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Abstract

Mathematical Model of Glucose-Insulin Metabolism Considering Meal Absorption Rate and
Model-based Blood Glucose Control for Prandial State in Type 1 Diabetes

by Claudia Cecilia Yamamoto Noguchi
Kyoto University

Type 1 diabetes mellitus (T1DM) is a specific form of diabetes wherein the immune sys-
tem attacks insulin-producing cells until complete deterioration and inability to secrete insulin.
These patients require intensive insulin therapy based on insulin bolus administration prior to
every mealtime, in addition to continuous basal infusion to maintain blood glucose (BG) levels
within the range of 70–180 mg/dL (3.9–10 mmol/L) the following two hours after meals and
between 70–130 mg/dL (3.9–7.2 mmol/L) during non-feeding periods, although such range is
often difficult to achieve. Among the current research on next-generation technologies for the
treatment of T1DM, the artificial pancreas (AP) is a conceptual device that maintains BG levels
automatically within the normal range by means of a continuous BG monitoring system, an
insulin pump and a closed-loop control algorithm. Nevertheless, the difficulty to maintain BG
levels within the recommended range during diurnal BG control is arguably one of the main im-
pediments for the development of AP systems, which is also the main motivation in the present
study.

Firstly, we propose a novel mathematical model of glucose-insulin metabolism in T1DM
based on previous well-known models (Bergman minimal model and Shimoda insulin model),
with minimal modification of parameter values for a more accurate representation. In addition
to this, we propose a novel model of carbohydrate digestion/absorption for an accurate rep-
resentation of meal-derived glucose appearance and its impact on BG levels in patients with
T1DM based on carbohydrate intake and type, which determines the absorption rate.

Secondly, utilizing the aforementioned model, we assess in silico the feasibility of prandial
BG control after consumption of carbohydrates with Glycemic Index (GI) values throughout the
range. We consider a control strategy that comprises a pre-meal bolus insulin administration 60
min prior to the expected mealtime, which is computed from meal information of carbohydrate
intake and the type of food (GI) to be consumed. At mealtime, the control algorithm shifts to
Model Predictive Control (MPC) considering its predictive capabilities and ability to consider
long delays to stabilize post-meal BG levels at the clinically recommended target value of 100
mg/dL (5.56 mmol/L). The performance of the present control algorithm indicates that mainte-
nance of postprandial BG excursion within levels comparable to that of nondiabetics is feasible
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under ideal conditions of mealtime, carbohydrate intake and patient-model match; and within
clinical recommendations considering sources of variability for the aforementioned cases.

Lastly, as dietary fat is being increasingly acknowledged as an important contributor to post-
prandial glycemic excursion and an impediment for appropriate BG control due to the differ-
ences in BG excursion from the model-predicted values, an extended ‘minimal’ compartmental
representation from the model of carbohydrates above considers fat metabolism with a novel
compartmental representation of triglycerides and non-esterified fatty acids (NEFA) to derive a
physiologically meaningful representation of lipid-derived insulin resistance on glucose kinet-
ics. Simulation results of the proposed mixed meal model show an acceptable representation of
gastric emptying rate after consumption of a high-fat mixed meal, as well as postprandial BG,
triglycerides and NEFA levels in patients with T1DM according to clinical data in the litera-
ture. This suggests that the proposed model can be eventually used for successful BG control
of mixed meals to overcome the current limitations in diurnal BG control algorithms.

The present study provides in silico evidence that prandial BG control within the recom-
mended clinical range is feasible, provided the utilization of an accurate mathematical model
of the impact of different types of carbohydrates on postprandial glucose-insulin metabolism
in patients with T1DM. Moreover, the extension of a minimal compartmental model approach
to represent the indirect impact of dietary fat on glucose-insulin metabolism in patients with
T1DM is also feasible, which can be similarly used for BG control purposes in the near future.
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Chapter 1

Introduction

1.1 Framework

Diabetes mellitus (henceforth diabetes) is the most common disease of the endocrine system,
which specifically affects glucose-insulin metabolism to produce the necessary energy to live.
Currently, it has reached epidemic levels affecting 382 million people worldwide, with a pro-
jected rise to 592 million by 2035 [11]. Diabetes is characterized by abnormally high blood
glucose (BG) levels that need to be treated by either oral medicine or insulin administration sev-
eral times a day and maintained within the normoglycemic range of 70–130 mg/dL (3.89–7.2
mmol/L). Otherwise, the likeliness to develop several diabetes-related complications increases,
including blindness, amputation, kidney dialysis/transplant and cardiovascular diseases. The
cost of diabetes treatment in the United States alone is estimated to USD 306 billion, or 23%
of the healthcare budget [22], with additional hospitalization costs estimated to USD 2.4 bil-
lion [33] basically due to mismanagement of diabetes related to acute—and potentially mortal—
severe hypoglycemia or critical hyperglycemia, with the latter being most notably known as
diabetes ketoacidosis (DKA). China, one of the largest economies in the world with an even
more promising future ahead, is estimated to have the largest number of diabetic patients with
currently over 100 million, i.e., one in four diabetic patients worldwide, and a projected health
cost of 360 billion RMB (USD 57 billion) by 2030 partly due to its extremely deficient public
health system [44, 55]. Although Japan has a considerably lower population than other industrial-
ized nations, there is an increasing pressure on the health care system due to the continuous rise
of the ageing population and treatment of chronic diseases (including diabetes). It is estimated
that JPY 1077.7 billion or 4–6% of the healthcare budget is being spent on diabetes alone, which
including diabetes-related complications—mainly due to dialysis—elevates the total figure to
JPY 5000 billion (USD 41 billion) [66].
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The incidence of type 1 diabetes mellitus (T1DM) in particular—a specific form of diabetes
known as juvenile diabetes—is having a continuous increase of 2–5% worldwide, with an es-
timated diagnosis (below 18 years old) of 1 in 300 in the United States [77]. The etiology of
T1DM is commonly attributed to the destruction of insulin-producing β-cells in the pancreas
until complete inability to secrete insulin in a very short period, which reflects on their ever-
increasing BG levels. The rapid increase in the number of diagnoses, nonetheless, also suggests
that environmental factors such as early infant nutrition, infection and diet also contribute to the
development of the disease [88].

Because there is currently no cure that can possibly restore the lost insulin secretion ability,
these patients undergo a lifetime of intensive insulin therapy that comprises subcutaneous (SC)
insulin boluses immediately before every meal, in addition to a low-dose continuous basal in-
sulin to imitate endogenous insulin secretion from β-cells during postprandial and fasting state,
respectively. In the past decades, fasting BG levels were considered to be the main indicator
for the diagnosis of diabetes, HbA1c (average BG levels for the previous 2–3 months) and even
postprandial BG excursion [99]. Nevertheless, recent studies provide cogent evidence that post-
prandial BG levels are actually a larger contributor to HbA1c inasmuch as 70% [1010], and more
detrimental than sustained hyperglycemia for the development of microvascular damage, acti-
vation of oxidative stress [1111] and increase in the risk of cardiovascular diseases [1212]. Since
diurnal BG excursion comprises consecutive prandial states, postprandial BG management for
patients with T1DM is being increasingly acknowledged as a better predictor of long-term com-
plications than fasting or HbA1c levels—once the gold standard—and hence more important to
maintain within the recommended range [1313]. However, despite current clinical recommenda-
tions by the American Diabetes Association (ADA) to maintain post-meal BG levels within the
range of 70–180 mg/dL (3.9–10.0 mmol/L), this is very difficult to achieve in practice [1414].

Natural insulin secretion from β-cells in nondiabetics reaches the bloodstream more rapidly
in fine-tuned exact doses according not only to variations in BG levels but other enzymes in the
stomach and small intestine [1515], thus being able to maintain normal BG levels throughout the
day. Large plasma insulin concentrations finely timed with meal-derived glucose appearance
are necessary for glucose uptake into the cells to be used as energy, or storage in the liver for
eventual energy provision. Compared to nondiabetics, diurnal BG management in patients with
T1DM requires a large bolus insulin administration immediately before every single mealtime,
as the carbohydrate content of a meal is directly digested (broken down) and absorbed as glu-
cose into the bloodstream, which causes a rapid increase in BG levels. However, BG levels in
these patients are characterized by a large peak (typically >200 mg/dL) between 0.5–2 hours
after a meal and followed by a rapid decline afterwards. Such steep glycemic excursion is the

2



result of a poor coordination between the rapid glucose appearance from carbohydrates and the
slow absorption of insulin from SC tissue, whose effect lasts over four hours until complete
absorption after bolus insulin administration.

Estimation of the adequate prandial bolus insulin dose is based on the carbohydrate count-
ing method [1616], wherein the amount of carbohydrates to be consumed is multiplied by an
individual insulin-to-carbohydrate (I:C) ratio, i.e., a patient-specific ratio that depends on their
particular sensitivity to insulin, which is usually defined as the required insulin dose after con-
sumption of 10 g of carbohydrates. In this way, patients with T1DM manage their BG levels
throughout the day by means of bolus insulin administration prior to every single meal, which
not only has a deleterious physiological effect but also psychological burden due to the constant
attention required, which affects—directly or indirectly—every aspect of their everyday life.
Miscalculation in the bolus insulin dosage leads to post-meal hypoglycemia or hyperglycemia,
which are accompanied by acute symptoms—such as trembling, headaches, blurred vision, nau-
sea and fatigue to name but a few—that cause temporary motor and cognitive deterioration [1717].
It is estimated that patients with T1DM have an estimated reduction of 20 years in lifespan and
over 30 years in reduced quality-of-life with adjusted time for a hypothetical diagnosis at 10
years old [1818].

The artificial pancreas (AP) is the next big step forward in the development of new technolo-
gies to improve the quality of life of patients with T1DM. Conceptually, the AP is a wearable
device that comprises an insulin pump for continuous subcutaneous insulin infusion and a con-
tinuous glucose monitoring system (CGMS) for real-time measurement of BG levels. Both are
already commercially available devices that, in addition to a control algorithm, can be used
together to maintain BG levels automatically within the normal range 24 hours a day with-
out intervention from the patients themselves, thus alleviating the continuous burden of BG
management—measurement of BG levels and insulin administration at mealtimes and correc-
tion boluses whenever necessary—throughout the day. By using real-time BG information from
the CGMS, the exact insulin dose is computed in the control algorithm and infused to the patient
via the insulin pump. The same process is done iteratively at several-minute intervals (usually
1–5 min) in a continuous loop process of BG data reading, computation of the necessary in-
sulin to maintain BG levels within the normal range, and respective instantaneous infusion. The
control algorithm, in particular, is based on the traditional proportional-integral-derivative ap-
proach largely utilized in industrial processes, although a more recent model-based approach is
considered most suitable to manage long delays in the hypoglycemic effect of insulin caused by
the slow subcutaneous absorption kinetics of insulin formulations.

In the global scenario, the Juvenile Diabetes Research Foundation in the United States,
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the co-joint research group from the University of Virginia in the United States and Padova
University in Italy (best known for developing the only Food and Drug Administration (FDA)-
approved T1DM simulator), the AP project by the University of Cambridge in England, and
the Joslin Diabetes Center-Harvard Medical School AP project in the United States are, in no
particular order, the most recognized research groups among over 11 artificial pancreas projects
worldwide [1919] in the pursuit of ‘The Artificial Pancreas’. In the past few years, clinical trials
of overnight closed-loop BG control have shown that in-development AP systems offer supe-
rior BG control compared to conventional insulin pump therapy, with BG fluctuations between
72–144 mg/dL (4–8 mmol/L) in 77–78% of the T1DM test subjects for closed-loop BG control
compared to 41–51% for conventional insulin pump therapy. Occurrences of nocturnal hypo-
glycemia, i.e., BG below 70 mg/dL (3.89 mmol/L), also dropped from 4.1% to 2.1% and from
33% to 20% in children/adolescents and adults, respectively [2020].

The benefits of overnight closed-loop BG control in outpatient trials, i.e., utilization of the
AP system in everyday life, include reduction of the burden of diabetes, giving a sense of ‘free-
dom’ especially in patients suffering from hypoglycemia unawareness, and an improved overall
quality of life despite the closed-loop system being effective only during overnight periods [2121].
These promising results have started to influence the market of diabetes-related technologies
with the release of the first commercially-available Medtronic 670G, an ‘all-but-meals’ AP sys-
tem expected to be released by April 2017. Despite these advances, a still inadequate diurnal
closed-loop BG control is currently the main impediment for the development of a true AP
system. Among the factors that influence in the success of prandial BG control, mathemati-
cal models of glucose-insulin metabolism with an accurate representation of the impact of a
meal on BG levels is a crucial element, since the continuous iterative computation of the exact
bolus insulin relies on BG predictions from such model. Previous clinical implementations of
BG control systems have only achieved a limited success in maintaining postprandial BG lev-
els within an acceptable range, perhaps because previous mathematical models consider only
carbohydrate amount as model input. Despite their complexity and high level of detail in rep-
resenting glucose-insulin metabolism, all of them are based on the premise that the impact of a
meal on BG levels depends exclusively on the amount of carbohydrates consumed.

Yet another important issue in diurnal BG management is the impact of dietary fat and
protein on BG levels in patients with T1DM besides carbohydrates. The carbohydrate count-
ing method is the current gold standard for calculation of bolus insulin doses, which focuses
exclusively on the carbohydrate amount of the meal arguably due to early studies on insulin
requirements that indicated the irrelevancy of the dietary fat and protein content in mixed
meals [2222–2424]. In the past few years, however, an increasing number of clinical studies have

4



provided confounding evidence of the impact of dietary protein and fat on BG levels in these
patients [2525–2727], with dietary fat in particular being well-known for causing a sustained state
of hyperglycemia several hours after consumption of high-fat meals compared to another with
identical carbohydrate composition although with reduced dietary fat content [2828]. This effect
on BG levels is commonly referred to as the ‘pizza meal effect’ due to the high amounts of
dietary fat and carbohydrate content of this popular meal [2929], which is very difficult to manage
despite correct application of the carbohydrate counting method. Aware of this, a novel bolus
calculation method that includes the three macronutrients has been proposed by Paǹkowska et
al. [3030], which consists of an initial single-bolus to cover carbohydrates, and an extended in-
sulin infusion over 6 hours—provided the access to insulin pump technology—whose dose is
determined from the fat and protein content of the mixed meal. Alternatively, the Food Insulin
Index (FII) [3131] provides a quantitative estimation of insulin demands after consumption of
different foods including protein and fat. A clinical assessment of bolus calculation using the
FII on a mixed meal showed reduction in post-meal BG excursion and normoglycemia three
hours after meal consumption in patients with T1DM compared to the carbohydrate counting
method [3232]. Despite the apparent efficacy of these methods, neither of them has achieved a
wide acceptance—considering that they are not included in current guidelines from the ADA
regarding the treatment of T1DM—, perhaps because of the increased complexity in the calcu-
lation and the necessity of an insulin pump for extended bolusing in Paǹkowska method, and
the limited information of FII values in commonly consumed foods on an everyday basis.

Moreover, the performance of closed-loop BG control systems in clinical studies [3333] is also
affected by high-fat mixed meals, which show a prolonged state of hyperglycemia compared
to low-fat meals despite requiring a larger insulin infusion. Given these circumstances, some
studies of BG control algorithms resort to mathematical models of mixed meals with ad hoc
model parameter fitting to previous clinical data of meal-derived glucose absorption [3434]. Such
in hindsight approach, however, does not provide a solid mathematical representation that can
be utilized for BG prediction purposes in model-based BG control algorithms. The difficulty
in developing an adequate mathematical model of mixed meals is arguably due to the poor
current knowledge of the exact metabolic mechanism by which dietary fat affects glucose-
insulin metabolism after consumption of a high-fat mixed meal.

1.2 Objective

We hypothesize that an accurate mathematical model of glucose-insulin metabolism can im-
prove the performance of model-based BG control algorithms for prandial state such that clin-
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ical recommendations for BG management in patients with T1DM can be satisfied. Due to
the crucial role of mathematical modeling in the development of closed-loop BG control algo-
rithms, we aim to develop a more accurate representation of the impact of carbohydrates on
BG levels with particular emphasis on model simplicity. Considering the high risk of patient
exposure to acute hypoglycemia due to the combination of large prandial insulin bolus doses
and minimal safety restrictions to assess the feasibility of strict BG control, the present study
opts for an in silico approach utilizing computer simulations in MATLAB, prior to clinical
evaluation of diurnal BG control systems in actual patients with T1DM. We contemplate the
explicit representation of the absorption rate of carbohydrates depending on the food consumed
by utilizing an additional model parameter associated with the Glycemic Index (GI) of foods—
a quantitative index of the impact of carbohydrates on BG levels—. Moreover, we propose a
further extension of mathematical modeling of glucose-insulin metabolism from carbohydrates
to a mixed meal model of dietary fat and carbohydrates. This requires a thorough analysis of
the metabolic processes involved in postprandial fatty acid metabolism prior to analyze the fea-
sibility to include already existing models or the proposal of a novel compartmental model to
represent the impact of dietary fat on glucose-insulin metabolism. In this way, the three main
objectives in the present manuscript can be summarized as follows:

• Mathematical modeling of the impact of carbohydrates on postprandial glucose-insulin
metabolism in patients with T1DM.

• In silico assessment of the feasibility of prandial BG control algorithm within the clini-
cally recommended range of 70–180 mg/dL (3.89–10 mmol/L) within two hours after a
meal and 70–130 mg/dL (3.89–7.2 mmol/L) afterwards.

• Mathematical model of the effect of dietary fat on postprandial glucose-insulin metabolism
in patients with T1DM.

1.3 Thesis structure

The present manuscript is divided into three main parts (see Figure 1.11.1) wherein each of them
relates to each specific objective in the above. First, in Chapter 2 we provide a brief introduction
to the mechanisms involved in glucose-insulin metabolism with emphasis on T1DM and current
treatment of the disease. Thence, we describe the most representative mathematical models of
glucose-insulin metabolism developed to date, as well as several BG control approaches taken
by different research groups used in studies of AP systems.
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Figure 1.1: Structure of the present manuscript by chapter division. Chapter 3 (red) concerns
a mathematical model of glucose-insulin metabolism in T1DM from carbohydrates, Chapter 4
(blue) proposes a BG control algorithm for prandial state based on the aforementioned model,
and Chapter 5 (green) involves a mixed meal model of dietary fat and its effect on glucose-
insulin metabolism as an extension of the model in Chapter 3.

In Chapter 3 (red) we propose a novel mathematical model of glucose-insulin metabolism in
T1DM that considers differences in the absorption rate of carbohydrates to represent the impact
on BG levels, which is coupled with existing models of subcutaneous insulin absorption and
glucose-insulin metabolism with minimal modifications in parameter values to obtain a more
accurate representation. In Chapter 4, based on such model, we evaluate the degree of BG
control considering a fixed target value in the controller such that recommended clinical values
are satisfied. We consider an in silico implementation of the control strategy that includes meal
announcement, i.e., information of the intended meal to be consumed should be given to the
control algorithm in advance. Because of the high risk of hypoglycemia associated with large
bolus insulin doses—as expected from the controller to maintain post-meal normoglycemia—
, the actual T1DM patient is replaced by a continuous-time T1DM patient model. Lastly, in
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Chapter 5, we propose a mathematical model of the effect of dietary fat on glucose-insulin
metabolism (green) as an extension of the model developed in Chapter 3 that reflects in an
accurate representation of the impact of dietary fat on BG levels in patients with T1DM. Similar
to carbohydrates, we include gut transit of the dietary fat portion of the mixed meal and its
delaying effect on gastric emptying of carbohydrates. Moreover, insulin resistance due to fatty
acid metabolism from exogenous and endogenous sources is represented by the combined post-
meal increase in triglycerides and non-esterified fatty acids (NEFA), respectively, wherein the
former in particular is directly affected by dietary fat consumption.
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Chapter 2

Type 1 diabetes mellitus (T1DM) and
previous studies relevant to diurnal blood
glucose (BG) control

2.1 Glucose-insulin metabolism and T1DM

Glucose is the main source of energy in the human body, which needs to be obtained from
external sources in the form of food. Among the three macronutrients of a balanced diet, car-
bohydrates provide a direct source of glucose after break-down of complex chemical structures
(see Table 2.12.1) during digestion and absorption in the stomach and small intestine, respectively.
Thence, glucose enters the bloodstream for its delivery and utilization as energy by the body.

