; (mmoal) is the mass of glucose in an accessible
compartment; Q, (mmol) is the mass of glucose in a
nonaccessible compartment; K1, Ky11, Kyzr Koo Kz @nd Kyas
(min™) areactivation rates; k, (min™) isthetransfer rate; EGP,
is the endogenous glucose production (EGP) extrapolated to
zeroinsulin concentration; V¢ (L/kg) isthe glucose distribution
volume; G (mmol/L) is the glucose concentration; x4, X,, and
X5 are the effects of insulin on glucose transport and distribution,

glucose disposal, and EGP, respectively; Fo,¢ (mmol min~kg™)
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is the total non-insulin-dependent glucose flux; and Fg
(mmol/min) isthe renal glucose clearance.

When a meal is consumed, the carbohydrate content will be
broken down into glucose before being converted into energy,
thus increasing the BGL. Equation 5 was used for observing

the effect of meal disturbances on BGLSs.
_ DgAgte ~t/tmax,G )

G 2

tma\x,G

where Dg isthe amount of carbohydrates digested (mmol), Ag

is the carbohydrate availability, and t,,c is the
time-to-maximum of carbohydrate absorption (min).
Equations 6-8 show the insulin subsystem. Insulin is

administered subcutaneously. Thismethod islessinvasive than
the intravenous method, in which insulin is injected directly
into the bloodstream.
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The insulin absorption rate in the bloodstream is given in
equation 9.
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where S; and S, (mU) are the insulin sensitivity in accessible  1dx,
and nonaccessible compartments, respectively; u(t) (mU/min) dt
istheinsulininfusion rate; t, . (Min) isthe time-to-maximum

T = ek + Kl ® + Kyna1©

d
of insulin absorption; U, (mU/min) is the insulin absorption [%] = Ka2X5 () + Kyl (1) + kyy221(0)

rate; V, (L/kg) istheinsulin distribution volume; and k., (mi n?)

. . .. d
isthe fractional elimination rate. X3

E] = KasX3(t) + kgl (1) + Kyl (1)
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10)

an

12)

Theinsulin action subsystem isshownin equations 10-12. The The constants and parameters involved in the equations are
insulin-glucose interaction can be observed in this subsystem.  shown in Tables 3 and 4, respectively.

Figure 1. Schematic diagram of the improved Hovorka equations model.
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K . ks
a3
X3 K33
Insulin action
subsystem
Table 3. Constant values of the improved Hovorka equations model [7,10].
Symbol Constant Value and unit
k12 Transfer rate from nonaccessible to accessible compartment 0.066 min™t
Ka1 Deactivation rate of glucose 0.006 min~t
Ka2 Deactivation rate of glucose 0.06 min—
Ka3 Deactivation rate of glucose 0.03 min~
kw1 Activation rate of glucose 50.1 mint
kw11 Activation rate of glucose 10 mint
kw2 Activation rate of glucose 50.1 mint
K22 Activation rate of glucose -0.01 mint
Kw3 Activation rate of glucose 50.1 min—t
Kwaz Activation rate of glucose —0.01 min?
ke Insulin elimination from plasma 0.138 mint
V| Insulin distribution volume 0.12 Lkg‘l
Vg Glucose distribution volume 0.16 Lkg‘l
Ac Carbohydrate bioavailability 0.8 (unitless)
tmax,G Time-to-maximum of carbohydrate absorption 40 min
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Table 4. Parameter values of the improved Hovorka equations model [7,10].

Symbol Parameter Value and unit

EGPq Endogenous glucose production extrapolated to zero insulin concentration 0.0161 mmol kg‘l min=
Fo1 Nonnsulin-dependent glucose flux 0.0097 mmol kg‘l min
tmax| Time-to-maximum of absorption of subcutaneously injected short-acting insulin 55 min

Mealsand Insulin Requirement

The in-silico work on the meal disturbances was based on the
patients daily meal intake. Table 5 shows an example of the
amount of daily mea intake, specifically carbohydrates,
suggested for 13-year-old male patients. The suggested meal

intake is based on the total daily calorie requirement, which
varies according to age and gender (refer to Table 6). It consists
of breakfast, lunch, and dinner, which are adopted into the
in-silico work using the improved Hovorka equations model.
Generally, 50% of the calorieintake comes from carbohydrates
[11].

Table 5. Example of amount of carbohydrate (CHO) intake for a 13-year-old male patient.2

Meal Time CHO (g) CHO (moal) CHO (mmol)
Breakfast 6 AM 60 2.068 2068
Lunch 12 PM 90 3.102 3102
Dinner 7PM 90 3.102 3102
Total _b 240 8.272 8272

330urce: patient with type 1 diabetes at clinic 1—Clinical Training Centre, Universiti Teknologi MARA Medical Specialist Centre, Sungai Buloh.

BNot applicable.

Table 6. Daily energy (calorie) requirement by weight for children and adolescents [12].

Age Energy (kcal/kg/day)
0-6 months =108

7-12 months >98

1-3 years 102

4-6 years 90

7-10 years 70

11-14 years Male: 55; femade: 47
15-18 years Male: 45; femae: 40

The calculations of carbohydrateintake and insulin requirement
can be further explained in the following example.