Glucose-insulin metabolism after meal consumption is known as postprandial state (see Fig-
ure 2.12.1), which is the period of time wherein carbohydrates are broken down into glucose and

Table 2.1: Classification of carbohydrates according to their chemical composition [3535].

Class Sugar Oligosaccharides Polysaccharides

Sugar units 1–2 3–9 ≥ 10
Subgroup monosaccharides, raffinose, stachyose, starch, glycogen,

disaccharides verbacose dietary fiber
Component glucose, fructose, glucose, fructose, glucose

galactose galactose
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Figure 2.1: Exogenous (green arrows) and endogenous (orange arrows) pathways for glucose-
insulin metabolism. Meal-derived glucose requires large insulin secretion from the pancreas for
its utilization as energy or storage in the liver. In turn, during fasting state, only small doses of
insulin are required for continuous energy provision.

metabolized for its utilization as energy (glycolysis). The surplus is stored in the liver as glyco-
gen (glycogenesis or glycogen synthesis) for its eventual utilization during non-feeding energy
demand periods known as postabsorptive or fasting state typically in-between meals and sleep.
It is characterized by glucose metabolism from hepatic glucose storage (endogenous glucose
pathway), wherein glycogen break down from the liver (glycogenolysis) is transported towards
the peripheral tissue for its glycolysis to satisfy energy requirements. Hence, the liver in par-
ticular plays an important role in glucose metabolism, both during exogenous and endogenous
pathways, through alternation of glycogenesis and glycogenolysis depending on insulin concen-
tration.

Insulin—the main gluco-regulatory hormone—is secreted by pancreatic β-cells into the
bloodstream to activate glucose transporter type 4 (GLUT-4), which is the most important
insulin-sensitive enzyme for glucose uptake. In this way, large plasma insulin levels propor-
tional to the amount of meal-derived glucose appearance are typical during postprandial state,
whereas low plasma insulin levels during fasting allows glycogenolysis (endogenous glucose
appearance) from the liver. During postprandial state, high insulin levels also inhibit hep-
atic glucose production, since presence of large amounts of meal-derived glucose does not
require additional glycogenolysis. Glucose homeostasis is the result of a delicate balance be-
tween plasma glucose appearance (whether exogenous or endogenous) and uptake (either for
utilization as energy or storage) such that BG levels are maintained constantly at a very nar-
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Figure 2.2: Destruction of pancreatic β-cell leads to complete absence of insulin secretion
in patients with T1DM. Subcutaneous insulin therapy intends to replace the function of the
pancreas to provide insulin for glucose-insulin metabolism and energy utilization.

row range between 80–120 mg/dL (4.4–6.7 mmol/L). In case BG levels drop below 70 mg/dL
(3.9 mmol/L), glucagon secretion from pancreatic α-cells is triggered to induce additional
glycogenolysis for restoration of normal BG levels. Otherwise, acute hypoglycemia occurs,
which is a dangerous condition where excessive insulin-induced glucose uptake by peripheral
tissue limits the delivery of glucose to the brain with possible fatal consequences in a matter of
hours.

In patients with T1DM, pancreatic β-cell destruction by the immune system causes a com-
plete deficiency in endogenous insulin secretion (see Figure 2.22.2). To compensate for the lost
endogenous insulin secretion ability, patients undergo SC insulin therapy, which is character-
ized by a slow SC insulin absorption kinetics compared to endogenous insulin secretion in
healthy nondiabetics. Moreover, SC insulin delivery route causes insulinization of peripheral
tissue prior to that of the liver—the opposite occurs in endogenous insulin secretion—which
contributes to an excessive endogenous glucose production (EGP) in these patients [3636]. In this
way, although exogenous insulin therapy cannot exactly replace endogenous insulin secretion
and maintain the same level of homeostasis, it is the only therapy currently available for the
treatment of T1DM.

After bolus insulin is administered, it forms a subcutaneous insulin depot from which insulin
is gradually degraded. In its original form, insulin is composed by hexamers, i.e., six molecules
of insulin bond together, which are gradually broken down into dimers and monomers in the
subcutaneous tissue before entering the bloodstream for its utilization by the liver and peripheral
tissue for glucose uptake. As shown in Figure 2.32.3, the insulinization process in T1DM patients
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Figure 2.3: Insulinization pathway after subcutaneous insulin administration in patients with
T1DM compared to endogenous pancreatic β-cell secretion in nondiabetics. In the latter, in-
sulin reaches directly the liver through the portal vein for direct regulation of hepatic glucose
uptake/production. Compared to this, insulin is slowly absorbed into the bloodstream (plasma
concentration) after subcutaneous administration for its delivered throughout the body until it
eventually reaches the liver thus resulting in an inadequate timing of hepatic glucose regulation.

is clearly different from nondiabetics, which affects the timing in glucose-insulin metabolism
and the maintenance of homeostasis. In healthy individuals, pulsatile endogenous insulin secre-
tion enters the portal vein, which is directly connected to the liver where up to 80% of insulin
is extracted [3737] and thus the portal insulin concentration is several-fold higher than periph-
eral insulin. In diabetics, absence of β-cell secretion causes an almost absent portal insulin
concentration [3838].

2.2 Intensive insulin therapy

The current treatment of T1DM comprises a combined administration of bolus and basal insulin.
To date, several types of insulin formulations with different action times have been developed
(see Table 2.22.2), with faster insulin formulations attempting to reproduce the same effect as
endogenous insulin secretion in nondiabetics. Insulin doses are calculated in international units
(IU), wherein each unit has a volume of 0.01 mL.

Basal-bolus insulin therapy consists of insulin administration in two patterns, which require
the utilization of two types of insulin for instantaneous single-bolus administration by insulin
pen or syringe: a long or very long acting insulin for basal needs administered once a day, in
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Table 2.2: Types of insulin formulations in the market divided by their effect [3939].

Insulin formulation Onset Peak action Duration Brand name

Rapid acting 5–15 min 1–2 h 4 h lispro, aspart, glulisine
Short acting 30–45 min 2–3 h 5–8 h Regular
Intermediate acting 2–4 h 4–8 h 10–16 h lente (NPH)
Long acting 3–5 h 8–12 h 16–20 h ultralente
Very long acting 2–4 h 6–16 h 20–24 h glargine, detemir

addition to a rapid-acting (or short-acting) bolus insulin administered before every meal via a
syringe or insulin pen injection. Since rapid-acting insulin formulations have the shortest on-
set and peak effect, they are the current standard type utilized for prandial insulin bolusing.
State-of-the-art technologies in insulin delivery devices include insulin pumps—which is con-
tinuously attached to the subcutaneous tissue of the patient by a cannula—wherein bolus insulin
is administered upon indication of bolus dose from the patient, and basal insulin is continuously
infused with very low doses of rapid-acting insulin.

The main advantage of insulin pumps over the traditional instantaneous single-bolus admin-
istration by insulin syringes or pens—where the total bolus can only by given at once— is that
they include additional bolus insulin delivery patterns (see Figure 2.42.4). Square bolus infuses
the total insulin bolus over a determined period of time (usually within 2 hours) at a constant
rate, whereas dual-wave bolus splits the total bolus dose into a fractional single-bolus followed
by a square bolus. These alternative bolus deliveries require manual input by the patients them-
selves to specify the time span and fraction of insulin to be delivered under a given mode. Their
effectiveness in maintaining desirable BG levels are, however, contradictory. While some stud-
ies [4040] emphasize the benefits of insulin pumps on diurnal BG management in patients with
T1DM, others suggest that these extended boluses result in a larger postprandial BG excursion
compared to the traditional single-bolus type [4141].

The carbohydrate counting method [1616] consists of the estimation of the necessary bolus
insulin dose for the carbohydrate content of a given meal such that BG levels are maintained
within the recommended range of 70–130 mg/dL (3.9–7.2 mmol/L) two hours after meal con-
sumption [4242]. Early studies on prandial insulin estimation for different meals [2222–2424] show
that the total insulin dose requirement is linearly proportional to the amount of carbohydrate
consumed regardless of the dietary fat or protein content. In this way, the carbohydrate count-
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Figure 2.4: Insulin infusion patterns available in current insulin pumps aimed to improve the
management of post-meal BG levels in patients with T1DM. Besides standard single-bolus
administration (left), alternative bolus infusion types include extended/square insulin (center)
and dual-wave bolus (right), although the effectiveness of such extended infusion types have
not yet been proved or included in ADA guidelines for the treatment of T1DM [4141].

ing method indicates that the required bolus insulin dose is determined by

Bolus insulin = carbohydrate amount× I:C ratio (2.1)

where I:C ratio is the insulin-to-carbohydrate ratio, i.e., a patient-specific value that depends on
their particular sensitivity to insulin.

2.3 Mathematical modeling of T1DM

Mathematical models of glucose-insulin kinetics can be divided into compartmental models and
empirical (data-driven) models. The former describes the kinetics involved in glucose-insulin
metabolism as compartments whose physiological interaction are mathematically represented
by differential equations, whereas the latter relies on regressive model identification by using
prior data to build auto-regressive or auto-regressive moving average models of glucose-insulin
dynamics. Compartmental models can be divided into three main parts: (a) Carbohydrate di-
gestion/absorption in the gut and exogenous glucose appearance, (b) Subcutaneous insulin ab-
sorption kinetics and (c) glucose-insulin metabolism, as shown in Figure 2.52.5. In the following,
the most relevant mathematical models developed to date are briefly described considering the
aforementioned division.
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Figure 2.5: Mathematical models of glucose-insulin kinetics for postprandial state can be di-
vided into (a) carbohydrate digestion and absorption to represent the impact of a meal on BG
levels, (b) subcutaneous insulin kinetics and the effect of insulin to lower BG levels, and (c)
glucose-insulin metabolism. These three main elements determine BG dynamics after meal
consumption in patients with T1DM.

Provided the basis on glucose-insulin metabolism and the current treatment of T1DM from
intensive insulin therapy, in the following we introduce the most relevant mathematical models
in the literature that represent gut absorption from carbohydrates, subcutaneous insulin absorp-
tion after administration of bolus insulin doses and glucose-insulin metabolism in nondiabetics
and diabetics as well. Some proposals include only one specific division, whereas more elabo-
rated models not only include the complete metabolic representation and the impact of a meal on
BG levels but also consider more detailed physiological processes beyond the brief introduction
given in the previous section.

2.3.1 Mathematical models of carbohydrate digestion and absorption

Models of gut absorption represent gut transit of carbohydrates as an equivalent of rate of exoge-
nous glucose appearance based on the amount of carbohydrates consumed. The most relevant
models are described in the following.

Lehmann model

One of the most well-known models of gut absorption is proposed by Lehman et al. [4343]. It
originally comprises a complete mathematical representation of glucose-insulin metabolism in
patients with T1DM using four differential equations with twelve auxiliary equations. Meal-
derived glucose appearance is represented by a trapezoidal function as detailed in the Ap-
pendix A.2A.2 (page 152152).
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Elashoff model of gastric emptying

A model of gastric emptying as a power exponential gastric retention model is proposed by
Elashoff et al. [4444] as

y(t) = 2−(t/T1/2)
β

(2.2)

where y(t) is the meal retention at time t, T1/2 is the half-emptying time and β is a constant of
gastric emptying determined by the food consumed.

Siegel model of gastric retention

A derivation of Elashoff model is proposed by Siegel et al. [4545], who additionally considers the
lag phase in gastric emptying as given by

y(t) = 1− (1− e−kt)β (2.3)

where k is gastric emptying rate and β is the extrapolated intercept of the curve with β > 1
indicating a slow gastric emptying typical in solid foods and β < 1 a rapid gastric emptying
for liquids. The lag time tlag is obtained by assuming d2y(t)/dt2 = 0 in Eq. (2.32.3), from which
tlag = 1/k, whereas the half-emptying time is calculated with y(t) = 0.5 and solving for t as

t1/2 = −1

k
ln(1− 0.51/β). (2.4)

2.3.2 Minimal compartmental models

Minimal models provide a simple and clear representation of the dynamics involved in glucose-
insulin metabolism utilizing compartments to describe the most important interactions, with a
reduced number of parameters that provide a simplified model identification. In particular, we
consider two minimal models of subcutaneous insulin kinetics and glucose-insulin metabolism,
as both of them are utilized in the present study.

Shimoda Insulin model

Shimoda insulin model represents SC insulin kinetics with compartments x1 and x2, in addition
to a plasma insulin compartment I with model parameters validated for both monomeric and
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soluble insulin pharmacokinetics. The model is given by

dx1(t)
dt

= −k21x1(t) + us(t), (2.5)

dx2(t)
dt

= k21x1(t)− (kd + ka)x2(t), (2.6)

dI(t)

dt
=
ka
Vd
x2(t)− keI(t), (2.7)

where x1(t) and x2(t) are insulin mass at the SC depot and compartment proximal to plasma
respectively, I(t) is plasma insulin concentration, Vd is plasma distribution volume, k21 is the
insulin diffusion parameter, ka is the insulin transition rate, kd is the degradation rate constant
in SC tissue, ke is the degradation rate constant in plasma, and us(t) is the input for SC insulin
administration.

Bergman minimal model

Bergman minimal model [4646] is arguably the most attractive model of glucose-insulin dynamics
in terms of simplicity. It comprises only two compartments to represent glucose and ‘remote’
insulin dynamics, where the rate of change in glucose is given by the difference in net hepatic
glucose balance and glucose disappearance into peripheral tissue as

dG(t)

dt
= −X(t)G(t) + p1 (Gb −G(t)) +

FG(t)

VG
, (2.8)

dX(t)

dt
= −p2X(t) + p3I(t), (2.9)

where G(t) is plasma glucose concentration, X(t) is a ‘remote’ insulin compartment that repre-
sents interstitial insulin concentration, p2 is the rate of decrease in tissue glucose uptake ability
and p3 is the rate of insulin-dependent tissue glucose uptake ability. Although not originally
considered in the minimal model, a representation of exogenous glucose infusion FG(t) was
eventually added by Furler et al. [4747]. Intrinsically, the minimal model also considers:

• Net hepatic glucose balance B(t), which describes glucose uptake and production in the
liver as:

B(t) = B0 − (k5 + k6X(t))G(t) (2.10)

where B0 is a constant that represents hepatic net balance at hypothetical zero plasma
glucose, and constants k5 and k6 are insulin-independent and insulin-dependent glucose
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uptake constants. Eq. (2.102.10) has a double interpretation of net hepatic glucose balance,
with B > 0 denoting net hepatic glucose balanced towards glucose production while
B < 0 indicates predominance of glucose uptake.

• Glucose disappearance into peripheral tissue Up(t), which is given by:

Up(t) = (k1 + k4X(t))G(t) (2.11)

where k1 represents insulin-independent glucose uptake and k4 represents insulin-dependent
glucose uptake.

• Glucose effectiveness SG, a parameter that measures the ability of glucose to favor its
own disposal and inhibits its own production at basal insulin secretion given by

SG = p1 (2.12)

where p1 = −(k1 + k5) represents total insulin-independent glucose uptake.

• Insulin sensitivity represents the ability of insulin to induce glucose uptake as

SI = −p3
p2

(2.13)

where SI has a good independency from errors in SG estimation [4848] and the negative sign
in parameter p2 is added for consistency in the physiological representation since p2 < 0

represents rate of increase in insulin proportional to glucose uptake.

2.3.3 Large-scale compartmental models

Compared to minimal models, large-scale mathematical models of glucose regulation include
a complete mathematical description of the three main components given in Figure 2.52.5. These
models represent not only glucose-insulin dynamics but also the complete regulatory mecha-
nisms involved in glucose homeostasis, with the action of insulin and other detailed mecha-
nisms depending on the complexity of the model proposed. Thence they are extended to repre-
sent T1DM state by adjustment of model parameters according to the pathology of the disease.
In the following we consider the two most important mathematical models as they are widely
utilized for model-based BG control purposes for the development of AP systems.
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Figure 2.6: Compartmental diagram of Hovorka model [4949]. Detailed mathematical repesenta-
tion is given in Appendix A.3A.3 (page 153153).

Hovorka model

Hovorka model [4949] comprises a compartmental model representation (see Figure 2.62.6) of sub-
cutaneous insulin absorption into plasma, from which it is divided into three ‘remote’ compart-
ments to include the effect of insulin on glucose distribution/transport, disposal and hepatic reg-
ulation. Meal consumption is represented by an exponential function according to the amount
of carbohydrates DG, which enters the glucose compartment Q1. For a complete mthematical
description of Hovorka model, see Appendix A.3A.3 (page 153153).

Dalla Man model

Dalla Man and colleagues [5050] propose a very complete mathematical model of glucose-insulin
metabolism, which is currently the only FDA-approved model for simulation purposes and of-
ficially developed as an interactive simulation software implemented on MATLAB [5151]. Dalla
Man model consider two-compartmental representations for both subcutaneous insulin absorp-
tion and insulin kinetics, followed by a single compartment for insulin effect X . Provided the
amount of carbohydrates, gut transit of carbohydrates is represented by a three-compartmental
model for solids and liquids, with an additional representation of glucose absorption in the small
intestine from which meal-derived glucose enters plasma glucose compartmentGp. The detailed
mathematical description of Dalla Man model is included in the Appendix A.4A.4 on page 156156.
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Figure 2.7: Compartmental diagram of Dalla Man model [5050]. The mathematical description
of Dalla Man model is given in the Appendix A.4A.4 (page 156156).

One of the main difficulties in the validation of mathematical models of glucose-insulin
dynamics is the difficulty to measure in vivo glucose and insulin dynamics accurately, especially
meal-derived glucose appearance and endogenous glucose production. For this reason, the
same research group developed a triple tracer method for a more accurate estimation of glucose
fluxes during postprandial state due to the underestimation of glucose fluxed of the double-
tracer method [5252]. Such method is explicitly utilized for the validation of model parameter
values in Dalla-Man model.