For a 13-year-old male patient with T1D and a body weight of
36 kg, the daily energy (calorie) requirement by weight based
on Table 6 for male patients ages 11-14 years can be cal culated
as.
Daily energy (calorie) requirement by weight = 55 kcal/kg/day
So, 55 kcal/kg/day % 36 kg = 1980 kcal/day

50% of calories intake comes from CHO:
Therefore, ? = 990 kcal/day CHO
.4 kcal = 1g CHO (unit conversion)

92—0 —247.5g CHO = 240g CHO*

Referring to the previous calculation, a patient with a body
weight of 36 kg required approximately 240 grams of
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carbohydrates. The bolus (exogenous) insulin required per day
can be cd culated based on thisvalue. If excessinsulinisinfused,
patients may experience hypoglycemia (low BGL) [13].
Generally, 1 unit of rapid-acting insulin can cover 10-15 grams
of carbohydrates [14]. However, this range can vary from 6 to
30 grams depending on the individual’s sensitivity to insulin,
and insulin sensitivity for anindividual may vary for adifferent
period [14]. The total daily dose (TDD) of insulin can be
calculated based on theinsulin-to-carbohydrate ratio used, which
is 1:15, as shown in equation 13.

TDD = Total amount of CHO intake (13)

+ 15 g of CHO disposed of by 1 unit of insulin

Therefore,

TDD = 240 g CHO + 15 g of CHO disposed of by 1 unit of
insulin

TDD = 16 units of rapid-acting insulin

JMIRX Bio 2024 | vol. 2 | e43662 | p. 5
(page number not for citation purposes)


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

JMIRX Bio

TheTDD of insulin required to cover 240 grams of carbohydrate
intake is 16 units based on the above calculation. In addition,
afew parameters related to the patient’s body weight are being
considered, including V,, Vg, EGP,, and Fy; as seen in Tables
3 and 4. Ancther calculation example is shown below.

For patient 1, with a body weight of 27 kg, the following
parameter values were used:

Vi = 0.12 L/kg X 27 kg = 3.24 L
Vg = 0.16 L/kg x 27 kg = 4.32 L

mmol mmol
EGP, = 0.0161 —— /kg X 27 kg = 0.4347 —
min min
For = 0.0097 22 e x 27 kg = 0.2619 11
o1 = = min /8 =" min

The same equations were applied to patients 2 and 3 with abody
weight of 26.3 kg and 49.9 kg, respectively.

Consequently, all simulated data via in-silico works for the 3
patientswith T1D were collected and plotted to produce profiles
of BGL versustime for each patient. Upon completion of data
collection and construction of sufficient BGL versus time
profiles for both clinical and in-silico works, these two results
were analyzed and compared for any similarities or differences.

Enhanced M odel Predictive Control

The eMPC used in this study is an extension of MPC, which
uses a mathematical model of a system to predict its future

Figure 2. Genera concept of model predictive control.
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behavior over a certain period. The prediction was then used to
determine the optimal control to achieve the desired objective.
To control the BGL in patientswith T1D, eMPC wasintegrated
into the improved Hovorka equations model meant for patients
with T1D to predict BGLs in response to different insulin
dosages and other inputs, thus optimizing the insulin dosing in
real time. The model considers factors that influence the
outcome of the BGL profile such as the current BGL, amount
of carbohydrates consumed, and time and duration of mealsand
insulin. The eM PC algorithm usesthese predictionsto calculate
the optimal insulin dosage so patients can achieve a desired
BGL target range.

Figure 2 [15] illustrates the general concept of MPC. The
prediction horizon, P, would be the outcome of the BGL based
on the previous inputs, u, insulin infusion rate, and meal
disturbances. Constraints were imposed such that the target
range for BGL, G(t), was within the normoglycemic range of
4.0to 7.0 mmol/L. The set pointisset to 5 mmol/L. Theinsulin
infusion rate, u(t), was between 0 to 35 U/hr based on the current
insulin pump specification [ 16]. The control algorithm predicted
the BGL output to be closer to the set point. TheeM PC isprone
to deliver moreinsulin to counter the hyperglycemiaevent. The
controller is aso able to shut down insulin pump infusion to
minimize the occurrence of hypoglycemia.

@ Pastoutput Past Future
O Predicted future output
_ East control | Set point
uture contrel | . _______ D___e___o___O.__e_.
Output, y fo) (o]
® o ® (@] Control horizon, M
-==" u
2 1 I Fmm—————-
: I 1 Manipulated
Py Input, u 1 s l_ -— variable (MV)
1 I R |
I I 1
[ ] - 1 I
Prediction horizon, P
e Sample time
——
| | | | ] | |
| | | I | I |
k-2 k-1 k k+1 k+2 k+M-1 k+P

Initial valuesfor S, S,, X4, X,, and Xz were set at zero since the
insulin had not been injected into the patient’s body, and the
insulin  being administered, which caused glucose
transport/distribution, glucose disposal, and EGP, had not yet
occurred. The bolus insulin for each meal was obtained on a
trial-and-error basis to minimize the BGL to the normal range
while avoiding hypoglycemia (<4.0 mmol/L). Since the blood
glucose (ta =40 min) reached the bloodstream sooner than
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RenderX

the insulin (t,5 =55 min), the bolus insulin was administered
30 minutes before a meal due to the time lag for insulin to
penetrate the skin and take effect. Figures 3 and 4 show a part
of the control system algorithm for glucose, G(i), and bolus
insulin, u(i). When the BGL falls below the range, the insulin
pump stops delivering insulin. In contrast, the insulin is
continuously delivered when the BGL is above 4.0 mmol/L.
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Figure 3. Part of the control system algorithm: glucose.
% Glucose
G(i)
if G(i)>»>=4.5
Fc 01 =
else
Fc 01 =
end
if G(i)>=5
Fr(i) =
else
Fr(i) = 0;
end

Figure 4. Part of the control system agorithm: bolusinsulin.

% Bolus

insulin
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= Ql(1)/vy;

FOLl;

FOl1*G(1i)/4.5;

0.003*%(G(1)-9)*Vg;

if t(i)>=120 && t(i)<=121

u(i) =

83.