2.4 Dietary fat metabolism

Dietary fat is an alternative energy substrate that is ultimately metabolized as fatty acids by
the body, and provides inasmuch as over twofold the amount of calories compared to carbo-
hydrates or protein. Energy homeostasis is the result of the tight regulation of glucose and
fatty acids metabolism that essentially involves the liver, muscle and adipose tissue, both during
postprandial and fasting states. The former, which refers to the exogenous pathway of fatty acid
metabolism (see Figure 2.82.8), begins with dietary fat consumption from a meal, followed by
break-down of triglycerides and cholesterol into monoglycerides and free fatty acids by several
gastric enzymes in the stomach, and absorption by enterocytes in the small intestine. Gut transit
of dietary fat involves several re-assembling processes with activation of several enzymes in a
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Figure 2.8: Dietary fat metabolism is divided into exogenous pathway (green lines) where fat is
obtained from mixed meals after digestion and absorption in the gut during postprandial state.
Endogenous pathway (light green lines) includes fat metabolism in the liver and adipose tissue
for its utilization as energy substrate during fasting state.

far more complex process than that of carbohydrates, although further details are irrelevant for
the mathematical modeling purposes in the present study. They are ultimately assembled into a
protein-rich coating knows as chylomicron (CM) for the transportation of meal-derived triglyc-
erides (TG) through the bloodstream because of the water-insoluble nature of fats. Chemically,
TG are composed of three fatty acid molecules attached to a molecule of glycerol, which are
transported as triglyceride-rich lipoprotein (TRL) through the bloodstream for its utilization by
peripheral tissue for energy, or storage in fat cells (adipocytes) for eventual utilization as energy
substrate.

During fasting state, the endogenous pathway of fatty acid metabolism involves utilization
of lipids previously stored in adipose tissue for its utilization as energy. Lipids stored in the
adipose tissue as TG are broken down and released as NEFA into the bloodstream for uptake by
peripheral tissue or liver. The latter in particular, metabolizes NEFA to produce very-low den-
sity lipoprotein (VLDL) for its utilization as energy by peripheral tissue. In particular NEFA,
also known as free fatty acids (FFA), plays a central role in fatty acid metabolism, whose dy-
namics is briefly described in Figure 2.92.9. Fatty acid metabolism involves an intricate hormone
signaling that release fatty acid from adipocytes to provide energy after glucose sources are
depleted. Lipolysis is induced by the action of hormone-sensitive lipase (HSL)—a glucagon-
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Figure 2.9: Simplified diagram of NEFA dynamics. High insulin levels activate LPL to promote
lipid uptake and storage in adipocytes. During fasting state, high glucagon levels activate HSL
to promote lipolysis for the utilization of lipids as energy by peripheral tissue.

sensitive hormone—and other secondary non-HSL-mediated enzymes such as triglyceride hy-
drolase (TGH) [5353, 5454], glucagon, epinephrine and norepinephrine. Together, they induce sev-
eral complex intracellular processes that leads to lipolysis and a resulting increase in plasma
NEFA levels. Conversely, lipoprotein lipase (LPL)—an insulin-sensitive hormone—induces
lipid uptake and storage as TG prior esterification. Furthermore, high plasma NEFA levels, typ-
ical during postprandial state, promote TG production as VLDL and blocks lipolysis at the same
time. Hence, a delicate balance between exogenous and endogenous fatty acid metabolism can
be achieved by the action of insulin, which is the major regulatory hormone not only for glucose
but also lipid metabolism for both exogenous and endogenous pathways.

2.5 Mathematical models of fatty acid metabolism

In the following we briefly introduce a few mathematical models of NEFA dynamics that have
been developed to date, in addition to the only one mixed meal model in the literature to the
best of our knowledge.

Boston model of NEFA kinetics

Boston minimal model [5555] is a compartmental model of NEFA kinetics after intravenous glu-
cose tolerance tests (IVGTT) or oral glucose tolerance tests (OGTT). Compared to other models
of NEFA kinetics, it explicitly considers the initial latency, nadir and late rebound characteristics
of postprandial NEFA levels [5656]. The detailed mathematical representation of Boston model
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Figure 2.10: Compartmental diagram of Jelic model [5757] (see A.6A.6 on page 159159 for details).

is given in Appendix A.5A.5 (page 158158).

Jelic model of postprandial NEFA kinetics

A model of NEFA dynamics specifically for postprandial state is proposed by Jelic et al. [5757],
as shown in Figure 2.102.10, which is validated from OGTT and mixed meal consumption. It
includes two compartments for plasma and interstitial NEFA concentration, in addition to three-
compartmental models for the effect of insulin on LPL-activated fatty acid uptake and lipolysis
from adipose tissue. A more detailed mathematical description of Jelic model is included in
Appendix A.6A.6 (see page 159159).

Roy model of dietary fat metabolism

A mixed meal model by Roy et al. [5858,5959] is arguably the only mathematical model developed to
date that gives a complete mathematical representation of mixed meal absorption in the gut and
the effect of fat on postprandial glucose-insulin metabolism, as shown in Figure 2.112.11. Gut transit
is represented by Lehmann model [4343], with each macronutrient portion being represented by
separate variables. The dietary fat portion enters the free fatty acid compartment F by the
action of plasma insulin I over a remote compartment Y . The effect on BG levels is represented
from compartment F through another remote compartment Z. Roy model is described in more
detailed in Appendix A.7A.7 on page 160160.
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Figure 2.11: Compartmental diagram of fat metabolism in Roy model [5858, 5959] (see A.7A.7 on
page 160160 for details)

2.6 BG control algorithms for prandial state

In-development AP systems basically have three components: A CGMS, an insulin pump and a
control algorithm applied to BG control purposes (see Figure 2.122.12). The CGMS provides real-
time measurement of BG levels which, along with a mathematical model of glucose-insulin
metabolism, is utilized by an insulin optimization algorithm for the iterative computation of
the appropriate insulin at several-minute intervals by the controller. The variable continuous
insulin dose is respectively infused to the patient via an insulin pump for the maintenance of
BG levels at the target value. Diurnal BG control algorithms are basically divided into fully
closed-loop and closed-loop with meal announcement. While the former follows the conceptual
definition of AP systems for complete automatic insulin delivery, the latter requires patient input
to indicate an intended meal and thus has an overall performance above fully closed-loop BG
control systems.
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Figure 2.12: Closed-loop BG control systems maintain BG levels automatically at a given target
value (normoglycemia) by computation of the optimal insulin using information from real-time
BG levels measured with a CGMS and a mathematical model of glucose-insulin metabolism
for BG prediction, and insulin delivery via an insulin pump. BG control algorithms for prandial
state are divided into fully closed-loop and closed-loop with meal announcement. The former
utilizes an automatic meal detection algorithm whereas the latter requires the patient to specify
the carbohydrate amount of the intended meal to the controller in advance.
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The majority of closed-loop BG control algorithms are based on proportional-integral-
derivative (PID) and model predictive control (MPC), with other alternative approaches in-
cluding fuzzy logic and adaptive control. These control approaches are described concisely as
follows.

Proportional-integral-derivative (PID) control

The research group led by F. Doyle III and colleagues from the University of Santa Barbara
is arguably one of the most representative supporters of PID control algorithms for BG con-
trol [6060]. The three basic components of PID algorithms applied to BG control are (a) insulin
delivery proportional to the difference between measured and target BG levels, (b) an inte-
gral element that provides basal insulin needs to maintain target BG values during steady state,
and (c) a derivative component that increases/decreases the insulin infusion rate according to
the variation in BG levels. To reduce hypoglycemic events, insulin feedback [6161] is typically
included in the PID control algorithm, and referred to as proportional-integral-derivative with
insulin feedback (PID-IFB) that utilizes a two-compartment model of SC insulin kinetics to
estimate plasma insulin concentration [6262]. After the implementation of the control algorithm,
the authors also acknowledged an increased risk of hypoglycemia due to reset windup for large
carbohydrate loads (100 g). After consideration of several alternatives such as removal of the in-
tegral component, addition of constraints or re-tuning of the integral term, the authors weighted
the benefits and disadvantages of each approach and resolved to include an anti-reset windup
based on fuzzy logic. The system was tested in silico using the FDA-approved Dalla Man model
with 10 subjects, with resulting BG control between 93±7.3 (5.17±0.41 mmol/L) and 196±14
mg/dL (10.89±0.78 mmol/L) for a carbohydrate load of 100 g. Additionally, a manual insulin
bolus of 2 IU at mealtime contributed to a reduction in postprandial BG peak to 175±8 mg/dL
(9.72±0.44 mmol/L) [6363].

Model Predictive Control (MPC)

Because of the long delay associated with subcutaneous insulin absorption, MPC is considered
to be one of the most suitable control approaches for BG control purposes. It heavily relies on
a mathematical model of glucose-insulin dynamics to compute the prospective control moves
considering restrictions in any of the model variables. Fully closed-loop BG control algorithms
using MPC have been continuously improved through the years by including a limitation in
bolus insulin delivery as a percentage of the nominal bolus, constraint in insulin delivery for
negative insulin doses, and saturation of the control variable (insulin) for prandial state [6464].
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In spite of this, clinical trials show that a narrower BG excursion than fully closed-loop algo-
rithms can be achieved with hybrid BG control, which consists of a combination of manual
bolus insulin administration (a fraction of the total bolus) accompanied by fully closed-loop
basal BG control. Expansion of hybrid control includes a multiple model probabilistic predic-
tive controller with prior information of daily insulin dose and basal profile, BG prediction for
future meals, endogenous insulin production and insulin sensitivity from a bank of mathemat-
ical models. During inpatient clinical trials, it achieved a performance in BG control of 78%
within the normoglycemic range of 70–180 mg/dL (3.89–10.0 mmol/L) for unannounced meals
of approximately 1 g/kg weight [6565].

Fuzzy Logic

An alternative approach in BG control algorithms considers fuzzy logic, whose main advantage
is perhaps that it does not require a mathematical model of glucose-insulin metabolism. Still,
due to occurrences of late postpradial hypoglycemia in simulation environments of early fuzzy
logic control algorithms, it has been extended to include insulin-on-board and a personalization
factor—a tuning parameter based on the individual daily insulin dose of the patient—which
resulted in an improved BG control performance [6666]. Clinical implementation in a 24-hour
control with unannounced carbohydrate loads of 30 g and 60 g resulted in average blood glucose
values of 165 mg/dL (9.17 mmol/L) and BG excursion between 70–200 mg/dL (3.89–11.11
mmol/L) during 76% of the time [6767].

Supplementary algorithms

Due to the limited success of diurnal BG control systems in maintaining postprandial normo-
glycemia, additional algorithms are being continuously developed and utilized with one of the
control approaches above. The most relevant advances are:

• Meal detection algorithms
Fully closed-loop BG control algorithms require meal detection algorithms in order to
regulate BG levels during prandial state. An automatic meal-detection algorithm from
CGMS has been proposed by the group led by F. J. Doyle III (University of California,
USA) [6868], wherein calculation of glucose rate change is based on two methods: three-
point BG measurements from the current value and the two previous ones (backward dif-
ference), and Kalman filter estimation from actual BG change considering measurement
noise. For an average 56 g of carbohydrates (22–105 g used), time of meal detection and
increase in BG levels are 29 min with 13 mg/dL (0.72 mmol/L) for backward difference,
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35 min with 30 mg/dL (1.67 mmol/L) for Kalman filter, and 31 min with 18 mg/dL (1
mmol/L) for combined backward difference and Kalman filter.

• Insulin-on-board
The slow subcutaneous insulin absorption and remnant hypoglycemic effect several hours
after its administration increases the risk of late postprandial hypoglycemia, especially for
large insulin doses. Because of this, recent BG control algorithms include constrains for
insulin-on-board such as Safety Auxiliary Feedback Element (SAFE) [6969]. For insulin-
on-board estimation, usually two-compartmental models for insulin absorption are con-
sidered, along with several tuning parameters that need to be determined by an additional
meal test. In silico tests of the SAFE layer on a classical and insulin-feedback PID algo-
rithms, in addition to linear MPC algorithm, all of which are implemented in Dalla Man
model, result in a considerable reduction of hypoglycemic events with no considerable
negative effect on postprandial BG excursion [7070]. In particular, MPC-based BG control
resulted in a reduction of hypoglycemic episodes from 6 to 0 (out of 18 BG control simu-
lations) for a given patient after consumption of mixed meals with different carbohydrate
loads between 50–78.5 g.

• Fully-integrated AP system
Arguably the most advanced fully closed-loop BG control system developed to date [7171,
7272] has a modular architecture based on two interacting blocks: Range correction module
and Safety supervisor module. The former is responsible for the detection of possible
hyper- and hypoglycemic deviations and appropriate insulin infusion to maintain BG lev-
els at the target range, whereas the latter exclusively analyses the risk of hypoglycemia
and might also include constraint algorithms for insulin-on-board. Clinical results in
multi-center studies [7373] show that the average postprandial BG control range is 159
mg/dL (8.83 mmol/L) in adults and 166 mg/dL (9.22 mmol/L) in adolescents, although
individual BG excursions reach BG levels as high as 350 mg/dL (19.44 mmol/L).

• Parameter auto-tuning
Other closed-loop BG control systems involve an adaptive meal-priming bolus deliv-
ery [7474] to eliminate the necessity to repeatedly re-tune the control algorithm due to con-
siderable changes in insulin requirements caused by hormonal imbalances, since insulin
requirements increase inasmuch as four times throughout the transition from childhood
to adolescence and eventually to adulthood. This fully-automated BG control system uti-
lizes a bi-hormonal control approach that adapts to the patient in less than twenty four
hours using only information of body weight as initialization parameter. It demonstrated
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the ability to maintain postprandial BG levels below 250 mg/dL (13.89 mmol/L), al-
though postprandial normoglycemia is currently unfeasible. Meal detection algorithms
are capable of detecting meal consumption within 30 min after meal ingestion, which is
not sufficient to prevent postprandial hyperglycemia.
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Chapter 3

Mathematical model of postprandial
glucose-insulin metabolism in T1DM

Mathematical models of glucose-insulin metabolism serve several purposes including fault de-
tection algorithms for next-generation CGMS and insulin pumps [7575], decision support systems
for prandial bolus estimation, diabetes diagnostics/prognosis and a better understanding of the
disease [7676]. They also provide simulation environments for the evaluation of closed-loop
BG control systems [7777, 7878] to facilitate costly, time-consuming and perhaps even ethically-
questionable clinical trials. As briefly introduced in Chapter 2, several mathematical models
of glucose-insulin metabolism have been proposed to date in order to represent the impact of
carbohydrates on BG levels Among them, Hovorka and Dalla Man models are predominantly
utilized in model-based BG control algorithms since the exactitude of the mathematical model
utilized influences to a considerable extent the control performance. In spite of the high level
of detail in the physiological representation of gut absorption, such as in Dalla Man model (see
Eq. (A.27A.27) and Figure A.2A.2 on page 157157), these models consider only the amount of carbohy-
drates in order to represent the impact of a meal on BG levels. Other limitations include the
lack of authentication of subcutaneous insulin effect instead of only their absorption kinetics
and plasma levels.

In the present study, we propose a minimal model of glucose-insulin metabolism in T1DM
that includes a more accurate mathematical presentation of the impact of carbohydrates on
BG levels by considering the differences in gut absorption rate according to the specific food
consumed. Beyond the traditional classification of carbohydrates according to their chemical
structure (see Table 2.12.1 on page 99), an alternative classification based exclusively on its ab-
sorption rate is given by the Glycemic index (GI) of foods. Pioneering clinical studies [7979]
demonstrate that the post-meal increase in BG levels after consumption of 62 commonly eaten
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carbohydrate-rich foods differs inasmuch as sixfold for the same amount of 50 g. Moreover, for
an authentic representation of the hypoglycemic effect of rapid-acting insulin, we contemplate
a thorough validation of model parameters from clinical data to represent the glucose-lowering
effect of insulin as glucose-equivalent. In this way, postprandial BG excursion in T1DM can be
accurately represented by the impact of meal-derived glucose and the opposing hypoglycemic
effect of insulin. Because of the emphasis on model simplicity in the present study, we con-
sider the representation of glucose-insulin metabolism in T1DM and its disrupted homeostasis
as an extension of the minimal model. Therefore, in the present chapter we propose a novel
mathematical model of glucose-insulin metabolism from carbohydrates in T1DM that provides
a more accurate representation of the impact of food-specific carbohydrates on BG levels using
a minimal—yet accurate—compartmental approach compared to more complex models in the
literature.

First, we introduce several concepts related to the rate of carbohydrate absorption of meals,
which serve as the theoretical base from which we propose a novel representation of carbohy-
drate digestion and absorption. To represent the hypoglycemic effect of insulin, parameters of
subcutaneous insulin kinetics in Shimoda insulin model are re-validated using a simple three-
step method using pertinent clinical data. The representation of glucose-insulin metabolism
in T1DM considers a minimal parameter modification of Bergman model provided a thorough
consideration of the physiological representation. To demonstrate the accuracy of the present
model, we include simulation results and comparison with clinical data of post-meal BG excur-
sion for different foods and provide an extensive discussion of our findings.

3.1 Proposed model of carbohydrate digestion/absorption

In the present study, we propose a novel mathematical representation of carbohydrate digestion
and absorption in the gut. To represent the glycemic impact of carbohydrates on postprandial
BG levels, we first consider the calculation of a total glucose-equivalent of carbohydrates (GR),
as shown in Figure 3.13.1, which depends on the carbohydrate amount and GI value of the meal.
Thence, it is further divided into rapidly and slowly available glucose (RAG and SAG) pro-
portions, according to the amount of glucose release from carbohydrates between two specific
time period defined by the classification of carbohydrate bioavailability by Englyst et al. [8080].
Thence, we consider the physiologically-relevant representation of maximum rate of glucose
appearance Ramax to limit the absorption rate of exogenous glucose, in addition to a first-order
delay in gastric emptying to represent the impact of carbohydrates as meal-derived glucose
appearance Gext(t).
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Figure 3.1: Mathematical model of carbohydrate digestion/absorption proposed in the present
study. GR represents the total glucose-equivalent of carbohydrates according to the amount
and GI value of the meal. It is further divided into its rapidly and slowly available glucose
components (RAG and SAG), and followed by a maximum rate of glucose appearance Ramax

in addition to a first-order gastric emptying delay to represent meal-derived exogenous rate of
glucose appearance Gext(t).

The concept of GI, RAG and SAG absorption are introduced in the following subsection
prior to the explanation of the present model proposal.

3.1.1 The Glycemic Index (GI) of foods

The glycemic index (GI) of foods [7979] provides a quantitative estimation of the impact of dif-
ferent types of carbohydrates on BG levels in vivo. It is calculated from the 2-hour incremental
area-under-the curve (iAUC) of BG excursion after consumption of 50 grams of a test food
divided by that of a reference food—usually glucose, although some studies use white break
because of palatability issues—with the same amount, and multiplied by 100 to obtain an inte-
ger value. By definition, the GI value is given as

GI =
iAUCtest food

iAUCREF
× 100 (3.1)

where iAUCtest food is the iAUC of the foods whose GI is to be determined, and iAUCREF is the
iAUC of glucose as reference food11. In this way, the GI value provides an index of the impact of
different types of carbohydrates on BG levels independent of the amount consumed (constant).

Previous studies by Wolever et al. [8181] present a quantitative assessment of the glycemic
impact of carbohydrate-rich foods in healthy patients by considering varying amounts (25 g, 50

1A few studies utilize white bread instead of glucose due to palatability and tolerance issues, which affects the
GI value of a food. For instance, white bread has a GI value of 100 or 71 depending on whether the reference food
considered in the test is white bread or glucose, respectively.