33;

elseif t(i)>=480 &s& t(i)<=481

u(i) =

33.33;

elseif t(i)>=810 && t(i)<=811

u(i) = 16.67;
else
if G(i) <= 4
u(i) = 0;
else
u(i) = u(l); su(l)
end

end

The in-silico work of BGLs against time was conducted, and
theresultswere compared to the clinical work. The comparison
focused on assessing how well the in-silico model performed
in controlling BGLs. This evaluation helps determine the
accuracy and effectiveness of the in-silico model in mimicking
real-world BGL dynamics.

Data Analysis of Patients

Previously, the BGL profiles for both works were created. The
BGL profiles in the clinical work were done manually by
inserting related data and plotting the BGL profiles using
Microsoft Excel 2016. Conversely, the BGL profilesinthesilico
work were generated using MATLAB R2015a (MathWorks).
From there, the pattern of blood glucose profiles was observed
and identified, such as the time of day when BGLs tend to be
the highest or lowest, the frequency of hypoglycemic and
hyperglycemic events, and the variability of BGLs. The BGL
profiles were used to evaluate the patients' glycemic control
over the selected time frame by calculating the average BGL
and the percentage of time spent in different glycemic ranges,
such as hypoglycemia, normoglycemia, and hyperglycemia,
among other things.

Thus, Microsoft Excel 2016 was used to facilitate the data
analysis work. Data such as the amounts of meals (grams of
carbohydrates), mealtime and duration, and amount of plasma
insulin and plasma glucose were used. A regression analysis
was selected, which is a statistical method generally used to

https://bio.jmirx.org/2024/1/e43662

analyze the relationship between two or more variables. A
multiplelinear regression (MLR) isatype of regression analysis
that is done to analyze the relationship between two or more
independent variables and a dependent variable. In this case,
the two independent variables were the amounts of meals
consumed and insulin administered, while the dependent
variable was the predicted BGL. The following steps were
performed for the MLR.

The first step was to enter the data into the Excel spreadsheet
with one column for the dependent variable and one or more
columns for the independent variables. From the data tab, data
analysis containing various analysis tools was selected. The
regression analysis was chosen where the selected input of the
y range was the BGL outcome and the inputs of the x range
were meas consumed and insulin administered. A new
worksheet tab appeared, giving the summary output of the
regression stetistics and other relevant information. The
probability value (P value) and coefficient of determination

(RY) are important statistical measures used in regression
analysis. The P value was used to test the research hypothesis
(whether to regject or support the null hypothesis). A small P
value (P<.05) indicates that the relationship between the

variables is significant and the null hypothesis is rejected. R?
measures how much the independent variables explain the

variation in the dependent variable. A high R? value indicates
abetter fit of the model to the data.
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Results

Simulation of M eal Disturbances

The amount of food consumed during a meal, especialy
carbohydrates, has been shown to impact the meal rate directly.
When people consume larger meals, they tend to eat at aslower
rate, taking more time to chew and swallow their food. Thisis
likely because larger meals require more time and effort to eat,
resulting in a reduced meal rate as opposed to smaller meals
[17]. Besides, the meal duration a so has an impact on the meal
rate. A shorter meal duration is associated with a faster meal
rate than alonger one[18]. The calculation of the meal rate was
referred toin [19]. The meal rates were determined by dividing
the total carbohydrates (in grams of carbohydrates) by mesal
duration (in minutes).

Table 7. Meal ratesfor patients 1-3.

Som et al

The meal rate calculation is as follows:

Total of carbohydrates (g CHO)
Meal duration (min)

Therefore, take patient 1 as an example:

Meal rate (g CHO/min) = 14

36 gCHO
30 min

CHO
Meal rate (g CHO/min) = 1.2 g——

Meal rate (g CHO/min) =

The same thing applies to other meals for all patients and is
summarized in Table 7. All patients consumed each meal at a
different duration between 10 to 30 minutes. The simulation
started at 5 AM, and patients had their first meal at least 1 hour
after, that is, at 6 AM and onward.

Meal Meal duration (min) Carbohydrates (g) Medl rate (g/min)
Patient 1
Breakfast 30 36 1.20
Lunch 30 36 1.20
Dinner 30 47 157
Patient 2
Breakfast 10 30 3.00
Lunch 20 41 2.05
Dinner 20 49 245
Patient 3
Breakfast 30 67 2.24
Lunch 10 124 12.40
Dinner 15 47 3.00

Based on the table, patient 1 has a fixed meal duration of 30
minutes for each meal. Although patient 1 consumed asmaller
meal amount, patient 1 had the lowest meal rate due to longer
meal duration. Patient 2 also had a fixed meal duration of 20
minutes, except for breakfast, which took only 10 minutes. The
meal rate for patient 2 was comparatively similar to patient 1
since the meal amount and duration were quite close to one
another. Patient 3 did not have a fixed meal duration, varying
between 10 to 30 minutes for each meal. Patient 3 also

Table 8. Blood glucose reading for patient 1 in 24 hours.

consumed the largest meal in a shorter duration during lunch,
thus having the largest meal rate.

The Effect of M eal Disturbanceson BGL Profiles
Between Clinical and In-Silico Works for Patient 1

In this section, in-silico works of BGL s with three meals were
performed for patient 1. ThisBGL profile between clinical and
in-silico works was compared and analyzed. The BGL profile
was simulated using the improved Hovorka equations model.
The patients' premeal and postmeal BGLsin clinical works are
shownin Table 8.