32



g, 75 g and 100 g) and GI values (48, 71, 100 and 129 considering white bread as reference);
and developed a formula to predict the impact of carbohydrates as percentage related to 50 g
of white bread. We propose a mathematical representation of meal consumption indicated with
the input Gmeal(t) and GR based on the aforementioned formula as

AvCHO =

∫ tfood

0

Gmeal(t)dt, (3.2)

GR = 1.5
GI
100

(
1− e−kGR·AvCHO)+ 0.13 kw2g, (3.3)

where kGR = 0.018 g−1 is a parameter from the original model obtained from curve fitting
analysis, kw2g = 71/100 adjusts the GI value with glucose as reference (instead of white bread)
and AvCHO is the total amount of available carbohydrates ingested over the time span from 0
to tfood. In particular, a single-meal is represented by a unitary impulse with carbohydrate intake
given by Gmeal(t) = AvCHO · δ(t).

Moreover, since GR in Eq. (3.33.3) expresses the total glucose-equivalent as a percentage rel-
ative to 50 g of glucose, its equivalent as glucose amount is calculated by

GREQg(t) =

(
50 g · GR
AvCHO

)
·Gmeal(t). (3.4)

3.1.2 Carbohydrate Bioavailability

An alternative classification of the type of carbohydrate depends on the digestion/absorption
of glycaemic and non-glycaemic carbohydrates as carbohydrate bioavailability from in vitro
studies [8282, 8383], which considers biomolecular properties of carbohydrates including chemi-
cal identity (linkage type of saccharide, size), food matrix (degree of processing), meal factor
(macronutrient composition) and gastrointestinal handling. According to Englyst et al., di-
etary carbohydrates are divided into available carbohydrates and resistant carbohydrates (see
Figure 3.23.2). The former includes all types of sugar and starch including glucose, fructose,
galactose, maltose, sucrose and lactose; and starch previously hydrolyzed in vitro to glucose to
represent enzymatic digestion. The latter includes resistant starch, non-starch polysaccharides
commonly known as dietary fiber, resistant short-chain carbohydrates and sugar alcohols.

In particular, we consider the two main classifications of starch as (a) Rapidly Available
Glucose (RAG), which is defined as the amount of glucose released from carbohydrates be-
tween 0–20 min after incubation with gastric enzymes [8484], and (b) Slowly Available Glucose
(SAG), which refers to the amount of glucose release from carbohydrates between 20–120 min
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Figure 3.2: Classification of carbohydrates according to Englyst et al. [8383]. RS: Resistant
starch, NSP: Non-starch polysaccharides, RSCC: resistant short-chain carbohydrates. In the
present study, we include RAG and SAG classifications of carbohydrate bioavailability for the
representation of carbohydrate digestion/absorption as glucose.

following the same procedure. A third classification as Resistant Starch (RS) is defined as the
product of starch degradation left unabsorbed by the small intestine and is further divided into
four subgroups (RS1–RS4) depending on the enzyme resistance characteristics, although is not
currently considered in the present model.

Following the definition of RAG and SAG, the absorption dynamics ofGRAG(t) andGSAG(t)

are represented by critically-damped second-order systems (blocks RAG and SAG in Fig-
ure 3.13.1) considering the total glucose-equivalent of carbohydrates in Eq. (3.43.4) as input. The
matrix representation is thus given by

dxRAG(t)

dt
=

 0 1

− 1

T 2
RAG

− 2

TRAG

xRAG(t) +

 0

KRAG

T 2
RAG

GREQg(t), (3.5)

dxSAG(t)

dt
=

 0 1

− 1

T 2
SAG

− 2

TSAG

xSAG(t) +

 0

KSAG

T 2
SAG

GREQg(t− τSAG), (3.6)

GRAG(t) =
[
1 0

]
xRAG(t), (3.7)

GSAG(t) =
[
1 0

]
xSAG(t), (3.8)
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Table 3.1: Values of GI [8585], RAG, SAG and RS [8080] for four representative staple foods (solids)
and a sugary drink (liquid). (∗) grams as 100 g of food eaten.

FOOD GI RAG∗ SAG∗ RS∗

Instant potato 83 12.0 1.1 0.8
White bread 71 42.0 3.7 0.6
Pineapple juice 46 10.0 0.0 0.0
Spaghetti 41 15.0 9.0 1.0
Pearled barley 25 9.0 7.0 2.1

with variables xRAG(t) and xSAG(t) for representation of RAG and SAG absorption respectively,
with time-constant parameters TRAG and TSAG, and gains KRAG = RAG/(RAG + SAG) and
KSAG = SAG/(RAG + SAG) considering the proportion of RAG ans SAG according to food-
specific values [8080], in addition to τSAG = 20 min by definition of SAG. In the present study
we consider four staple foods represented by instant potato, white bread, spaghetti and pearled
barley whose parameters values of GI, RAG and SAG are specified in Table 3.13.1.

Assuming a unit impulse inGmeal(t) to represent single-meal consumption, we determine the
values of TRAG and TSAG considering that RAG absorption should satisfy (i) complete glucose
absorption before 20 min and (ii) area-under-the-curve (AUC) of GRAG(t) be equivalent to that
ofKRAG ·GREQg(t). Likewise, for SAG absorption, (iii) glucose absorption between 20–120 min
and (iv) AUC for GSAG(t) be equal to that of KSAG · GREQg(t). Nonetheless, due to the nature
of second-order critically-damped systems, it is not feasible to have a rigorous compliance with
the stipulated time span for RAG and SAG absorption in (i) and (iii), respectively, and thus
we assume a small error margin of 5%. Under these conditions, time-constant parameters for
RAG and SAG are calculated to TRAG = 4.22 min and TSAG = 21.1 min, respectively, and
the absorption rate of total glucose-equivalent of carbohydrates is the sum of RAG ans SAG
absorption as

GEQ(t) = GRAG(t) +GSAG(t). (3.9)

3.1.3 Maximum rate of glucose appearance

By considering the GI value, RAG and SAG of the specific meal, not only the amount but also
its absorption rate provides a more accurate representation of meal-derived glucose appearance
and the impact of a meal on BG levels. In some clinical studies in nondiabetics, however, there
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appears to be a particular plateau after consumption of very large carbohydrates test meals (5
g/kg weight) [8686], which suggests the existence of a maximum rate of meal-derived glucose
appearance thought to be regulated by the caloric gastric emptying rate with an estimated max-
imum of 1–3 kcal/min in nondiabetics [8787]. Although neither the rate of gastric emptying nor
exogenous glucose appearance are usually measured in clinical studies, insulin secretion and
BG excursion implicitly indicate that the impact of very large carbohydrate meals (111±1.9 g)
on glucose-insulin metabolism continues as long as 5 hours post-meal, especially for high GI
foods (value of 89) [8888]. Such response suggests that exogenous glucose is still being metab-
olized during late postprandial state, although the exact mechanism is yet to be elucidated. To
our knowledge, only one study to this date [8989] investigated the glycemic response in T1DM to
different carbohydrate loads up to 150 g. The resulting BG excursion is characterized by a re-
bound in hyperglycemia that lasts over 6 hours, which also suggests the existence of a sustained
exogenous glucose appearance proportional to the amount of carbohydrates consumed.

Because of these evidences, we include a maximum rate of glucose appearance Ramax in
the glucose-equivalent GEQ(t), which is re-defined as GEQ(t) in our model (see Figure 3.33.3).
Parameters t1 and t2 indicate the instants at which RAG absorption reaches Ramax upwards and
downwards, respectively, whereas t3 in GEQ(t) is the start in the decay from Ramax. It is also
assumed that t1 < τSAG regardless of the food consumed.

The respective analysis and parameter calculation assumes a single-meal input signal con-
sidering that

a) The total AUC of GEQ(t) must be equal to the total glucose-equivalent GEQ(t), i.e., the sum
of GRAG(t) and GSAG(t).

b) SAG absorption remains unaltered regardless of the addition of Ramax.

c) Glucose absorption profile of GRAG(t) for t > t3 is the same as GRAG(t) for t > t4 (see
Figure 3.33.3, top and bottom).

Regarding c), we acknowledge that the total glucose-equivalent GEQ(t) as the sum of RAG
absorption (whose decay follows Eq. (3.73.7) for t ≥ t4) and SAG absorption surpasses the max-
imum rate Ramax for a transient time at t ≥ t3. To prevent this, we consider an additional
parameter t4 (see Figure 3.33.3) in RAG absorption. Provided that Ramax is known, t1 and t2 can
be directly obtained from GRAG(t), and the remaining parameters t3 and t4 being calculated as
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Figure 3.3: Illustration of RAG, SAG absorption and total glucose-equivalent GEQ(t) consider-
ing maximum rate of glucose appearance Ramax with specification of parameters t1, t2, t3 and
t4.
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follows. From a), ∫ ∞
t1

GEQ(t)dt =

∫ ∞
t1

GEQ(t)dt, (3.10)

(t3 − t1) · Ramax +

∫ ∞
t3

GEQ(t)dt =

∫ ∞
t1

GRAG(t)dt+

∫ ∞
τSAG

GSAG(t)dt. (3.11)

From b), since SAG absorption is unaltered, it can be removed as∫ ∞
t3

(
GEQ(t)−GSAG(t)

)
dt =

∫ ∞
t4

GRAG(t)dt, (3.12)

which is replaced in Eq. (3.113.11) as

(t3 − t1) · Ramax +

∫ ∞
t4

GRAG(t)dt =

∫ ∞
t1

GRAG(t)dt+

∫ t3

τSAG

GSAG(t)dt, (3.13)

(t3 − t1) · Ramax =

∫ t4

t1

GRAG(t)dt+

∫ t3

τSAG

GSAG(t)dt, (3.14)

A3 =A1 + A2, (3.15)

where A1, A2 and A3 are the AUC as illustrated in Figure 3.43.4.

Lastly, GEQ(t) from c) is given by

GEQ(t) = GRAG(t− t3 + t4) +GSAG(t− τSAG), (3.16)

which at t = t3 we have
Ramax = GRAG(t4) +GSAG(t3). (3.17)

For a single-meal, RAG and SAG absorption in Eqs. (3.113.11)–(3.173.17) are represented by second-
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Figure 3.4: Calculation of parameters t3 and t4 by considering the equivalent area-under-the-
curve in RAG absorption (top) including the portion of SAG absorption t ≤ t3 such that A3 =
A1 + A2.
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order critically-damped impulse response systems. Thus,∫ t4

t1

GRAG(t)dt = KRAG

(
1 +

t1
TRAG

)
· exp (−t1/TRAG)

−KRAG

(
1 +

t4
TRAG

)
· exp (−t4/TRAG) , (3.18)

∫ t3

τSAG

GSAG(t)dt = KSAG −KSAG

(
1 +

t3 − τSAG

TSAG

)
· exp (−(t3 − τSAG)/TSAG) , (3.19)

GRAG(t4) =
KRAG

T 2
RAG
· t4 · exp (−t4/TRAG) , (3.20)

GSAG(t3) =
KSAG

T 2
SAG
· t3 · exp (−t3/TSAG) , (3.21)

where the equations formulated above from Eqs. (3.143.14) and (3.173.17) with values of t3, t4 can be
solved by any solution method for nonlinear equations such as the the Newton-Rhapson method.

The mathematical representation of gut absorption from carbohydrates GEQ(t) considering
maximum rate of exogenous glucose appearance Ramax for the specific case of a single-meal
(impulse response) is thus given by

GEQ(t) =



GEQg ·KRAG

T 2
RAG

· te−t/TRAG , t < t1

Ramax, t1 ≤ t ≤ t3

GEQg ·KRAG

T 2
RAG

· (t− t5)e−(t−t5)/TRAG

+
GEQg ·KSAG

T 2
SAG

· (t− τSAG)e−(t−τSAG)/TSAG , t > t3

, (3.22)

where t3 and t5 = t3 − t4 are time-constant parameters specific to the food (see Table 3.23.2) and
the remaining parameters are the same as in Eqs. (3.73.7) and (3.83.8).

Although parameter Ramax physiologically reflects the maximum rate of glucose appearance
and thus must be determined from actual clinical studies, there is none which explicitly aims
to determine such value. Therefore, to determine a physiologically-relevant value of Ramax, we
consider studies from human biology and sport nutrition due to the particular interest in the
effect of carbohydrate ingestion and absorption during athletic performance. In one study [9090],
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during exercise at 50% of maximal oxygen consumption, a maximum glucose appearance of
0.41–0.42 g/min after a low carbohydrate load22 was observed with an almost complete metabo-
lization of exogenous glucose. However, for a high carbohydrate load33, the glucose appearance
rose to 0.96–1.04 g/min suggesting this to be the maximum rate of digestion/absorption of ex-
ogenous glucose.

It can be argued that gastric emptying and glucose absorption might be affected by ex-
ercise, especially in continuous workload conditions as 120 min of cycling in the aforemen-
tioned study. Even though exercise causes gastrointestinal distress resulting in lower gastric
emptying/absorption of carbohydrates, several studies suggest that it only occurs during stren-
uous exercise above 70–80% of maximal oxygen consumption [9191, 9292]. Considering that exer-
cise mainly affects muscle glycogen oxidation and is independent of exogenous carbohydrate-
derived digestion/absorption, the maximum rate of glucose appearance in such study might be
applied to resting conditions as well.

3.1.4 Gastric emptying delay

Typical postprandial hyperglycemia in patients with T1DM is usually accompanied with a delay
in gastric emptying [9393, 9494], and even extends to chronic gastroparesis in critical cases. Some
studies suggest that hyperglycemia is the cause of delayed gastric emptying in patients with
T1DM by means of the gastrointestinal motor mechanism [9393], hyperglycemia delays gastric
emptying in both nondiabetics and T1D patients equally [9494], while others rather opt for an
inconclusive cause-effect relationship [9595]. On the contrary, other studies indicate that meal-
derived glucose appearance in these patients does not differ from their healthy counterparts at
either normoglycemia or hyperglycemia over 400 mg/dL [9696], which indicates no association
between postprandial hyperglycemia and delayed gastric emptying. Explanations on the differ-
ences in gastric emptying include fasting BG levels, the meal composition (proportion of the
macronutrient content), size and energy content, with the latter in particular having a strong
correlation and low inter-individual variability [9797]. In nondiabetics, there seems to be a strong
relationship between the GI value and rate of gastric emptying [9898] which seems to indicate that
the differences in gastric emptying is not caused by BG levels but the food composition per se.

To represent delay in gastric emptying and meal-derived glucose appearance, we consider a

2total of 70 g of glucose solution throughout 120 min of exercise
33 g per minute with a total of 350 g glucose
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Table 3.2: Time-constant parameters of carbohydrate digestion/absorption in the present model
for representative staple foods with varying GI values and a sugary drink, with their respective
time-constant delay τdg.

FOOD GI t1 t2 t3 t4 τdg

Instant potato 83 0.99 15.1 38.0 15.4 34.5
White bread 71 1.07 14.6 32.3 14.6 54.5
Pineapple juice 46 1.30 12.8 22.5 12.6 0.5
Spaghetti 41 2.28 8.7 12.2 9.8 95.6
Pearled barley 25 – – – – 142.4

first-order delay function as

dGext(t)

dt
=

1

τdg

(
GEQ(t)−Gext(t)

)
, (3.23)

where Gext(t) is the output of the carbohydrate metabolism subsystem, GEQ(t) = GRAG(t) +

GSAG(t) is total glucose equivalent from carbohydrates and τdg is the food-specific time delay of
carbohydrate digestion in T1D patients. The physiological representation of gastric emptying
delay in Eq. (3.233.23) refers to the additional time required for the chyme to mobilize from the
stomach to the duodenum, and thus should rather be considered before the division into its
RAG and SAG components. Nevertheless, we first build RAG and SAG absorptions and thence
add a gastric emptying delay to maintain the clarity in the definition of RAG and SAG and
facilitate the calculation of parameters related to Ramax.

The food-specific value of τdg is determined by minimizing

Q1[max(G(ti))−max(Ĝ(ti))]
2 +Q2

n∑
i=1

E2(i), (3.24)

where E(i) = G(ti) − Ĝ(ti) is the difference between BG in the present model G(ti) and
clinical data Ĝ(ti) from [8585] measured at ti from 0 to 240 min at 30-min intervals (n = 9). The
value of τdg for each food and sugary drink is calculated with Q1 = 1 and Q2 = 1 and given in
Table 3.23.2.
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3.2 Modified model of subcutaneous rapid-acting insulin ef-
fect

Some models are thoroughly validated with clinical data from nondiabetic subjects, which is
arguably one of the principal causes of inaccuracy in the mathematical representation of their
hypoglycemic effect. In active pancreatic β-cell function, endogenous insulin is rapidly mo-
bilized through the portal vein towards the liver before reaching peripheral tissue for GLUT-4
activation and glucose uptake. In contrast to this, exogenous insulin is distributed throughout
peripheral tissues before reaching the liver for insulin clearance (although also occurs in mus-
cle and adipose tissue in a lesser degree). The clearly difference in insulin pathways between
endogenous and exogenous insulin have thus to be considered for an appropriate representation
of the effect of SC insulin on BG levels in patients with T1DM in particular.

3.2.1 Insulin pharmacokinetics (PK) and pharmacodynamics (PD)

For an accurate representation of the effect of exogenous insulin on BG levels, it is first im-
portant to differentiate insulin pharmacokinetics (PK) and pharmacodynamics (PD). The phar-
macokinetics of insulin comprise the absorption process, the distribution (including binding)
and its ultimate degradation and excretion. For instance, after a SC bolus administration, an
insulin depot is formed below the SC tissue from which insulin is slowly degraded by action
of SC enzymes until its distribution as free plasma insulin, which is directly measurable from
plasma insulin concentration. The complexity in the representation of insulin kinetics includes
the presence of circulating insulin-binding antibodies [9999] among other factors. In this way,
insulin pharmacokinetics describe the time-course of insulin absorption kinetics, including a
large number of complex biochemical reactions in the process in inaccessible (non-measurable)
conditions.

Compared to this, insulin pharmacodynamics describe the physiological effect of insulin on
glucose metabolism, i.e., activation of the receptor GLUT-4 for glucose uptake, in addition to
its relationship with plasma insulin concentration. Although direct measurement is not possible
due to inaccessibility to tissues and membranes, the effect per se is quantified by its biopotency.
Therefore, although insulin PK and PD are closely related, they essentially seek to represent
different characteristics of insulin.
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3.2.2 Glucose Infusion Rate (GIR) as insulin PD

Due to our particular interest in an accurate mathematical representation of the actual hypo-
glycemic effect of rapid-acting insulin on BG levels, we contemplate the utilization of clinical
data of glucose infusion rate (GIR) for such purpose. In this method, a single insulin bolus
administration at t = 0 is accompanied with a continuous variable IV glucose infusion such
that BG levels are maintained at normoglycemia until complete bolus insulin absorption several
hours afterwards. In this way, GIR represents the insulin time-action profile, i.e., a time-course
of the BG lowering effect of insulin. Clinical data of insulin pharmacokinetics and GIR for a
variety of types of insulin formulations including rapid-acting insulin [100100] clearly shows the
existence of a delay and extended effect in time-action profile compared to plasma insulin levels
for all types of insulin formulations.

In previous mathematical models of glucose-insulin metabolism in T1DM, accurate models
of SC insulin kinetics, i.e., representation of insulin PK, are coupled with models of glucose
kinetics without further consideration and validation of the actual hypoglycemic effect of in-
sulin, i.e., insulin PD. In the present study, we consider Shimoda insulin model for the sake of
simplicity, and re-validate its original model parameters to represent insulin PD instead while
maintaining the original structure.