Meal

Blood glucose level (mmol/L)

Premeal Postmeal
Breakfast 6.3 10.1
Lunch 15.2 193
Dinner 12.2 17.8

Figure 5 shows the BGL profile in aday for patient 1 for both
clinical and in-silico works. Each peak shown in the graphsis
the BGL fluctuation during breakfast, lunch, and dinner. The

https://bio.jmirx.org/2024/1/e43662

red line represents the normoglycemic range of 4.0 to 7.0
mmol/L. The blue and orange lines represent BGL profiles for
in-silico and clinical works, respectively.
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Figure5. Blood glucose profilein aday between clinical and in-silico works for patient 1.
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As shown in Figure 5, during the fasting stage (or no meal
disturbances), patient 1 in the clinical work recorded a BGL
value of 6.3 mmol/L; whereas in the in-silico work, it was 6.9
mmol/L. Initially, the BGL trends were similar during the first
3 hours. The BGL then fluctuated during breakfast, lunch, and
dinner. However, the BGL in the in-silico work managed to
achieve the normoglycemic range afew hours past the mesdl, as
opposed to the patient in the clinical work who experienced
hyperglycemia most of the day and only achieved
normoglycemia for 18.37% of the time (ie, during breakfast).
The average BGLs for the patient in the clinical and in-silico

Table 9. Blood glucose reading for patient 2 for 24 hours.

workswere 13.21 mmol/L and 5.74 mmol/L, respectively. The
highest BGL recorded in the clinical trials was 19.30 mmol/L
post lunch. Inthein-silico work, the highest BGL recorded was
9.31 mmol/L post dinner and normoglycemia was achieved
79.59% of the time.

The Effect of Meal Disturbanceson BGL Profiles
Between Clinical and In-Silico Works for Patient 2

In this section, in-silico works of BGL with three meals were
performed for patient 2 and then compared and analyzed with
the clinical works. The patient’s premeal and postmeal BGLs
in the clinical works are shown in Table 9.

Meal Blood glucose level (mmol/L)

Premeal Postmeal
Breskfast 7.2 9.2
Lunch 9.2 7.8
Dinner 7.8 6.5

Figure 6 shows the BGL profile in aday for patient 2 for both
clinical and in-silico works. As shown in the figure, the BGLs
recorded for clinical and in-silico works at the fasting stage
were 7.2 mmol/L and 6.9 mmol/L, respectively. It can be
observed that the BGL profiles are quite similar in both works,
especiadly post dinner. The average BGLs recorded for the
patient in the clinical and in-silico works were 7.73 mmol/L
and 5.29 mmol/L, respectively. The highest BGL recorded for

https://bio.jmirx.org/2024/1/e43662

RenderX

patient 2 in the clinical work was 9.2 mmol/L, while in the
in-silicowork, it was 7.9 mmol/L. Patient 2 in thein-silico work
stayed in the normoglycemic range for 87.76% of the time
compared to the clinical work, which was 30.61% of the time.
Even though patient 2 in the clinical work was unable to attain
a longer duration of normoglycaemia, the BGL remained
relatively low and closer to the normoglycemic range throughout
the day.
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Figure 6. Blood glucose profilein aday between clinical and in-silico works for patient 2.
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The Effect of M eal Disturbances on BGL Profiles
Between Clinical and In-Silico Works for Patient 3

Thein-silico works of BGL versus time with three meals were

then compared and analyzed with the clinical works of patient

Table 10. Blood glucose reading for patient 3 for 24 hours.

3. Thepatient’s premeal and postmeal BGL intheclinical works
are shown in Table 10.

Meal

Blood glucose level (mmol/L)

Premeal Postmeal
Breskfast 11.2 10.3
Lunch 10.3 14.3
Dinner 14.3 9.3

Figure 7 shows the BGL profile in aday for patient 3 for both
clinical and in-silico works similar to the previoustwo patients.
Initially, the BGLsrecorded for the clinical and in-silico works
were 11.2 mmol/L and 6.9 mmol/L, respectively. Here, one can
observe that the postmeal BGLs are similar in both works.
Throughout the day, the patient in the clinical work experienced
hyperglycemia and was unable to reach the normoglycemic

https://bio.jmirx.org/2024/1/e43662

RenderX

range, with the lowest BGL recorded being only 9.3 mmol/L.
Conversely, normoglycemic rangefor the patient in thein-silico
work was achieved 71.43% of the time. The average BGLsfor
patientsin the clinical and in-silico works were 11.00 mmol/L
and 6.22 mmol/L, respectively. The highest BGL recorded in
the clinical and in-silico works were 14.3 mmol/L and 11.6
mmol/L, respectively.
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Figure 7. Blood glucose profilein aday between clinical and in-silico works for patient 3.
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Optimum BolusInsulin for Blood Glucose Regulations

Bolusinsulinisused to control BGL at mealtime. The best time
for insulin injection depends on the type of insulin used and the
individual’s need to achieve optimal BGL targets and reduce
diabetes complications. The insulin is typically injected
subcutaneously, either with a syringe or an insulin pen, and
taken shortly before or after ameal [20]. The amount of bolus
insulin needed depends on factors such as age, body weight,
the amount of carbohydrates in the meal consumed, insulin
sensitivity, and physical activity [21-23]. These factors help
patients to determine the appropriate dose of bolus insulin
needed.

Table 11. Amount of bolusinsulin administered.

Patientsin the clinical work were given insulin during mealtime
asopposed to thein-silico work inwhich theinsulin wasinjected
30 minutes before a meal. Additionally, it is important to
consider thetiming of bolusinsulin administration. Giving bolus
insulin too early beforeameal or too late after ameal can result
in hypoglycemiaand hyperglycemia, respectively. So, the bolus
insulin administration was timed appropriately to match the
timing of carbohydrate intake.