3.2.3 Shimoda insulin model adapted to insulin PD

In the present subsection we consider Shimoda insulin model which comprises compartments
x1, x2 and I , and the remote-insulin compartment of Bergman minimal model X for param-
eter adjustment of rapid-acting insulin PK/PD with consideration of a provisional input ui(t)

in plasma insulin compartment given by Eq. (2.72.7) to represent IV insulin administration. The
purpose of model re-identification is to obtain an authentic representation of insulin PD, i.e., the
hypoglycemic effect of subcutaneous rapid-acting insulin on BG levels. For a genuine represen-
tation of insulin kinetics from subcutaneous insulin absorption to plasma insulin appearance and
its ultimate hypoglycemic effect through the aforementioned compartments, the identification
of model parameters is divided into three steps as follows (see Figure 3.53.5):

1. IV insulin PK and PD: Parameters of I and X are identified from IV data of GIR [101101]
for an input in the provisional IV input ui(t) to obtain a more accurate representation
of IV insulin PD compared to the original Shimoda and minimal model parameters (see
Figure 3.63.6).

2. SC insulin PK: With fixed parameters of compartment I and X , subcutaneous insulin PK
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Figure 3.5: Parameter identification of Shimoda SC insulin model and remote insulin compart-
ment of Bergman minimal model using clinical data of (1) IV insulin PK+PD, (2) SC insulin
PK, and (3) SC insulin PK+PD.

in compartments x1 and x2 are identified from clinical data [102102] for an insulin bolus
input in us(t). Compared to the original Shimoda model parameters (see Figure 3.73.7),
the parameters of the present study for rapid-acting insulin resembles clinical data more
accurately.

3. SC insulin PK+PD: Although having a complete identification of model parameters, we
verify the accuracy to represent subcutaneus insulin PD for an input in us(t) with GIR data
for SC insulin [103103]. Compared to the original Shimoda and minimal model parameters
(see Figure 3.83.8), the present study effectively represents the hypoglycemic effect of SC
insulin administration.

Therefore, SC rapid-acting insulin absorption kinetics from Shimoda et al. [104104] maintains
the original structure given in Eqs. (2.52.5)−(2.62.6), although parameters are modified as given in
Table 3.33.3 for an accurate representation of rapid-acting insulin PK/PD validated from clinical
data.

Rapid-acting insulin is the standard insulin type for prandial insulin bolusing due to its fast
PK/PD, with the three commercially available brands being insulin lispro or Humalog (Eli Lilly,
USA), insulin aspart or Novolog (Novo Nordisk, Denmark) and insulin glulisine or Apidra
(Sanofi, France). Even though each of these rapid-acting insulin formulations have different
DNA-recombinant modifications to the molecular structure of human insulin, all of them share
similar PK/PD profiles [105105] and thus can be used interchangeably in the present model.
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Figure 3.6: Comparison of the proposed model parameters for IV insulin PK+PD with corre-
sponding clinical IV data of GIR from Sekigami et al. [101101].
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Figure 3.7: Comparison of the proposed model parameters for SC insulin PK with correspond-
ing clinical data from Heinemann et al. [102102].
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Figure 3.8: Comparison of the proposed model parameters for SC insulin PK+PD with corre-
sponding clinical data from Swan et al. [103103].

Table 3.3: Proposed model parameters in Bergman minimal model and Shimoda insulin model
for an accurate representation of subcutaneous insulin PK/PD in patients with T1DM.

p2 = 8× 10−2 min−1 p3 = 10× 10−6 L min−2

k21 = 4.5× 10−2 min−1 ka = 2.0× 10−2 min−1

ke = 2.0× 10−2 min−1 kd = 2.1× 10−3 min−1

Vd = 4.5× 10−2 L
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3.3 Proposed model of postprandial glucose-insulin metabolism

Among several mathematical models developed to date, the main advantage of Bergman min-
imal model is arguably its simplicity in the representation of plasma glucose-insulin dynamics
with the fewest number of parameters for model identification. To have a valid extension of
the minimal model to T1DM, it is necessary to consider several physiological similarities and
differences, and their mathematical representation as detailed as follows.

3.3.1 Bergman model adapted to T1DM

The main characteristic of T1DM is the absence of endogenous insulin secretion, which causes
an abnormal elevation of BG levels to hyperglycemia. In the minimal model, however, such
state cannot be adequately represented by simple inspection in Eq. (3.253.25) under absence of in-
sulin from the interstitial compartmentX(t) = 0. Thus, the purpose is to represent T1DM in the
minimal model with minimal alteration—and yet maintaining the physiological interpretation—
of the original model reproduced as follows

dG(t)

dt
= −X(t)G(t) + p1 (Gb −G(t)) +

Gext(t)

V1
, (3.25)

where Gext(t) is the meal-derived exogenous rate of glucose appearance as proposed in the first
part of the present chapter.

3.3.2 Glucose effectiveness

Glucose effectiveness in the minimal model as developed by Bergman et al. represents the
ability of glucose per se to perform glucose disposal and suppress endogenous glucose pro-
duction under basal conditions. Although insulin-mediated glucose uptake is considered the
main metabolic pathway for glucose removal, it is estimated that up to 50% of the glucose dis-
posal after an oral glucose tolerance test (OGTT) is due to glucose effectiveness [106106]. The
minimal model, in particular, has been criticized for the overestimation of post-meal glucose
effectiveness after glucose or meal tolerance tests [107107, 108108].

Studies on the minimal model and its accuracy to represent glucose metabolism in patients
with T1DM using the Biostator showed that parameter estimation was in excellent agreement
with clinical data, whereas only basal insulin infusion in the same patients with T1DM resulted
in an overestimation of glucose effectiveness [109109]. Similarly, other studies [110110] using an
IVGTT without incremental insulin (only basal insulin according to the strict definition of SG)
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showed that clinical data of glucose effectiveness was poorly predicted by the minimal model
even though minimal model parameters for patients with T1DM are lower than their nondiabet-
ics counterparts with values of 0.013± 0.004 min−1 vs 0.021± 0.002 min−1, respectively.

It is thus clear that the minimal model does not accurately reflect glucose kinetics in patients
with T1DM under the same parameter evaluation as in nondiabetics. Glucose effectiveness is
defined in the minimal model (nondiabetics) as a ‘measure of the capacity of glucose to mediate
its own disposal at basal insulin levels’, which is the case of patients with T1DM is gradually
deteriorated with the progression of the disease, although some detectable β-cell activity in
long-standing patients is also present [111111]. Although artificial infusion of basal insulin is
included for the estimation of SG by definition, the inability to represent glucose effectiveness
appropriately is evident by the results in the aforementioned clinical studies.

We consider that other factors particularly specific to patients with T1DM are not being
considered, such that the fact that these patients have increased EGP during basal conditions
with secretion rates depending on the quality of their management [112112]. During postprandial
state, also, there seems to be an over-production of glucagon (hyperglucagonemia) after a meal
load [113113]. In this way, to represent T1DM state using the minimal model, we propose a minor
conceptual modification of parameter Gb to represent basal glucose levels with no exogenous
basal insulin infusion conditions. By doing so, the physiological representation of glucose
effectiveness SG is no different to that of the original minimal model for G(t) > Gb, while
the enhanced hepatic glucose production—due to absent endogenous insulin secretion—is also
represented for G(t) < Gb. The nonlinear component X(t)G(t) for insulin-dependent glucose
uptake remains unaltered.

In the glucose compartment of the minimal model, the non-insulin mediated glucose balance
(assuming absence of exogenous insulin X(t) = 0) is given by

G(t) = (G(0)−Gb) e
−SGt +Gb, (3.26)

where glucose dynamics depends on the values ofGb and SG. Because of the difficulty to assess
Gb under insulin absence conditions, we rather consider steady-state conditions as

SG =
Xss ·Gss

Gb −Gss
, (3.27)

=
p2 · Vd · ke · (Gb −Gss) · (kd + ka)

Gss · p3 · ka · ub(t)
, (3.28)

from which SG can be determined from Gb and a continuous basal insulin infusion ub(t).
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3.4 Simulation

In the present section, we simulate the model of glucose-insulin metabolism from carbohydrates
in T1DM proposed in the present chapter and validate it with clinical data of postprandial BG
excursion after consumption of carbohydrate-rich foods with GI values throughout the range as
represented by instant potato, white bread, spaghetti and pearled barley, in addition to pineapple
juice to represent a sugary drink as well.

3.4.1 Simulation settings

We simulate a single-meal with AvCHO = 50 grams of carbohydrates as Gmeal(t) = 50 ·
δ(t) for each representative carbohydrate-rich food with respective parameters of GI, RAG and
SAG specified in Table 3.13.1, in addition to Table 3.23.2 for time-constant parameters considering
a constant maximum rate of meal-derived glucose appearance Ramax = 0.9 g/min regardless
of the specific food to be consumed. Considering parameters in Table 3.33.3 for subcutaneous
insulin PK and PD as proposed in the present model, a prandial single-bolus dose of us(0) = 7
IU/min is administered simultaneous with meal at t = 0 considering a continuous basal insulin
infusion us(t) = 0.0186 IU/min to maintain fasting BG levels at 90 mg/dL, which is similar to
the basal insulin regimen of 1.2 IU/h in the only patient under insulin pump therapy in [114114].
Parameters to represent T1DM in the glucose compartment of the minimal model in Eq. (3.253.25)
are p1 = 0.001 min−1 and Gb = 300 mg/dL (16.67 mmol/L).

3.4.2 Maximum rate of exogenous glucose appearance

Simulation of glucose-equivalent digestion/absorption from carbohydrates considering maxi-
mum rate of glucose appearance Ramax is shown in Figure 3.93.9 for a very high GI food (instant
potato). The large RAG content in instant potato causes a maximum glucose-equivalent absorp-
tion of >3 g/min in GEQ(t), which is restrained to 0.9 g/min by considering Ramax. To maintain
the total glucose equivalent (AUC of GEQ(t)) effectively constant, the maximum absorption
Ramax is maintained until t3 according to Eq. (3.223.22).

3.4.3 Postprandial BG excursion for varying GI values

Simulation of postprandial BG excursion after ingestion of several types of foods with constant
carbohydrate amount AvCHO = 50 g and insulin bolus is shown in Figure 3.103.10 considering
clinical data from 8 patients with T1DM (3 male and 5 female, 36.7±7.1 years old, body mass
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Figure 3.9: Glucose-equivalent of carbohydratesGEQ(t) andGEQ(t) with and without maximum
rate of glucose appearance Ramax = 0.9 g/min, respectively.

index (BMI) 23.8±1.4 kg/m2 and HbA1c 7.2±0.5%) [8585]. The postprandial BG peak typical
in high GI foods (instant potato and white bread) are accurately represented as well as BG ex-
cursion during late postprandial state. Medium and low GI foods (spaghetti and pearled barley,
respectively) are also accurately represented for late postprandial BG excursion, although the
modest peak at t = 30 min cannot be properly replicated. Furthermore, simulation of a sugary
drink is shown in Figure 3.113.11 for 50 g of pineapple juice and comparison with clinical data from
patients with T1DM. The postprandial BG peak has a legitimate representation, even though the
excursion for t > 100 min starts to diverge increasingly until late postprandial state.

3.5 Discussion

In the present study we propose a mathematical model of glucose-insulin metabolism from car-
bohydrates in patients with T1DM, which is built from already existing models of SC insulin
kinetics and glucose-insulin metabolism, in addition to an original proposal for carbohydrate
digestion/absorption. Model parameters are adjusted to increase the accuracy of the compart-
mental model without altering their original structure. Further discussion is elaborated in the
following.
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Figure 3.10: Simulation of postprandial BG excursion after consumption of 50 grams of
carbohydrate-rich foods with varying GI values considering a SC single-bolus of us(0) = 7
IU and constant basal insulin infusion us(t) = 0.0186 IU/min. Comparison with clinical data
from 8 T1DM patients (3 male and 5 female, 36.7±7.1 years old, BMI 23.8±1.4 kg/m2, HbA1c
7.2±0.5%) from Mohammed et al. [8585].
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patients (3 male and 5 female, 36.7±7.1 years old, BMI 23.8±1.4 kg/m2, HbA1c 7.2±0.5%)
from Mohammed et al. [8585].
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• Utilization of GI, RAG and SAG as model parameters
To our knowledge, this is the first mathematical model of carbohydrate digestion and
absorption that includes food-specific model parameters for GI and carbohydrate avail-
ability to obtain an accurate representation of the glycemic impact of a meal. These
concepts were developed independently from one another in the research areas of clinical
nutrition and food chemistry, respectively, and as such, are conceptually different. The
former is an in vivo methodology that quantifies the impact of different types of carbo-
hydrates on BG levels and inherently includes all physiological factors—both known and
unknown—associated with gut transit, whereas the latter relies on in vitro conditions to
quantify the amount of glucose release from carbohydrates according to its biochemi-
cal properties. Even though there seems to be a close relationship between the GI and
RAG values of carbohydrate-rich foods [8484, 115115], both methodologies have different ap-
proaches that are equally employed as model parameters in the present study. Compared
to previous mathematical models with a notorious nonlinear complexity (see Figure A.2A.2),
in the present model RAG and SAG absorption are represented as two second-order linear
differential equations whose sum has an interestingly ‘nonlinear’ shape. In this way, we
demonstrate the feasibility to develop an accurate yet simple representation of exogenous
glucose absorption from carbohydrates as observed in clinical studies [116116].

• Gastric emptying delay τdg

In addition to parameters for GI, RAG and SAG, a first-order delay with time constant
τdg is also included in the model of carbohydrate digestion/absorption. It could be argued
that because of the specific time span for RAG and SAG absorption by definition and the
in vivo assessment of the GI value, additional delays need not be considered. However,
RAG and SAG parameters represent in vitro glucose release in the gut, which excludes
additional delays due to carbohydrate break-down by gastric enzymes and glucose de-
livery from the lower stomach to the small intestine such as glucose transport across the
epithelium. Indeed, previous studies [117117] that compared the Englyst method with actual
in vivo gastric emptying and portal glucose appearance show a strong correlation with in
vivo gastric emptying provided an additional time-delay adjustment for in vitro values,
which in our model is represented by the time constant τdg.

• Gastric emptying and hyperglycemia
Previous studies suggest an association between gastric emptying and BG levels, with a
marked delay in gastric emptying at even mild hyperglycemia of 144 mg/dL (8 mmol/L)
in both diabetics and healthy subjects [9494]. As an explanation, the gastric motor mech-
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anism involved in hyperglycemia-induced gastric emptying delay is associated with a
reduction of antral pressure and duodenal motility [9393], although the magnitude and gas-
tric emptying rate is yet to be elucidated. These studies suggest that τdg should be a
function that includes BG levels instead of a food-specific parameter. Nevertheless, pa-
tients with T1DM seem to suffer from an impaired hyperglycemia-induced delay in gas-
tric emptying [118118], which might be restored to rates comparable to that of nondiabetics
after pramlintide administration. Some others report an inverse relationship between gas-
tric emptying and postprandial BG increments in T1DM between 0–180 mg/dL (0–10
mmol/L) [119119]. These mixed results prevent the development of a mathematical associa-
tion between BG levels and gastric emptying delay in the present study.

• Effectiveness in combining GI, RAG and SAG to represent gut absorption
An additional advantages of including both GI and RAG/SAG for the representation of
meal-derived exogenous glucose appearance in the present model is the ability to compute
the different impact of foods with the same GI value but different RAG/SAG proportion.
Such difference can be observed in clinical studies with nondiabetics [120120], although it
could not be properly validated in our model due to absence of clinical data for similar test
meals in patients with T1DM. Even though the present model provides such advantage,
the utilization of several parameters (for GI, RAG and RAG) also increases the number of
sources of model errors. For instance, in the simulation of the present model we consider
the GI value of 41 for spaghetti provided by Mohammed et al. [8585] coupled with values of
15/9 for RAG/SAG obtained from Englyst et al. [8080] Compared to this, a study by Jenkins
et al. [121121] indicates that the GI value for white spaghetti and wholemeal spaghetti are 51
and 42, respectively, with RAG/SAG parameters for wholemeal spaghetti of 18.1/9.4 [8383].
Hence, it might be difficult to determine the exact combination of parameter values for the
GI values and RAG/SAG as they usually have to be determined from different studies and
might be considered as a source of model error in carbohydrate absorption parameters.

• Maximum rate of glucose appearance Ramax

Although the consideration of a maximum rate of glucose appearance Ramax increases the
complexity of the present model, we determined it to be indispensable due to its direct ef-
fect on the impact of carbohydrates on postprandial BG levels, especially for high GI food
and/or large carbohydrate amounts. The present model is validated with foods with only
regular carbohydrate amount of 50 g that result in a glucose appearance rate fairly above
Ramax = 0.9 g/min. However, we contemplate that very large carbohydrate loads with
high and even medium GI values lead to prolonged exogenous glucose appearances and
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rebound in BG levels several hours after meal consumption as observed in clinical tests.
Very high carbohydrate loads are then expected to further validate the utility of Ramax

in the present model. Furthermore, we also contemplate the possibility that actual ex-
ogenous rate of glucose appearance be food-specific instead of a constant value of Ramax

as proposed in the present study. In nondiabetics, maximum rate of glucose appearance
reaches a different plateau value with approximately 2.5 mg/kg·min and 4 mg/kg·min, re-
spectively, after consumption of 50 g of white bread and pasta [122122]. Although the same
differences still need to be elucidated for T1DM patients in particular, the significance of
parameter Ramax, at least for the representative foods in the present model for a regular
amount, is demonstrated.

• Representation of liquids (sugary drink)
The present model is not only able to simulate solids but also the impact of liquids
(pineapple juice) as well without requiring additional compartments or parameters as in
previous mathematical models. Different from starchy foods, the carbohydrate content
of pineapple juice mainly consists of sucrose, which in turn is composed of glucose and
fructose in an approximately equal ratio between 0.84–1.1 whether in vitro [123123] or in
vivo [124124]. Since fructose is well known for not eliciting insulin secretion, among other
metabolic differences from glucose [125125], a carbohydrate intake of 25 g is considered
appropriate in the simulation. Because of the increasing amount of foods with added
natural/artificial sweeteners in the western diet, further consideration of Pg (proportion
of carbohydrate absorbed as glucose), as considered by Mohammed et al. [8585], can be
eventually included in the present model.

• Shimoda model and representation of subcutaneous insulin effect
The sole purpose of the representation of SC insulin kinetics in the present model is
to provide an accurate representation of the time-action profile of rapid-acting insulin.
For this reason, the simplicity of Shimoda insulin model is more appealing than more
detailed and complex mathematical representations such as Wilinska model, which con-
siders the differences in absorption kinetics between single bolus and continuous insulin
infusion [126126]. Contemplating the continuous development of novel insulin formula-
tions in the market, parameter identification is also an important issue that needs special
consideration with the advent of ultra-rapid acting insulin formulations in the upcoming
years [127127]. Because of the simplicity of Shimoda model, we could also propose a sim-
ple procedure for identification of model parameters from clinical data of insulin PK/PD
from IV and SC bolus insulin administration.
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• Variability in insulin absorption
Sources of variation in SC insulin absorption—and consequently its hypoglycemic effect—
include ambient temperature, injection site, dosage [128128] and increased insulin sensitivity
due to acute exercise [129129]. Although these factors should ideally be considered, they not
only increase the complexity of the model but also require additional input parameters
to indicate each specific conditions. Furthermore, since model parameters of the present
model are validated with a set of clinical data—from both i.v. and s.c. insulin admin-
istration routes—, re-validation of model parameters would require data for each of the
aforementioned sources of insulin variability. As a future research topic, however, the SC
insulin compartment of the present model might eventually include methods for model
validation considering variability sources for an improved accuracy in the representation
of insulin time-action profile under a number of circumstances.