In this study, all patients used rapid-acting insulin to manage
their BGL during mealtime to ensure their BGL would not
deviate too far from the normoglycemic range (ie, 4.0-7.0
mmol/L) after each meal. Table 11 summarizes the amount of
bolusinsulin administered for al patientsin thein-silico work.

Meal Bolusinsulin (mU/min)

Patient 1 Petient 2 Patient 3
Breakfast 83.33 66.67 100.02
Lunch 33.33 50.01 83.33
Dinner 16.67 33.33 66.67

Data Analysisfor Patients

Asfor thedataanalysisof patientsbetween clinical and in-silico
works, an MLR was used to model the relationship between
meals, insulin, and BGL. The probability value (P value) isan

https://bio.jmirx.org/2024/1/e43662
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important statistical element used to assess the significance of
the relationship between these variables as well as to evaluate
the accuracy of the simulation results. Table 12 summarizesthe
dataanalysis between clinical andin-silico worksfor al patients.
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Table 12. Dataanalysis between clinical and in-silico worksfor al patients.
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P value
Clinical work In-silico work
Patient 1 244 x 1078 417x 107
Patient 2 337x 1078 414x 107
Patient 3 372 x 10~ 9.96 x 107
Discussion consumed, referring to Figures 5-7. Since the time for glucose

Principal Findings

Observing the BGL trend for all patients in both works, the
in-silico work performed better in managing BGL s as compared
totheclinical work. Patientsin the clinical work rarely achieved
the glycemic target, 4.0 to 7.0 mmol/L. Patients 1 and 2 only
achieved the target range during the morning and evening,
respectively, whereas patient 3 did not achieve the target at all.
The patients in the in-silico work were able to achieve the
glycemic target more than 70% of the time as compared to the
clinical work, which was |ess than 50% of the time.

The comparison of BGL against time between clinical and
in-silico works can be challenging, especially when clinical
dataislimited, and, inthis case, a continuous glucose monitoring
(CGM) deviceisnot used. Thus, the BGL profiles are different
since patients in the clinical work used conventional methods
to monitor their BGL (ie, SMBG and MDI); therefore, only a
snapshot of BGLsat aparticular timeisavailablefor comparison
as seen in Figures 5-7. Studies have shown that the use of a
CGM device can improvethetimein rangein clinical settings,
thus improving the BGL profiles [24,25].

In this case, the only available data point was the focus since
the clinical data was limited and did not cover the entire time
span. While BGL simulations can help predict how the BGL of
apatient with T1D may change under different conditions, they
are not always accurate. This is because the mathematical
models used in the simul ations are based on assumptions about
how the body works, and these assumptions may not always
hold for every individual . Additionally, the simulation may not
consider all the complex factors that can affect BGLS, such as
exercise, stress, or illness. BGL monitoring can a so be subjected
to errors and variability in clinical settings. Factors such asthe
accuracy of the glucose meter or sensor, the timing and
frequency of measurements, and the variability of patients
responses to interventions (eg, meals, physical activities, and
medication) can all affect thereliability and accuracy of clinical
BGL monitoring.

Based on Table 11, all patients were injected with moreinsulin
in the morning, and the daily doses continued to decrease.
Although the insulin sensitivity varies depending on the time
of the day with reduced sensitivity inthe evening [26,27], it can
be observed that these patients have low insulin sensitivity in
the morning; hence, they require more insulin doses to cater to
the sudden BGL fluctuation. Patients' insulin sensitivity
increases at lunch and dinner, asthey require less bolusinsulin
to regulate the BGL. Despite larger bolus insulin doses given
before mealtime, there is still a peak shortly after the meal is

https://bio.jmirx.org/2024/1/e43662

absorption (tyx =40 minutes) is smaller than the time for
insulin absorption to take effect (t . =55 minutes), the glucose

reachesthe bloodstream sooner than theinsulin, although insulin
isinfused earlier.

Among all patients, patient 3 injected the most amount of insulin
compared to others since patient 3 weighed the heaviest, besides
consuming the largest total amount of meals. Since increased
body weight decreases insulin sensitivity, the patient's
requirement for bolus insulin also increased [28]. In contrast,
patients 1 and 2 in thein-silico work required less bolusinsulin
to control BGL sthan patient 3 asthey had lighter body weights
and consumed meals in smaller portions. Their BGLs in the
in-silico work only deviated slightly above the normoglycemic
range throughout the day and were relatively more stable.

The probability value or P value is a statistical measure that
indicates the probability of obtaining the observed resultsif the
null hypothesisistrue. The value is between Oto 1. A P value
<.05 is often considered statistically significant, meaning there
isstrong evidence against the null hypothesis, so the hypothesis
isrejected. Based on Table 12, all patientsin both clinical and
in-silico works had a low P value (P<.001), which indicates
that the variables are significant. However, when a comparison
was made onthe BGL profile, both profileswere not comparable
due to different methodologies adopted in the design of the
study.

Limitations of the Study

Therearetwo main limitations discovered from the study, which
in turn, make it infeasible to address the goal of determining
the accuracy and effectiveness of the in-silico model in
mimicking real-world BGL dynamics. First, different protocols
and conditions were adopted in the methodology for theclinical
and simulation works. As stated earlier, the open-loop therapy
was used in the clinical work for evaluation purposes, whereas
the closed-loop algorithm with eMPC was used in thein-silico
test. To address this limitation for future work, it is essentia to
modify the simulation of the model to make the results more
comparable with the clinical data. For instance, it is suggested
that in the simulation work, the improved Hovorka equations
model could be simulated using the same bolus, basal insulin,
and meal carbohydrates used in the clinical trial. By doing so,
they could compare the model output with each glucose
measurement, preferably when CGM is available at our clinic
for future use.

Second, the reported information was insufficient to reproduce
the calculation of the optimal bolusin thein-silico simulations.
The insulin bolus was computed by trial and error as
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programmed earlier in its closed-loop algorithm. Since one of
the main goals of the study is to determine the optimal bolus
insulin, it would be advisable to detail the method followed to
calculateit in the development of its new control algorithm for
future works.

Conclusions

Through in-silico work using the improved Hovorka equations
model and eMPC, the optimal amount of bolusinsulin required
to maintain BGLs within the normoglycemic range for
adolescents with T1D has been determined. This approach
demonstrates promising potential for precise insulin dosing
strategies that aim to achieve stable glycemic control in
real-world clinical scenarios. It was observed that patients had
lessinsulin sensitivity in the morning, thus more bolus insulin
was administered, and the amount gradually decreased
throughout the day. The optimum bolus insulin for patient 1
was 83.33, 33.33, and 16.67 mU/min; patient 2 was 66.67, 50.01,
and 33.33 mU/min; and patient 3 was 100.02, 83.33, and 66.67
mU/min for breakfast, lunch, and dinner, respectively.

Som et al

Based on the comparison of BGL profiles between both clinical
and in-silico works, patients in the clinical works experienced
hyperglycemia most of the time and achieved the
normoglycemic range less than 50% of the time. Conversely,
there is a dgignificantly increased time spent in the
normoglycemic range for patients in the in-silico works using
the improved Hovorka equations model with patients 1, 2, and
3 beingin anormoglycemic range 79.59%, 87.76%, and 71.43%
of thetime, respectively. In conclusion, thein-silico work using
the improved Hovorka equations model was not comparable to
the clinical worksto simulate BGLswith meal disturbancesfor
people with T1D due to different methodologies adopted for
both works as well as insufficient information for reproducing
the calculation of the optimal bolusin thein-silico simulations.
It is therefore recommended to, first, modify the simulation
work of theimproved model using the same bolus, basal insulin,
and meal carbohydrates used in the clinical trial and, second,
detail the method followed to calculate it in the devel opment
of anew control algorithm for future work.

Acknowledgments

The authors would like to thank the School of Chemical Engineering, College of Engineering, Universiti Teknologi MARA
(UiTM) and the Paediatric Department, Faculty of Medicine, UiTM for all the support and assistance rendered. The authors
sincerely acknowledge the participation of people with type 1 diabetesin this study.

The authors wish to acknowledge and extend their gratitude to the Ministry of Higher Education, Maaysia, and Research
Management Centre, UiTM, for the financial support given under grant 600-RMC/GPK 5/3 (222/2020).

Data Availability
All data sets are presented in the main manuscript.

Authors Contributions

NAMS conducted the programming work. AMS, NSMN, SAA, and MAA analyzed the data and supervised the overall research.

NAMS and AMS wrote the paper.

Conflictsof Interest
None declared.

References

1. LeeJ Dassau E, Gondhalekar R, Seborg D, Pinsker JE, Doyle FJ. Enhanced model predictive control (eM PC) strategy for
automated glucose control. Ind Eng Chem Res. Nov 23, 2016;55(46):11857-11868. [ FREE Full text] [doi:

10.1021/acs.iecr.6b02718] [Medline: 27942106]

2. Mayer-DavisE, KahkoskaA, Jefferies C, DabeleaD, Balde N, Gong C, et a. ISPAD Clinical Practice Consensus Guidelines
2018: definition, epidemiology, and classification of diabetesin children and adolescents. Pediatr Diabetes. Oct 2018;19
Suppl 27(Suppl 27):7-19. [FREE Full text] [doi: 10.1111/pedi.12773] [Medline: 30226024]

3. IDF Diabetes Atlas, Ninth edition. Brussels, Belgium. International Diabetes Federation; 2019.

4.  HovorkaR, Canonico V, Chassin L, Haueter U, Massi-Benedetti M, Orsini Federici M, et al. Nonlinear model predictive
control of glucose concentration in subjects with type 1 diabetes. Physiol Meas. Aug 2004;25(4):905-920. [doi:

10.1088/0967-3334/25/4/010] [Medline: 15382830]

5. Yusof NFM, Som AM, lbrehem AS, Ali SA. Parameter addition in interaction of glucose and insulin for type 1 diabetes.
2012. Presented at: IEEE-EMBS Conference on Biomedical Engineering and Sciences; December 17-19, 2012; Langkawi,

Malaysia. [doi: 10.1109/iecbes.2012.6498071]

6.  Yusof NFM, Som AM, Ibrehem AS, Ali SA. System identification in modified diabetic model for nanochip controller.
Adv Materias Res. Jun 2014;938:299-304. [doi: 10.4028/www.scientific.net/amr.938.299]

7.  Som AM, Yusof NFM, Ali SA, Fuzil NS. Meal disturbance effect on blood glucose control for type 1 diabetes using
improved Hovorka equations. Key Eng Materials. 2019;797:158-167. [doi: 10.4028/www.scientific.net/kem.797.158]

https://bio.jmirx.org/2024/1/e43662

IMIRx Bio 2024 | vol. 2 | e43662 | p. 13
(page number not for citation purposes)


https://europepmc.org/abstract/MED/27942106
http://dx.doi.org/10.1021/acs.iecr.6b02718
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27942106&dopt=Abstract
https://europepmc.org/abstract/MED/30226024
http://dx.doi.org/10.1111/pedi.12773
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30226024&dopt=Abstract
http://dx.doi.org/10.1088/0967-3334/25/4/010
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15382830&dopt=Abstract
http://dx.doi.org/10.1109/iecbes.2012.6498071
http://dx.doi.org/10.4028/www.scientific.net/amr.938.299
http://dx.doi.org/10.4028/www.scientific.net/kem.797.158
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIRX Bio Som et d