• Bergman minimal model and glucose-insulin metabolism in T1DM
The glucose compartment in Eq. (3.253.25) remains intact since the maintenance of the origi-
nal model structure is one of the main priorities for the specific representation of glucose-
insulin metabolism in patients with T1DM. Although more complex multi-compartmental
glucose models include specific physiological processes such as EGP and renal glucose
disposal, the main factors that influence glucose dynamics are arguably meal-derived ex-
ogenous glucose appearance and hepatic glucose production. Both of them, in addition to
insulin-mediated glucose uptake, are neatly considered in Bergman model. In this way,
given the advantages of a minimal approach for model-based BG control purposes, simu-
lation results show that the minimal model provides an accurate representation provided
the modification of parameter Gb as in our proposal.

3.6 Concluding remarks

In the present chapter we proposed a novel model of glucose-insulin metabolism from carbohy-
drates in patients with T1DM. Differences in absorption rate of carbohydrates are represented
by considering food-specific parameters based on absorption rate indices GI, RAG and SAG,
in addition to a single gastric emptying delay. The present model not only demonstrates that
an accurate representation of the impact of carbohydrate-rich meals on BG levels in patients
with T1DM is possible, but it can be achieved utilizing a simple representation using previously
developed minimal model with adequate parameter settings for a legitimate physiological rep-
resentation of carbohydrate gut transit, as well as glucose and insulin metabolism specifically
in these patients.
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Chapter 4

Semi closed-loop BG control algorithm in
T1DM for prandial state

The inherent difficulty to maintain postprandial normoglycemia is a strong drive for the devel-
opment of diurnal AP systems considering their previous success in overnight closed-loop BG
control [130130, 131131]. Although most in-development AP systems utilize either Hovorka or Dalla
Man models, in addition to an ever-increasing level of complexity in the control algorithm, clin-
ical results show only acceptable results [132132] that do not satisfy current recommendations for
BG management in T1DM from the ADA (see Table 4.14.1). In the previous chapter, we proposed
a novel mathematical model of glucose-insulin metabolism in T1DM for prandial BG control
purposes because of its ability to represent the impact of carbohydrates with different absorp-
tion rates on BG levels with a minimal model representation which is particularly advantageous

Table 4.1: Recommendations for BG management in T1DM by the ADA [4242], including the
most strict BG management for pregnancy.

Period BG range mg/dL (mmol/L)

Fasting plasma BG 70–130 (3.9–7.2)
Peak postprandial BG <180 (<10.0)
Premeal/overnight (pregnancy) 60–99 (3.3–5.4)
Peak postprandial glucose (pregnancy) 100–129 (5.4–7.1)
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to minimize the computational burden of BG control algorithms.
Because of the apparent inability of current BG control systems in the literature—whether

in silico testing or clinical trials—to deal with rapid meal-derived glucose appearance after meal
consumption, in the present chapter we will determine in silico the feasibility of tight prandial
BG control. For simplicity, first only ideal conditions and minimal safety restrictions for the pa-
tient are considered, and then the most important sources of variability and model error are con-
sidered to assess the performance of the control algorithm under a number of scenarios. Despite
continuous improvements in BG control algorithms, some studies point out that one of the main
difficulties that prevent a truly tight prandial BG control is the absence of a reliable mathemati-
cal model of the impact of meals on BG levels [133133]. Hence, the model-based control algorithm
proposed in the present chapter utilizes the mathematical model of glucose-insulin metabolism
in T1DM developed in the previous one, which provides an accurate representation of the im-
pact of representative carbohydrate-rich foods with different absorption rates. Moreover, since
we believe the slow absorption kinetics of subcutaneous insulin administration route is one of
the main impediments to achieve tight diurnal BG control, we consider a control strategy based
on meal announcement and pre-meal insulin administration (as either continuous infusion or
single-bolus) with unrestricted dosage and start in insulin infusion. The in silico assessment
in the present study concedes us the opportunity to determine the feasibility of tight prandial
BG control without additional concern for patient safety, especially due to the extremely ele-
vated risk of severe hypoglycemia—as observed in previous studies in the literature—due to
the aggressive control approach necessary to maintain postprandial normoglycemia. Depend-
ing on the degree of success in the present in silico study, we contemplate an eventual clinical
implementation of the present control in actual patients with T1DM in clinical trials.

In the present chapter we first introduce some issues related to prandial BG control from
previous studies in the literature, which are taken into consideration to delineate the structure
of the control strategy utilized. Thence, we provide a detailed explanation of the preprandial
insulin optimization algorithm considering either continuous insulin infusion or single-bolus
administration. Since we utilize MPC for maintenance of postprandial BG levels at the target
value, we include a concise description of its theoretical scheme prior its application in the
present study. In silico assessment of the present control algorithm includes computer simu-
lations for the nominal case considering both continuous and single-bolus preprandial insulin
administration for the ideal case, in addition to sources of variability due to patient-model mis-
match and meal consumption related to intake and actual mealtime. Lastly, we include further
discussions and concluding remarks at the end of the present chapter.
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4.1 Proposed BG control algorithm with meal announcement
(intake and GI)

First we consider some issues related to prandial BG management and previous control ap-
proaches in the literature, which are briefly summarized as follows.

4.1.1 Considerations for prandial BG control

Different from overnight control, prandial BG control algorithms require a prompt response of
the actuator (insulin infusion system) to rapid fluctuations in BG levels due to a large meal-
derived glucose appearance. Nevertheless, they are still unattainable by current in-development
AP system, whose performance does not comply with clinical recommendations from the ADA
(see Table 4.14.1 on page 5858). To strictly satisfy these clinical recommendations for postprandial
BG levels in patients with T1DM, we first examine previous control strategies in the litera-
ture, the obstacles encountered and a number of relevant issues as carefully considered in the
following.

• Start of prandial insulin infusion
Current medical recommendations from the ADA advise administration of prandial in-
sulin immediate before meal consumption or within 15 min in advance in order to pre-
vent hypoglycemia due to the rapid absorption of insulin [134134]. Recent clinical studies
on bolus insulin timing, however, suggest that 15 min [135135] and even 20 min [136136] prior
to mealtime contribute to a relative reduction in postprandial BG levels. In fact, clinical
evaluation of recent prandial closed-loop BG control algorithms [137137] consider a man-
ual bolus 15 min prior to mealtime among different bolus administrations types, wherein
such hybrid control showed no sign of postprandial hypoglycemia despite the early bolus
administration, although large peaks in postprandial BG levels were still present.

We hypothesize that the optimal start in preprandial insulin infusion depends on the ab-
sorption rate of the food to be consumed, with higher GI values in particular requiring an
earlier start in insulin infusion to curb the rapid increase in BG levels, whereas low GI
foods need not a preprandial insulin infusion as early as high GI counterparts because of
its slow meal-derived glucose appearance. Although it might be highly debatable from a
medical vantage point due to the elevated risk of severe hypoglycemia, we contemplate
a start of preprandial insulin infusion as early as necessary in order to satisfy ADA rec-
ommendations. Moreover, the start time in prandial BG control should ideally remain
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fixed at the same time regardless of the type of food to be consumed for consistency in
the control strategy utilized.

• Exogenous insulin administration routes
Although subcutaneous insulin administration route is most widely utilized in closed-loop
BG control systems, alternative routes have been also proposed and implemented, includ-
ing IV and intraperitoneal routes [6060]. In terms of insulin absorption velocity, IV route
presents the shortest delay, followed by intraperitoneal and SC insulin routes. Regard-
ing safety and practicability, IV insulin route presents the least reliability for an even-
tual wearable AP and intraperitoneal route requires a surgical procedure for its initial
implant and eventual re-operation within a few years due to complications or battery end-
of-life [138138]. In this way, SC administration route is the least invasive of all, even though
its slow subcutaneous absorption kinetics is arguably the principal reason for the current
inadequate performance of closed-loop prandial BG control algorithms.

• Single/Dual hormonal infusion (insulin/glucagon)
Besides insulin infusion, an alternative approach considers the utilization of both insulin
and glucagon, where the latter is only instantaneously infused in cases of impending hy-
poglycemia. Compared to open-loop insulin pump treatment, bi-hormonal AP systems
show a reduction of BG levels from 159±30 mg/dL (8.83±1.67 mmol/L) to 133±13
(7.39±0.72 mmol/L) in adults and 157±27 mg/dL (8.72±1.5 mmol/L) to 138±18 mg/dL
(7.67±1 mol/L) in adolescents [139139]. However, disadvantages of glucagon utilization
include solution instability, some side-effects including nausea and constipation, and re-
ported general discomfort during clinical trials of bi-hormonal AP systems [140140]. Even
though glucagon is explicitly dismissed as the cause by the authors of the study, to our
knowledge no similar symptoms have been reported in single-hormone AP systems in
the literature. In fact, the very same symptoms are commonly found in clinical studies
utilizing glucagon doses over 1 g in nondiabetics [141141]. Considering the commercial de-
velopment of AP systems in the future, a double infusion kit for insulin and glucagon
sensors and respective pumps (see Figure 1 in [142142]) not only would increase the burden
to the patient but also the additional cost of the system. Because there seems to be no
substantial difference in the time spent in the normoglycemic range for dual- and single-
hormone AP systems [143143] or overnight hypoglycemic events [144144], the present study
considers only a single-hormone control approach.

• Meal announcement or automatic meal detection
Theoretically, an AP system should be able to detect meal ingestion automatically and
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infuse the appropriate bolus insulin without any interference from the patient. For this,
the control algorithm relies on meal detection algorithms, although none of them is able
to achieve tight prandial BG control. Another alternative often utilized is hybrid con-
trol, wherein a manual 15-min insulin bolus prior to mealtime with a carbohydrate load
of 1 g/kg body weight (58–75 g) was able to maintain postprandial BG levels below
400 mg/dL (22.22 mmol/L) [137137]. However, it was not sufficient to meet the goals of the
ADA to mantain postprandial BG levels below 180 mg/dL for over 75% of the cases. Still,
both meal announcement and hybrid control approaches undoubtedly result in more time
being spent in range than fully automated closed-loop control systems [145145]. Other non-
algorithmic approaches to reduce glycemic excursion in BG control algorithms include
infusion of pramlintide prior to each meal [146146], which together with a fully closed-loop
BG control strategy, postprandial BG levels >220 mg/dL for breakfast and >180 mg/dL
for lunch and dinner were achieved. Recently, the effect of pramlintide on postprandial
glucose metabolism in patients with T1DM specifically include gastric emptying delay
and inhibition of glucagon without noticeable alteration in total nor hepatic insulin sensi-
tivity [147147].

• Target BG levels
Previous BG control algorithms with meal announcement include target BG levels of
180 mg/dL [148148] in order to prevent hypoglycemic episodes due to infusion of large
bolus doses, whereas bi-hormonal BG control algorithms with automatic meal detection
consider target BG levels of 100 mg/dL due to the availability of a glucagon infusion
system to recover from imminent hypoglycemia [149149]. In accordance to the objectives of
the present study, the target value to aim for is, according to clinical recommendations in
Table 4.14.1, 100 mg/dL (5.56 mmol/L) independently of the control strategy utilized.

• Performance assessment
Regardless of the fact that the number of closed-loop BG control algorithms for in silico
and clinical trials have increased considerably in recent years, standardized methods for
performance assessment of BG control algorithms have not been established. This in-
cludes the BG range defined as ‘normoglycemia’ and the specific meal intake or glucose
challenge upon which the definition of ‘successful’ prandial BG control is determined.
BG values at which hypoglycemia is defined are also arbitrarily determined among dif-
ferent studies, ranging from ≤70 mg/dL (3.89 mmol/L) to ≤50 mg/dL (2.78 mmol/L).
Recently, a control-variability grid analysis was proposed as a tool to interpret large data
in an easy-to-identify manner [150150] as a graphical assessment of the performance of BG
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control systems. In such proposal, BG levels are divided in 9 zones with ranges of mini-
mum and maximum BG levels between 50–100 mg/dL and 110–140 mg/dL respectively.
Alternatively, another study [151151] proposes a grading system divided in 6 ranges (from
A to F) depending on the level of control achieved for the assessment of its efficacy and
safety. As the objective of the present study is to assess the degree of tight postpran-
dial BG control, i.e., maintenance of post-meal BG levels within the recommended range
100% of the time, the aforementioned performance assessment based exclusively on BG
excursion are temporarily excluded.

4.1.2 Prandial insulin infusion strategy

Considering the above issues related to prandial BG control and the recommendations for BG
management in patients with T1DM from the ADA (see Table 4.14.1 on page 5858), we contemplate
that preprandial insulin administration for the insulin infusion strategy is inevitably necessary,
and it can be only achieved by a BG control algorithm with meal announcement. Therefore,
in the present study, mealtime is defined at 0 (see Figure 4.14.1) for reference purposes, from
which prandial state is defined from an initial time (defined as <0) before mealtime in order to
include preprandial insulin administration, until a final time several hours afterwards wherein
postprandial BG excursion is expected to be completely stabilized at the target BG value. In
this way, the prandial BG control strategy proposed in our study comprises (1) computation
of the adequate continuous subcutaneous insulin throughout the prandial state provided meal
information (carbohydrate amount and specific food) to be consumed at mealtime, which is
therefore effectively infused until mealtime at 0, and immediately followed by an (2) automatic
switch to closed-loop MPC until the final time, wherein BG levels are completely stabilized at
the target BG value. Alternatively to continuous subcutaneous insulin infusion, we consider the
case of preprandial single-bolus administration (see Figure 4.24.2) in order to assess the advantages
of preprandial insulin bolusing under the current insulin therapy for T1DM. Such instantaneous
bolus is given at a specific instant between the initial time and 0, even earlier than 20 min
pre-meal—as suggested by clinical studies—if necessary, as determined by the optimization
algorithm. For either preprandial bolus type, the same postprandial MPC-based BG control is
used to provide for basal insulin needs. In the following subsections, we elaborate on the insulin
optimization computed in (1) and postprandial MPC control strategy in (2).
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Figure 4.1: Insulin infusion strategy for the prandial BG control algorithm in the present study.
(1) At the initial time, an insulin optimization algorithm is computed offline using the mathe-
matical model proposed in the previous chapter provided information of carbohydrate amount
and specific food to be consumed at mealtime, and effectively infused until 0. (2) At mealtime,
the control algorithm switches to closed-loop MPC for the remaining of the prandial state to
guarantee complete stabilization of BG levels at the target value.

Figure 4.2: A preprandial single-bolus administration as a substitute of variable preprandial
bolus insulin infusion in Figure 4.14.1 is considered to assess the benefits of preprandial bolus
insulin.
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Figure 4.3: Preprandial insulin optimization is computed at the start of the prandial state (top
right) utilizing the mathematical model developed in the previous chapter (left) for either contin-
uous preprandial insulin infusion or single-bolus (independently from one another). Only after
the optimization problem is solved, it is effectively administered by single-bolus or continuous
infusion until mealtime at 0 (bottom right).

4.1.3 Preprandial bolus insulin optimization: continuous/single-bolus

As shown in Figure 4.34.3, preprandial insulin infusion is determined from an optimization prob-
lem at the start of the prandial state utilizing the mathematical model of glucose-insulin metabolism
in T1DM from carbohydrates detailed in the previous chapter for prediction of postprandial BG
excursion. For the mathematical connotation in the present BG control algorithm, we consider
time-steps in discrete time intervals t = k∆t with k = ki, ki − 1, ..., 0, ..., kf − 1, kf . From this
we define the start and final instants that delimit prandial state by ki and kf , respectively, and
predicted BG levels in discrete-time from the model given by ŷ(k) as utilized by the optimiza-
tion algorithm. After the optimization problem is solved, it is effectively infused to the patient
(see Figure 4.34.3, bottom right) until mealtime at k = 0.

The optimization problem to solve is given in Eq. (4.14.1) as
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minimize
{us(k)}

Jopt

subject to 0 ≤ us(k) ≤ Upre, k < 0

0 ≤ us(k) ≤ Upost, k ≥ 0,

(4.1)

considering Upre and Upost as the maximum preprandial and postprandial insulin infusions, re-
spectively, and the cost function Jopt given by

Jopt =

kf−ki∑
i=0

Q(E(ki + i | ki)) · E2(ki + i | ki) +

kf∑
i=ki

R ∆u2s (i), (4.2)

where E(ki + i | ki) = ŷ(ki + i | ki) −WREF is the deviation of the estimated output ŷ(ki +

i | ki) from the target BG value WREF, ∆us(i) = us(i) − us(i − 1) is insulin rate of change
and Q, R are weighting matrices for BG deviation and insulin rate of change, respectively.
To differentiate the instants at which the predicted variables are computed with respect to the
referential step, the connotation ŷ(k + i | k) is utilized to refer to the predicted BG value at
k + i in the future calculated at the instant k. In particular, the estimated output ŷ(ki + i | ki)
utilizes the mathematical model developed in the previous chapter according to the amount of
carbohydrates and GI value of the meal to be consumed, and the value of the weight gainQ also
depends on the difference between predicted BG levels and the target WREF as

Q(E) =

 Q, E ≥ 0

QLO, E < 0
, (4.3)

where QLO > Q to prevent postprandial hypoglycemia.
For the calculation of single-bolus preprandial administration, we consider the cost function

J1b instead, given by

J1b =

kf1b−ki∑
i=0

Q(E(ki + i | ki)) · E2(ki + i | ki), (4.4)

where bolus administration can be effective from k = ki to 0 (mealtime) with only positive
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insulin bolus doses being allowed and that single-bolus insulin administration is by definition:

us(t) =

 UB, k = kbolus

0, otherwise.
(4.5)

The optimization problem for preprandial single-bolus administration is given by

minimize
{us(k)}

J1b

subject to UB(k) ≥ 0,

Eq. (4.54.5).

(4.6)

from which the single-bolus dose UB and instant k = kbolus are determined.

4.1.4 Postprandial BG control with Model Predictive Control (MPC)

Along with the stat of meal consumption at k = 0, the present control algorithm automatically
switches to closed-loop BG control based on MPC (see Figure 4.44.4). This control strategy ba-
sically utilizes real-time information of current BG levels from the patient at k-intervals for an
iterative computation of insulin by the control algorithm—which in turn utilizes an optimiza-
tion algorithm that relies on a mathematical model for prediction of BG levels—and respective
infusion to maintain BG levels at the target value indicated to the controller. The predictive
capabilities of MPC are briefly described as follows.

At a given instant k (see Figure 4.54.5), the optimization algorithm first computes the future
BG excursion ŷ(k) using a mathematical model of glucose-insulin metabolism in T1DM. Con-
sidering also a dynamic reference trajectory w(k), the cost function of the optimization prob-
lem calculates the difference between ŷ(k) and w(k) over a predetermined ‘Prediction horizon’
within a span defined by N1 and N2. Each candidate insulin dose over a range from 0 to a max-
imum Upost is evaluated at ∆U increments to determine the optimal insulin dose that minimizes
the cost function of the optimization problem. Furthermore, the control horizon Nu specifies
the number of time-steps ahead in the prospective continuous variable insulin dose until k+Nu,
considering that a larger value resulting in a smoother control at the expense of increased com-
putational cost.
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Figure 4.4: At k = 0 (mealtime), the control algorithm switches to closed-loop MPC to stabilize
postprandial BG levels towards the normoglycemic target BG value indicated to the controller.