8.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

Som AM, Yusof NFM, Ali SA, Sohadi NAM, Maarof AM, Nor NSM. In-silico works on the control of blood glucose level
for type 1 diabetes mellitus (T1DM) using improved Hovorka equations. Int J Pharma Med Bio Sci. 2020:144. [doi:
10.18178/ijpmbs.9.4.144-151]

Sohadi NAM, Som AM, Nor NSM, Ali SA, PacanaNDA. Control of blood glucose level for type 1 diabetes mellitus using
improved Hovorka equations: comparison between clinical and in-silico works. Afr J Diabetes Med. Dec 2020;29(1):1-11.
Som AM, Yusof NFM, Ali SA, Zawawi N. Simulation work on blood glucose control for type 1 diabetes using modified
Hovorka equations. Pertanika J Sci Technol. 2019;27(4):1527-1538.

Dietary guidelines for Americans. Department of Health and Human Services. 2005. URL: https://health.gov/sites/defaul t/
files/2020-01/DGA 2005.pdf [accessed 2007-06-07]

Baracco R, Kamat D. Pediatric nephrology. Pediatr Ann. Jun 01, 2020;49(6):e248-e249. [doi:
10.3928/19382359-20200520-03] [Medline: 32520364]

Yusof NFM, Som AM, Ibrehem AS, Ali SA. A review of mathematical model describing insulin delivery system for type
1 diabetes. J Appl Sci. 2014;14(13):1465-1468. [doi: 10.3923/jas.2014.1465.1468]

Calculating insulin dose. Diabetes Education Online. 2019. URL : https://dtc.ucsf.edu/types-of-diabetes/typel/
treatment-of -type-1-di abetes/medi cati ons-and-therapi es/type-1-insulin-therapy/cal cul ating-insulin-dose/ [ accessed 2024-08-01]
Richaet J, Rault A, Testud JL, Papon J. Model predictive heuristic control. Automatica. Sep 01, 1978:413-428. [doi:
10.1016/0005-1098(78)90001-8]

The MiniMed™ 770G System. Medtronic Diabetes. 2023. URL: https://www.medtronicdiabetes.com/products/
minimed-770g-insulin-pump-system#viewspecs [accessed 2024-08-01]

Bolhuis D, Forde C. Application of food texture to moderate oral processing behaviors and energy intake. Trends Food Sci
Technol. Dec 2020;106:445-456. [doi: 10.1016/).tifs.2020.10.021]

Robinson E, Almiron-Roig E, RuttersF, de Graaf C, Forde CG, Tudur Smith C, et a. A systematic review and meta-analysis
examining the effect of eating rate on energy intake and hunger. Am J Clin Nutr. Jul 2014;100(1):123-151. [FREE Full
text] [doi: 10.3945/ajcn.113.081745] [Medline: 24847856]

Daud NAM, Mahmud F, Jabbar MH. Meal simulation in glucose-insulin reaction analysis using Hovorka model towards
system-on-chip implementation. ARPN J Eng Appl Sc. Oct 2015;10(19):8927-8935.

Cengiz E, Danne T, Ahmad T, Ayyavoo A, Beran D, Ehtisham S, et al. ISPAD Clinical Practice Consensus Guidelines
2022: insulin treatment in children and adol escents with diabetes. Pediatr Diabetes. Dec 2022;23(8):1277-1296. [doi:
10.1111/pedi.13442] [Medline: 36537533]

Bell K, King BR, Shafat A, Smart CE. The relationship between carbohydrate and the mealtime insulin dose in type 1
diabetes. J Diabetes Complications. 2015;29(8):1323-1329. [doi: 10.1016/j.jdiacomp.2015.08.014] [Medline: 26422396]
Ozaslan B, Patek SD, Fabris C, Breton MD. Automatically accounting for physical activity in insulin dosing for type 1
diabetes. Comput M ethods Programs Biomed. Dec 2020;197:105757. [EREE Full text] [doi: 10.1016/j.cmpb.2020.105757]
[Medline: 33007591]

Weinstock RS. Patient education: type 1 diabetes: insulin treatment (beyond the basics). UpToDate. 2022. URL: https:/
/www.uptodate.com/contents/type-1-diabetes-insulin-treatment-beyond-the-basics [accessed 2024-08-01]

Marigliano M, Pertile R, Mozzillo E, Troncone A, Maffeis C, Morotti E, et al. Satisfaction with continuous glucose
monitoring is positively correlated with time in range in children with type 1 diabetes. Diabetes Res Clin Pract. Oct
2023;204:110895. [doi: 10.1016/j.diabres.2023.110895] [Medline: 37673191]

Nefs G, Bazelmans E, Marsman D, Snellen N, Tack CJ, de Galan BE. RT-CGM in adults with type 1 diabetes improves
both glycaemic and patient-reported outcomes, but independent of each other. Diabetes Res Clin Pract. Dec 2019;158:107910.
[FREE Full text] [doi: 10.1016/j.diabres.2019.107910] [Medline: 31678626]

Carrasco-Benso MP, Rivero-Gutierrez B, Lopez-Minguez J, Anzola A, Diez-Noguera A, Madrid J, et al. Human adipose
tissue expressesintrinsic circadian rhythm in insulin sensitivity. FASEB J. Sep 2016;30(9):3117-3123. [FREE Full text]
[doi: 10.1096/f].201600269RR] [Medline: 27256623]