After infusion of the optimal insulin us(k), the next step k + 1 becomes the ‘new’ k and
control variables including real-time BG levels from the T1DM patient are updated to repeat
the same optimization algorithm. The same process is iteratively computed for the subsequent
steps until kf according to the concept of receding horizon control.

The cost function of the MPC algorithm is given by

JMPC =

N2∑
i=N1

Q(e) · e2(k + i | k) +
Nu−1∑
i=0

R ∆u2s (k + i), (4.7)

where the weight matrix Q(e) also follows Eq. (4.34.3), N1 and N2 are the prediction horizon, Nu

is the control horizon and e(k + i | k) = ŷ(k + i | k) − w(k + i | k) is the deviation of the
predicted BG levels ŷ(k + i | k) from the dynamic reference trajectory w(k + i | k), which in
turn is given by

w(k + i | k) = αiw(k | k) + (1− αi)WREF, i = N1, ..., N2 (4.8)

considering w(k | k) = G(k) as the initial value of the reference trajectory and convergence
rate constant 0 < α < 1.

The optimization of the postprandial MPC control is given by

minimize
{us(i)}

JMPC(k)

subject to 0 ≤ us(i) ≤ Upost, k ≤ i ≤ k +Nu

(4.9)
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Figure 4.5: Illustrative representation of the MPC strategy for postprandial closed-loop BG
control in the present study. At the current time k, each candidate insulin dose from us = 0 to
Upost is evaluated using the cost function in Eq. (4.74.7) wherein the difference (error) between the
model-predicted BG levels ŷ(k) and the reference trajectory w(k) are computed from k = N1

to k = N2 at k-intervals. For a control horizon Nu > 1, not only the current us(k) but also
future moves up to us(k +Nu) are considered in the computation of the total cost.
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Figure 4.6: To assess the performance of the present BG control algorithm under food-related
uncertainties, we consider deviations in the actual mealtime km in combination with miscalcu-
lation of carbohydrate intake AvCHO in the T1DM patient (continuous model) with respect to
the meal announcement information given to the controller at ki. Advanced and delayed meal-
time in the patient are represented by km < 0 and km > 0, respectively, whereas the originally
expected mealtime is maintained at k = 0 in the controller.

from which the online optimal insulin is obtained iteratively from the solution of Eq. (4.94.9) and
administered to the patient at ∆t intervals from k = 0 to kf .

4.1.5 Intra-individual variability and meal-related uncertainty

The nominal case represents the ideal scenario wherein the mathematical model of the con-
troller and the actual patient—represented by a continuous-time T1DM patient model in our
study—have an exact patient-model match. Additionally, the same meal information of car-
bohydrate amount and GI value given to the control algorithm at ki is effectively consumed at
k = 0. Nevertheless, since there exists a diurnal variation in the glucose-insulin metabolism
in the patients themselves that introduce small differences in the mathematical representation,
we consider intra-patient variability of insulin sensitivity due to continuous same-tissue utiliza-
tion [103103] with variation in parameter p3 of the minimal model for the continuous-time patient
model. Additionally, we include food-related uncertainties due to differences in reproducibility
of the GI value [152152, 153153] and miscalculations in the total carbohydrate amount (AvCHO) in
Eq. (3.33.3), as well as the exact mealtime in the input Gmeal(t) for the patient model (continuous
time) represented by t < 0 or t > 0 for advanced or delayed mealtime (see Figure 4.64.6) while
maintaining mealtime at k = 0 in the controller.
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4.1.6 Clinically-relevant parameters

Parameter values of the present control algorithm must have a delicate balance between aggres-
siveness and safety such that the control algorithm not only has an adequate performance but
also guarantees patient safety against hypoglycemia. First, the rapid BG variation throughout
the prandial state requires a short interval between BG measurements, and thus we consider
∆t = 1 min adequate as often utilized in BG control systems for prandial state [6868,154154]. Initial
time for the prandial BG control strategy in the present study is ki = −60 considering that the
time-to-maximum biopotency of rapid-acting insulin is 1–2 hours and thus the computation of
preprandial insulin and respective infusion 60 min prior to mealtime provides sufficient time
margin to contain post-meal hyperglycemia. For the final time, we estimate that kf = 440 is
an adequate value for complete stabilization of BG levels. Target BG is set to WREF = 100
mg/dL (5.56 mmol/L) according to clinical recommendations from the ADA (see Table 4.14.1 on
page 4.14.1), even though patient safety due to hypoglycemia becomes of particular concern be-
cause of such ambitious target. Considering that the I:C ratio in non-obese T1DM adults is
between 1:7 and 1:12 [155155], from which instantaneous insulin bolus requirements for a regular
meal of 50 g are estimated to be 4.17–7.14 IU, and thus the maximum preprandial insulin in-
fusion rate is set to Upre = 2 IU/min. In this way, insulin overdosing is not only prevented but
a regular carbohydrate load is also guaranteed to be covered in fewer than 8 min of continuous
insulin infusion at such maximum rate. For maximum postprandial closed-loop insulin infusion
rate, Upost = 0.05 IU/min might be considerably above typical basal profiles [156156], although
such value is necessary not only to provide basal insulin but also supplementary prandial in-
sulin for k > 0 particularly for low GI foods because of their characteristic slow gut absorption.

4.2 Simulation results

In this section we present simulation results of the proposed prandial BG control algorithm for
four carbohydrate-rich foods with representative GI values throughout the range. We consider
two bolusing patterns as (a) continuous preprandial bolus infusion coupled with postprandial
MPC, and (b) preprandial single-bolus administration coupled with postprandial MPC, first for
the nominal case with carbohydrate loads of 50 g and 100 g, exact patient-model matching (no
model error) and effective mealtime in the T1DM patient model exactly at 0 as in the controller,
in addition to intra-individual variability and food-related uncertainties as detailed in subsec-
tion 4.1.54.1.5 for a regular carbohydrate intake of 50 g. In the following, we specify simulation
parameters and provide simulation results using MATLAB® R215b for each of the aforemen-
tioned cases to determine the compliance of the present semi closed-loop control algorithm with
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clinical recommendations given by the ADA as specified in Table 4.14.1 (see page 5858).

4.2.1 Simulation settings

Simulations setting for the control strategy proposed in the present study, as well as meal-related
uncertainties in the T1DM patient model are detailed as follows.

• Preprandial continuous insulin optimization
Parameters for the continuous preprandial insulin optimization problem in Eqs. (4.14.1)—
(4.34.3) are Q = 1 mmol2 L−2, QLO = 10 mmol2 L−2, R = 111 mg2 min2 dL2 IU2.

• Preprandial single-bolus optimization
Parameters for the single-bolus insulin optimization in Eq. (4.64.6) includes and unrestricted
maximum dose UB given at the instant kbolus between ki and 0 (limited to preprandial
bolus) in Eq. (4.54.5), in addition to matrix weight gains of Q = 1 mmol2 L−2 and QLO =

10 mmol2 L−2 in the cost function in Eq. (4.44.4) with final time kf1b = 240 min as an
approximation of the total lasting hypoglycemic effect after a single-bolus insulin admin-
istration.

• Postprandial MPC
Tuning parameters for the postprandial MPC algorithm in Eqs. (4.74.7)–(4.94.9) are Q =

1 mmol2 L−2, QLO = 10 mmol2 L−2, R = 111 mg2 min2 dL2 IU2, N1 = 30 steps,
N2 = 140 steps, Nu = 1, ∆U = 0.005 IU and α = 0.995 such that the control al-
gorithm satisfies clinical recommendations of prandial BG levels as detailed in Table 4.14.1.
In particular, the prediction horizon defined by N1 and N2 is determined considering
subcutaneous rapid-acting insulin PD with time-to-maximum-effect being most relevant
between 30–150 min (see Figure 3.83.8 on page 4747).

• Mathematical model of T1DM and variability/uncertainty parameters
Using the mathematical model developed in Chapter 3, meal consumption is represented
with an impulse signal with specific carbohydrate intake given byGmeal(t) = AvCHO δ(t)

for a single meal. Model parameters for a representative patient with T1DM and carbohy-
drate digestion/absorption parameters for 50 g of carbohydrate intake are the same as in
Chapter 3, whereas for the specific simulation of 100 g carbohydrate, model parameters
for each staple food are specified in Table 4.24.2. Initial parameter values for the T1DM
patient model at ki for all the simulations are set to represent fasting state under basal in-
sulin infusion such that BG levels in the patient model are maintained at 100 mg/dL (5.56
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mmol/L). For intra-individual variability we consider a variation of parameter p3± 20%
in the continuous-time patient model, whereas for meal-related uncertainties, an early
(km = −15 min) or delayed (km = 15 min) mealtime is indicated byGmeal(t) = 50 ·δ(km)

in Eq. (3.43.4) for the patient model.

4.2.2 Nominal case

For the combined preprandial continuous insulin infusion with postprandial MPC, the perfor-
mance of the present BG control algorithm for nominal intake of 50 g and 100 g with GI values
throughout a wide range (value in parenthesis) represented by instant potato (83), white bread
(71), spaghetti (41) and pearled barley (25) is shown in Figures 4.74.7 and 4.84.8, respectively, with
Table 4.34.3 additionally showing the total continuous preprandial insulin bolus and the start in
infusion for each meal. It can be seen that BG levels are satisfactorily maintained within the
narrow range of 80–140 mg/dL (4.44–7.78 mmol/L) for a carbohydrate intake of 50 g, although
for 100 g of instant potato, BG levels reach the maximum limit by ADA recommendations of
130 mg/dL (7.22 mmol/L) at t = 120 min. For medium and low GI foods, the control strategy
achieves an almost complete flat response in both 50 g and 100 g. The preprandial continuous
insulin infusion pattern for the different types of foods and carbohydrate intakes seems to indi-
cate that the start in preprandial insulin infusion is independent of the specific meal consumed.

Alternative to continuous preprandial insulin infusion, the case of a preprandial single-bolus
administration calculated from the optimization problem given by Eqs. (4.44.4)–(4.64.6) coupled with
the same postprandial closed-loop MPC. As shown in Figures 4.94.9 and 4.104.10 for consumption
of 50 g and 100 g, respectively, preprandial single-bolus administration also satisfies clinical
recommendations from the ADA. For 50 g, BG levels are maintained within the narrow range
of 80–150 mg/dL (4.44–7.78 mmol/L), whereas for 100 g, BG excursion for even the highest GI
food (instant potato) adheres to the recommended values from the ADA throughout the prandial
state compared to the case of continuous preprandial insulin infusion. According to the solution
of the optimization algorithm given by Eqs. (4.44.4)–(4.64.6), the insulin bolus necessary for each
specific food, as well as the specific instant kbolus has a strong dependence on the GI value
beyond the total carbohydrate intake, as shown in Table 4.44.4 for both 50 g and 100 g.

4.2.3 Intra-individual variability

Simulation of the present BG control strategy for intra-individual variability in subcutaneous
insulin absorption p3 of 20% its nominal value for a carbohydrate intake of 50 g consumed
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Figure 4.7: (Top) Prandial BG control response using continuous variable preprandial insulin
bolus combined with postprandial MPC for the nominal case of carbohydrate intake of 50 g
varying GI values (in parenthesis) represented by instant potato (83), white bread (71), spaghetti
(41) and pearled barley (25) consumed at 0. Dotted lines delineate clinical recommendations
of BG levels for patients with T1DM from the ADA (see Table 4.14.1 on page 5858). (Bottom)
Continuous insulin infusion from ki = −60 to 0 (left) and postprandial MPC-based insulin
infusion from 0 to kf = 440 for high GI foods (top right), and medium/low GI foods (bottom
right).
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Figure 4.8: (Top) Prandial BG control response using a continuous variable preprandial insulin
bolus combined with postprandial MPC for a nominal carbohydrate intake of 100 g in four
meals with different GI values (in parenthesis) represented by instant potato (83), white bread
(71), spaghetti (41) and pearled barley (25) consumed at 0. Dotted lines delineate clinical rec-
ommendations of BG levels for patients with T1DM from the ADA (see Table 4.14.1 on page 5858).
(Bottom) Prandial insulin infusion from ki = −60 to 0 (left) and postprandial MPC-based in-
sulin infusion from 0 to kf = 440 for high GI foods (top right), and medium/low GI foods
(bottom right).
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Table 4.2: Time-constant parameters of carbohydrate digestion/absorption for 100 g used in the
simulation of prandial BG control for a high carbohydrate load.

FOOD GI t1 t3 t4

Instant potato 83 0.84 55.0 17.2
White bread 71 0.91 46.6 16.4
Spaghetti 41 1.66 17.1 12.3
Pearled barley 25 − − −

Table 4.3: Start in preprandial insulin infusion for 50 g and 100 g of foods with varying GI
values as a solution of the optimization problem in Eq. (4.24.2) under nominal conditions.

50 g 100 g

FOOD GI us (IU) Start us (IU) Start

Instant potato 83 17.44 −51 22.44 −54
White bread 71 16.70 −42 21.67 −46
Spaghetti 41 7.75 −40 9.88 −43
Pearled barley 25 4.79 −44 5.85 −46

Table 4.4: Preprandial single-bolus dose and administration instant kbolus as the solution of the
optimization algorithm given in Eq. (4.64.6) for the nominal case of carbohydrate loads of 50 g
and 100 g with exact patient-model match and mealtime at 0.

50 g 100 g

FOOD GI UB (IU) kbolus UB (IU) kbolus

Instant potato 83 16.8 −41 21.9 −37
White bread 71 15.8 −33 20.4 −29
Spaghetti 41 10.8 −18 15.0 −18
Pearled barley 25 8.0 − 1 13.1 −10
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Figure 4.9: Prandial BG control response using a preprandial single-bolus insulin administration
combined with postprandial MPC in the nominal case of carbohydrate intake of 50 g with
varying GI values (in parenthesis) represented by instant potato (83), white bread (71), spaghetti
(41) and pearled barley (25) consumed at 0. Dotted lines delineate clinical recommendations
of BG levels for patients with T1DM from the ADA (see Table 4.14.1 on page 5858). (Bottom)
Preprandial single-bolus for each food according to Table 4.44.4. (left) and postprandial MPC-
based insulin infusion from 0 to kf = 440 for high GI foods (top right), and medium/low GI
foods (bottom right).
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Figure 4.10: (Top) Prandial BG control response using a preprandial single-bolus insulin ad-
ministration combined with postprandial MPC in the nominal case with carbohydrate intake of
100 g and varying GI values (in parenthesis) represented by instant potato (83), white bread
(71), spaghetti (41) and pearled barley (25) consumed at 0. Dotted lines delineate clinical rec-
ommendations of BG levels for patients with T1DM from the ADA (see Table 4.14.1 on page 5858).
(Bottom) Preprandial single-bolus for each food according to Table 4.44.4 (left) and postprandial
closed-loop insulin infusion from 0 to kf = 440 for high GI foods represented by instant potato
and white bread (top right), and medium/low GI foods represented by spaghetti and pearled
barley (bottom right).
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exactly at 0 is shown in Figure 4.114.11 for the highest and lowest GI meals represented by instant
potato and pearled barley, respectively. For instant potato, BG excursion can be maintained
within 81–158 mg/dL (4.5–8.78 mmol/L), whereas for low GI foods there is an almost flat
response of ±10 mg/dL (0.56 mmol/L) from the target value of 100 mg/dL (5.56 mmol/L).

The case of preprandial single-bolus insulin is shown in Figure 4.124.12, wherein for a high GI
meal (instant potato), the glycemic excursion slightly exceeds the recommended ADA values
between 120–150 min. For the low GI food, the 2-hour postprandial BG recommendation
is effectively maintained within the normoglycemic range, although the BG control is not as
narrow as for the case of continuous preprandial insulin infusion. None of the simulation results
show any risk of hypoglycemia whatsoever with all the BG excursions being constantly above
80 mg/dL (4.44 mmol/L).

4.2.4 Food-related uncertainties

We also assess the response of the BG control algorithm for uncertainties of 20% in the GI
value of the meal, in addition to miscalculations of the actual carbohydrate intake of ±10 g
in the continuous-time T1DM patient model—from an originally assumed nominal 50 g in
the controller—in combination with deviations in mealtime of ±15 min considering nominal
values for the remaining model parameters. For continuous preprandial insulin infusion, the
BG excursions are shown in Figures 4.134.13 and 4.154.15. Differences in the GI value result in a
postprandial peak as high as 158 mg/dL (8.78 mmol/L) for high GI values, whereas is has
almost no effect on low GI foods. Moreover, a reduced consumption of −10 g in high GI
foods causes a reduced glycemic excursion below 80 mg/dL (4.44 mmol/L) either between 0–
50 min and 150–250 depending on the mealtime deviation, although BG levels can effectively
be maintained within the desirable range. For low GI foods, the BG control algorithm maintains
the glycemic excursion within ±10 mg/dL (±0.56 mmol/L) from the target value.

For preprandial single-bolus, the response of the present control algorithm against uncer-
tainty in the GI value of the meal is shown in Figure 4.144.14 and the response to miscalculations in
carbohydrate intake and actual mealtime are given in Figure 4.164.16. Differences in the GI value
cause a high postprandial BG excursion for high GI foods above clinical recommendations at
t = 120 min, although only temporarily, whereas low GI foods are barely affected. Further-
more, a 15-min delay in meal consumption for high GI foods results in a drop in BG levels
below 80 mg/dL (4.44 mmol/L) between 0–50 min, although BG excursion is still maintained
above the minimum of 70 mg/dL (3.89 mmol/L). Compared to this, the glycemic excursion
for the lowest GI food (pearled barley) is maintained within a narrow range within ±10 mg/dL
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Figure 4.11: Simulation of the prandial BG control response using a continuous variable
preprandial insulin infusion combined with postprandial MPC against intra-individual variabil-
ity in subcutaneous insulin effect p3 of ±20% for a high GI food represented by instant potato
(top) and low GI food as pearled barley (bottom) considering a nominal carbohydrate load of 50
g. Dotted lines delineate clinical recommendations of BG levels for patients with T1DM from
the ADA (see Table 4.14.1 on page 5858).
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Figure 4.12: Prandial BG control response using a preprandial single-bolus insulin administra-
tion combined with postprandial MPC against intra-individual variability of±20% in parameter
p3 for a high (top) and low (bottom) GI food represented by instant potato and pearled barley,
respectively, with a nominal carbohydrate load of 50 g. Dotted lines delineate clinical recom-
mendations of BG levels for patients with T1DM from the ADA (see Table 4.14.1 on page 5858).
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(±0.56 mmol/L) close to the target value of 100 mg/dL (5.56 mmol/L) throughout the prandial
state.

In Table 4.54.5 we include the prandial BG excursion of each representative meal considering
each of the above conditions for the combined continuous preprandial bolus insulin and post-
prandial MPC. Similarly, BG excursion for the case of preprandial single-bolus administration
combined with postprandial MPC is shown in Table 4.64.6.

4.3 Discussion

In the present chapter we propose a semi closed-loop BG control algorithm to assess the fea-
sibility to maintain prandial BG excursion in T1DM within clinical recommendations from
the ADA. It comprises an optimization algorithm for preprandial insulin (continuous variable
insulin infusion or single-bolus at a given instant) computed 60 min prior to the intended meal-
time, and directly administered to the T1DM patient model until mealtime, wherein a closed-
loop postprandial BG control using MPC provides basal insulin to stabilize BG levels at 100
mg/dL (5.56 mg/dL). Several pertinent issues related to the present control algorithm are further
discussed in the following.