Yoshino J, Almeda-Valdes P, Patterson B, Okunade A, Imai S, Mittendorfer B, et al. Diurnal variation ininsulin sensitivity
of glucose metabolismisassociated with diurnal variationsin whole-body and cellular fatty acid metabolism in metabolically
normal women. J Clin Endocrinol Metab. Sep 2014;99(9):E1666-E1670. [FREE Full text] [doi: 10.1210/jc.2014-1579]
[Medline: 24878055]

AbramsP, Levitt Katz LE, Moore RH, XanthopoulosM S, Bishop-Gilyard CT, Wadden TA, et a. Threshold for improvement
in insulin sensitivity with adolescent weight loss. J Pediatr. Sep 2013;163(3):785-790. [FREE Full text] [doi:
10.1016/j.jpeds.2013.04.003] [Medline: 23706362]

Abbreviations

APD: artificial pancreas device

BGL: blood glucose level

CGM: continuous glucose monitoring
EGP: endogenous glucose production

https://bio.jmirx.org/2024/1/e43662 JMIRx Bio 2024 | vol. 2 | e43662 | p. 14

(page number not for citation purposes)


http://dx.doi.org/10.18178/ijpmbs.9.4.144-151
https://health.gov/sites/default/files/2020-01/DGA2005.pdf
https://health.gov/sites/default/files/2020-01/DGA2005.pdf
http://dx.doi.org/10.3928/19382359-20200520-03
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32520364&dopt=Abstract
http://dx.doi.org/10.3923/jas.2014.1465.1468
https://dtc.ucsf.edu/types-of-diabetes/type1/treatment-of-type-1-diabetes/medications-and-therapies/type-1-insulin-therapy/calculating-insulin-dose/
https://dtc.ucsf.edu/types-of-diabetes/type1/treatment-of-type-1-diabetes/medications-and-therapies/type-1-insulin-therapy/calculating-insulin-dose/
http://dx.doi.org/10.1016/0005-1098(78)90001-8
https://www.medtronicdiabetes.com/products/minimed-770g-insulin-pump-system#viewspecs
https://www.medtronicdiabetes.com/products/minimed-770g-insulin-pump-system#viewspecs
http://dx.doi.org/10.1016/j.tifs.2020.10.021
https://linkinghub.elsevier.com/retrieve/pii/S0002-9165(23)04681-6
https://linkinghub.elsevier.com/retrieve/pii/S0002-9165(23)04681-6
http://dx.doi.org/10.3945/ajcn.113.081745
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24847856&dopt=Abstract
http://dx.doi.org/10.1111/pedi.13442
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36537533&dopt=Abstract
http://dx.doi.org/10.1016/j.jdiacomp.2015.08.014
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26422396&dopt=Abstract
https://europepmc.org/abstract/MED/33007591
http://dx.doi.org/10.1016/j.cmpb.2020.105757
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33007591&dopt=Abstract
https://www.uptodate.com/contents/type-1-diabetes-insulin-treatment-beyond-the-basics
https://www.uptodate.com/contents/type-1-diabetes-insulin-treatment-beyond-the-basics
http://dx.doi.org/10.1016/j.diabres.2023.110895
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37673191&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0168-8227(19)31178-7
http://dx.doi.org/10.1016/j.diabres.2019.107910
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31678626&dopt=Abstract
http://hdl.handle.net/10668/10148
http://dx.doi.org/10.1096/fj.201600269RR
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27256623&dopt=Abstract
https://europepmc.org/abstract/MED/24878055
http://dx.doi.org/10.1210/jc.2014-1579
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24878055&dopt=Abstract
https://europepmc.org/abstract/MED/23706362
http://dx.doi.org/10.1016/j.jpeds.2013.04.003
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23706362&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIRX Bio Som et d

eMPC: enhanced model-based predicted control
MDI: multiple daily injections

MLR: multiple linear regression

SMBG: self-monitoring of blood glucose

T1D: type 1 diabetes

TDD: tota daily dose

UiTM: Universiti Teknologi MARA

Edited by G Eysenbach, T Leung; submitted 19.10.22; peer-reviewed by R Gore, Anonymous; comments to author 17.09.23; revised
version received 28.03.24; accepted 01.07.24; published 15.08.24

Please cite as:

Som AM, Sohadi NAM, Nor NSM, Ali SA, Ahmad MA

In-Silico Works Using an Improved Hovorka Equations Model and Clinical Works on the Control of Blood Glucose Levels in People
With Type 1 Diabetes. Comparison Study

JMIRX Bio 2024;2:e43662

URL: https://bio.jmirx.org/2024/1/e43662

doi: 10.2196/43662

PMID:

©Ayub Md Som, Nur Amanina Mohd Sohadi, Noor Shafina Mohd Nor, Sherif Abdulbari Ali, Mohd Aizad Ahmad. Originally
published in IMIRx Bio (https://bio.jmirx.org), 15.08.2024. This is an open-access article distributed under the terms of the
Creative Commons Attribution License (https.//creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution,
and reproduction in any medium, provided the original work, first published in IMIRX Bio, is properly cited. The complete
bibliographic information, alink to the original publication on https.//bio.jmirx.org/, aswell asthis copyright and licenseinformation
must be included.

https://bio.jmirx.org/2024/1/e43662 JMIRx Bio 2024 | vol. 2 | e43662 | p. 15
(page number not for citation purposes)

RenderX


https://bio.jmirx.org/2024/1/e43662
http://dx.doi.org/10.2196/43662
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