• Assessment of the degree of tight BG control (nominal case)
In this study we demonstrate that prandial BG excursion using our semi closed-loop BG
control algorithm for regular and high carbohydrate loads of 50 g and 100 g not only
comply with ADA recommendations but the control strategy implemented in silico is
capable of maintaining normoglycemia for high GI foods (value in parenthesis) such as
white bread (71) and instant potato (83). Despite having the same carbohydrate amount,
the total continuous preprandial insulin infusion or single-bolus dose for each meal is
proportional to their respective GI value, which is in accordance with previous clinical
studies that suggest consumption of lower GI foods results in a reduced glycemic excur-
sion compared to high GI foods for an identical carbohydrate intake [157157]. Other studies
have started to realize the necessity to include the GI in the assessment of bolus insulin
doses and thus suggest, albeit arbitrarily, an increase of 30% to the insulin bolus for high
GI meals [158158]. Moreover, the postprandial BG excursion for the four representative
foods considered in the present study are unexpectedly similar to that of nondiabetics,
who maintain a modest BG excursion of 40 mg/dL (2.22 mmol/L) above basal levels af-
ter consumption of high GI foods and a completely flat response to low GI foods [159159].
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Figure 4.13: Prandial BG control response using a continuous variable preprandial insulin infu-
sion combined with postprandial MPC against food-related variation of ±20% in the GI value
of the meal for a high (top) and low (bottom) GI food represented by instant potato and pearled
barley, respectively, with nominal carbohydrate load of 50 g. Dotted lines delineate clinical rec-
ommendations of BG levels for patients with T1DM from the ADA (see Table 4.14.1 on page 5858).
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Figure 4.14: Simulation of prandial BG control response using a preprandial single-bolus in-
sulin administration combined with postprandial MPC against variation of ±20% in the GI
value for a high (top) and low (bottom) GI food represented by instant potato and pearled
barley, respectively, with a nominal carbohydrate load of 50 g. Dotted lines delineate clini-
cal recommendations of BG levels for patients with T1DM from the ADA (see Table 4.14.1 on
page 5858).
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Figure 4.15: Simulation of continuous variable preprandial insulin bolus combined with post-
prandial MPC against food-related uncertainties for a carbohydrate load of 50 g in a high (top)
and low (bottom) GI food represented by instant potato and pearled barley, respectively, consid-
ering miscalculations of ±10 g in carbohydrate intake and deviation in mealtime of km = ± 15
min in the T1DM patient model for the four possible combined scenarios. Dotted lines delineate
clinical recommendations of BG levels for patients with T1DM from the ADA (see Table 4.14.1
on page 5858).
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Figure 4.16: Simulation of prandial BG control using a preprandial single-bolus insulin admin-
istration combined with postprandial MPC for a carbohydrate load of 50 g in a high (top) and
low (bottom) GI food represented by instant potato and pearled barley, respectively, consider-
ing miscalculations of ±10 g in carbohydrate intake and deviation in mealtime of km = ±15
min in the T1DM patient model considering all four possible combined scenarios. Dotted lines
delineate clinical recommendations of BG levels for patients with T1DM from the ADA (see
Table 4.14.1 on page 5858).
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Table 4.5: BG excursion in the present control algorithm for continuous preprandial insulin
infusion combined with postprandial MPC. For the nominal case, meal announcement infor-
mation of the controller is exactly the same as for the continuous-time T1DM patient model
considering carbohydrate loads of 50 g and 100 g in four representative foods with varying GI
values. Intra-individual variability due to subcutaneous insulin effect p3, in addition to food-
related uncertainties in the GI value and combined miscalculation of carbohydrate intake with
mealtime deviations in the T1DM patient model are also considered.

Controller Patient (actual) GI BG excursion mg/dL (mmol/L)

83 86–134 (4.78–7.44)
50 g 50 g 71 91–114 (5.06–6.33)

(nominal) 0 min 41 96–102 (5.33–5.67)
25 97–101 (5.39–5.61)

83 86–152 (4.78–8.44)
100 g 100 g 71 92–126 (5.11–7.00)

(nominal) 0 min 41 96–104 (5.33–5.78)
25 97–101 (5.39–5.61)

83 81–157 (4.50–8.72)
50 g p3± 20% 71 82–135 (4.56–7.50)

0 min 41 89–112 (4.94–6.22)
25 92–108 (5.11–6.00)

83 86–158 (4.78–8.78)
50 g GI ± 20% 71 87–132 (4.83–7.33)

0 min 41 93–108 (5.17–6.00)
25 97–103 (5.39–5.72)

83 79–159 (4.39–8.83)
50 g ±10 g 71 81–139 (4.50–7.72)

−15 min 41 93–114 (5.17–6.33)
25 98–104 (5.44–5.78)

83 75–148 (4.17–8.22)
50 g ±10 g 71 82–122 (4.56–6.78)

+15 min 41 92–106 (5.11–5.89)
25 94–103 (5.22–5.72)
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Table 4.6: Simulation results of BG excursion in the present control algorithm for preprandial
single-bolus according to Table 4.44.4 in combination with postprandial MPC. For the nominal
case, meal announcement in the controller is exactly the same as in the continuous-time T1DM
patient model for carbohydrate loads of 50 g and 100 g in four representative foods with varying
GI values. Intra-individual variability due to subcutaneous insulin effect p3, in addition to food-
related uncertainties of the GI value and combined miscalculations of carbohydrate intake with
mealtime deviation in the T1DM patient model are also considered.

Controller Patient (actual) GI BG excursion mg/dL (mmol/L)

83 87–143 (4.83–7.94)
50 g 50 g 71 92–122 (5.11–6.78)

(nominal) 0 min 41 98–112 (5.44–6.22)
25 93–104 (5.17–7.78)

83 87–158 (4.83–8.78)
100 g 100 g 71 93–133 (5.17–7.39)

(nominal) 0 min 41 94–105 (5.22–5.83)
25 96–107 (5.33–5.94)

83 82–160 (4.56–8.89)
50 g p3±20% 71 84–137 (4.67–7.61)

0 min 41 87–118 (4.83–6.56)
25 83–109 (4.61–6.06)

83 86–160 (4.78–8.89)
50 g GI ±20% 71 88-134 (4.89–7.44)

0 min 41 92–116 (5.11–6.44)
25 89–106 (4.94–5.89)

83 80–161 (4.44–8.94)
50 g ±10 g 71 83–139 (4.61–7.72)

−15 min 41 91–123 (5.06–6.83)
25 91–110 (5.06–6.11)

83 80–151 (4.44–8.39)
50 g ±10 g 71 81–125 (4.50–6.94)

+15 min 41 95–105 (5.28–5.83)
25 89–103 (4.94–5.72)
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In this way, even though compliance with ADA recommendations might be an indica-
tor of the degree of success in the performance of prandial BG control algorithms to a
certain extent, we consider the postprandial glycemic response in nondiabetics to be a
superior—if not the ideal—reference.

• Response against intra-patient variability
Performance assessment of the present BG control algorithm against the most essential
source of intra-individual variability due to subcutaneous insulin effect in the T1DM pa-
tient model is also included. Studies of the diurnal pattern of insulin action in nondia-
betics show that insulin sensitivity reduces from breakfast to dinner [160160]. Interestingly,
the opposite seems to occur in T1DM wherein insulin sensitivity improves throughout the
day [161161], whereas other studies have also found similar or opposite patterns in postpran-
dial glucose-insulin dynamics [162162, 163163]. As the mathematical model of glucose-insulin
metabolism developed in Chapter 3 does not include such circadian variation of carbohy-
drate tolerance, variability in insulin effect in the present study is limited to an arbitrary
variation of 20% in parameter p3.

• Response against food-related uncertainties
The GI has perhaps the highest intra-individual variability with half of the total test sub-
jects having at least 10 units away from the mean value [153153]. This is represented by a
variation of 20% in the GI value for the T1DM patient model to assess the control per-
formance in our study, with satisfactory results. Another typical source of uncertainty is
the poor estimation of the carbohydrate content of the meal in an everyday basis, which
is not the exception but the norm. In fact, studies on the ability to calculate carbohydrates
accurately indicate that only 23% of adolescents with T1DM seem to predict the amount
within ±10 grams/day even with the availability of nutritional labels [164164]. Other studies
show that poor carbohydrate estimation has clearly a deleterious effect on postprandial
BG levels [165165]. Besides carbohydrate amount, the exact mealtime is also difficult to
predict, especially one hour in advance as the exact meal information is required for the
control algorithm to initiate the computation of preprandial insulin. Hence, the perfor-
mance of the proposed control algorithm against carbohydrate miscalculations of 20%,
in combination with a deviation in mealtime of ±15 min is thus also evaluated. Simu-
lation results show that BG excursions are within recommended clinical values for both
high and low GI foods (see Figures 4.154.15 and 4.164.16 for continuous variable infusion and
single-bolus, respectively), although they also suggest that mealtime deviations beyond
15 min—both before and after the intended mealtime—have a potential risk of post-meal
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hypoglycemia for high GI foods when combined with overestimation of the carbohydrate
content of the meal, i.e., less amount consumed than the information initially given to the
controller. Even though we contemplated the addition of an input to indicate the actual
mealtime to the controller (since the present control strategy assumes mealtime is always
given at 0), this would have required a additional manual operation and thus decrease the
level of automatization of the present control algorithm.

• Control strategy 1: Start in preprandial insulin infusion
One of the main impediments of fully closed-loop AP systems to maintain postprandial
normoglycemia is arguably the slow absorption kinetics of subcutaneous insulin admin-
istration route. For this reason, in the present study we assess the feasibility to achieve
tight BG control for nominal carbohydrate loads of 50 g and 100 g by considering admin-
istration of preprandial insulin infusion as early as 60 min prior to mealtime, which seems
to be the only feasible strategy given the PD of the so-called rapid-acting insulin formu-
lations (see Figure 3.83.8 on page 4747). Even though some recent studies [135135, 166166] suggest
that prandial insulin administration 15–20 min prior to the meal contributes to a relative
reduction in postprandial glycemic excursion, it still does not prevent postprandial hyper-
glycemia. Hence, the appropriate insulin administration timing to prevent the typical BG
peak after meal consumption is also an important point of discussion in the present study.
Results from the optimization problem for preprandial single-meal bolus insulin given at
a specific instant between ki and 0 (see Table 4.44.4) suggests that both the bolus insulin
amount and timing depend on the GI value of the meal, which is beyond the current gold
standard in bolus insulin estimation according to the carbohydrate counting method. For
continuous subcutaneous insulin infusion (see Table 4.34.3), the start in preprandial insulin
infusion is between 39–54 min prior to mealtime regardless of the type of food or amount,
which indicates the adequacy of the value of ki = −60, with total pre-meal bolus insulin
required for each meal being also proportional to their respective GI value. Knowing
the optimal bolus insulin infusion pattern (as in Figure 4.74.7) necessary to maintain tight
BG control from in silico results in our study, it is now comprehensible that current AP
systems in the literature cannot maintain tight BG control after a carbohydrate load.

• Control strategy 2: Hypoglycemia prevention
Hypoglycemia prevention is arguably the main concern in BG control algorithms for
prandial state, since daytime hypoglycemia has a direct impact on the quality of life and
healthcare costs of patients with T1DM, even for mild episodes [167167, 168168]. To prevent
a large preprandial bolus from causing post-meal hypoglycemia, we consider a penalty
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term QLO exclusively for hypoglycemia in Eq. (4.34.3) for the solution of the optimization
problem in Eq. (4.14.1) (continuous preprandial infusion) and Eq. (4.64.6) (single-bolus). Addi-
tionally, we include maximum rates of preprandial and postprandial insulin infusion Upre

and Upost, respectively, for patient safety reasons.

• Single hormone/bihormonal BG control
Among the different BG control strategies for prandial state, one of them opts for bi-
hormonal i.e. insulin and glucagon, closed-loop BG control systems [169169, 170170] to avoid
the risk of hypoglycemia caused by the lagging effect of subcutaneous insulin infusion.
Such approach, though effective, adds a considerable degree of complexity to the control
system, not to mention the burden to the patient by including a glucagon infusion set. In
the present approach, a mathematical model of glucose-insulin metabolism in T1D that
considers the absorption rate of different types of carbohydrates is used to predict the opti-
mal preprandial insulin instead. Hence, our study dispense with an additional infusion al-
gorithm for glucagon and still have no critical postprandial hypoglycemic episodes. More
specific real-life scenarios wherein glucagon infusion can have a decisive role, however, is
the case of meal omission after preprandial insulin bolus has been infused, or actual meal
consumption being considerably less than expected due to a number of reasons including
illness, fullness or mindlessness.

• Future direction: Clinical implementation
With the development and commercialization of even faster insulin formulations such as
ultra-rapid insulin in the near future, further improvements in the performance of closed-
loop BG control algorithms can be expected. Despite such positive forecast, there is still
much work to be done before a commercially available AP system can be developed.
Patient variability is arguably one of the most difficult problems to tackle in BG con-
trol systems, especially during prandial state. Differences in glucose-insulin metabolism
among patients and day-to-day or same-day variations within the same subject, known
as inter-individual and intra-individual variability, respectively [171171], introduce errors to
the mathematical model utilized that reflects negatively on the performance of the BG
control algorithm. It is also noteworthy that ADA recommendations for pregnancy with
pre-existing diabetes—not to be confused with gestational diabetes—are even more rig-
orous than the conventional treatment for T1DM (see Table 4.14.1 on page 5858) perhaps due
to the high risk of pregnancy complications such as miscarriage/stillbirth, delivery com-
plications and birth defects.
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4.4 Concluding remarks

In the present chapter we demonstrated the feasibility of tight BG control for prandial state in
patients with T1DM using a semi closed-loop control strategy based on meal announcement of
the food to be consumed as early as 60 min before mealtime. Prandial insulin strategy consists
of either a preprandial continuous variable insulin infusion or instantaneous single-bolus, which
is followed by postprandial closed-loop basal insulin infusion based on MPC for automatic
stabilization and maintenance of BG levels at the target value of 100 mg/dL (5.56 mmol/L).
In silico assessment of the present control algorithm indicates that prandial BG excursion not
only complies with clinical recommendations from the ADA but also that a tight BG control
comparable to nondiabetics is actually feasible. The control performance, however, is slightly
attenuated when considering realistic sources of variability such as model-patient mismatch
and uncertainties related to the meal content. Interestingly, the preprandial insulin required
for each food suggests that both the total bolus dose and timing varies considerably depending
on the type of food to be consumed, which defies the current clinical guidelines based on the
carbohydrate-counting method in the treatment of T1DM.
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Chapter 5

Mixed meal model in T1DM

Mixed meals with a considerable fat content have been recently acknowledged to cause an
aberrant post-meal glycemic excursion that—besides affecting negatively BG management in
patients with T1DM—reduces the performance of closed-loop BG systems [3333]. Due to the
difficulty to develop an accurate mathematical model of the impact of mixed meals on glucose-
insulin metabolism in patients with T1DM, some closed-loop BG control algorithms [172172] have
resorted to arbitrary parameter adjustment from clinical data of nondiabetics after consumption
of a mixed meal using the triple-tracer meal protocol to fit parameters kmin, kmax, kabs, b and d of
Dalla Man model for insulin and carbohydrate absorption of mixed meals, while others [173173]
have proposed an alternative simplified measurement method of rate of glucose appearance
from mixed meals without relying on the triple tracer method for modeling purposes. Other
studies [174174] have fitted model parameters of plasma insulin and glucose from a combined
model from Sherwin, Bergman and Wilinska models for insulin PK/PD, glucose uptake/EGP
and meal glucose appearance, respectively, and assume that subcutaneous insulin depot, plasma
insulin and remote interstitial fluid surrounding insulin-sensitive tissue are unaltered by high-fat
mixed meals. Interestingly, interpretation of parameter values in such study for low and high fat
mixed meals quantitatively indicate that the effect of dietary fat on postprandial glucose-insulin
metabolism are delay in gastric emptying and decrease in insulin sensitivity, as has been usually
suggested by previous clinical studies on the effect of dietary fat on posprandial BG levels in
patients with T1DM, although only qualitatively [2727, 2828].

As model-based control algorithms have a strong dependency on model accuracy, the ab-
sence of a reliable mathematical model of the impact of dietary fat on postprandial BG levels
prevents further development of diurnal BG control algorithms for mixed meals. Arbitrary pa-
rameter adjustment to clinical data cannot be regarded as a valid approach for model-based BG
control systems, since they require a priori estimation of model parameters. For this reason,
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in the present chapter we propose a novel mathematical model of mixed meals with a quantita-
tive representation of the effect of dietary fat and carbohydrates on postprandial glucose-insulin
metabolism in patients with T1DM. It considers a relevant physiological representation of lipid
metabolism that follows the same minimal compartmental representation as in the mathematical
model of carbohydrates proposed in Chapter 3.

In the following sections, we first give a general description of the mixed meal model pro-
posed, which is divided into a model of gut absorption of dietary fat and its delaying effect on
gastric emptying of carbohydrates, in addition to meal-derived lipid metabolism in patients with
T1DM as a new compartmental model proposal for plasma TG and NEFA levels as well. For
the physiologically-relevant representation of lipid-derived insulin resistance, we first provide
an exhaustive review on the literature concerning the etiology of insulin resistance and the sig-
nificance of the glucose-fatty acid cycle—the most accepted theoretical explanation of insulin
resistance—to propose a novel representation of insulin resistance based on the aforementioned
compartments. Simulation of the present model and parameter identification using clinical data
from patients with T1DM are presented along with further discussion of the model proposed
and its most relevant points.

5.1 Proposed minimal mixed meal model

A physiologically-relevant mathematical model of the effect of dietary fat on glucose-insulin
metabolism is to represent not only its ultimate impact on postprandial BG levels but also the
complete gut transit from mixed meal ingestion, absorption and metabolism. Moreover, such
model must represent the metabolic state of T1DM patients in particular. In the present section
we give a brief general introduction of the model proposed, with further description of each part
with complete support from clinical studies.

5.1.1 General description

As shown in Figure 5.15.1, the present mixed meal model (carbohydrates and dietary fat) is an ex-
tension of the model of postprandial glucose-insulin metabolism from carbohydrates developed
in Chapter 3. It includes digestion/absorption of dietary fat, and the delaying effect on gastric
emptying of carbohydrates [2828] separately. The mathematical representation of postprandial
fatty acid metabolism considers plasma NEFA and triglyceride levels in order to further include
lipid-induced acute insulin resistance, as elaborated in the respective subsection of the present
chapter.
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Figure 5.1: Extension of the mathematical model of glucose-insulin metabolism in T1DM from
carbohydrates to a mixed meal model that includes dietary fat digestion/absorption and fatty
acid metabolism from triglycerides (TG) and non-esterified fatty acids (NEFA) to represent the
two main effects on glucose-insulin metabolism as (a) delay in gastric emptying of the meal and
(b) lipid-derived acute insulin resistance.

5.1.2 Model of carbohydrate digestion/absorption (mixed meal)

After a mixed meal enters the gastrointestinal tract, the digestion process begins with the break-
down of large food particles in an extremely complex process. As shown in Figure 5.25.2, the
stomach is anatomically divided into fundus, corpus (body), antrum and pylorus, whereas it is
functionally divided into distal and proximal stomach although they belong to the same single
chamber. The proximal and distal stomach are associated with gastric emptying of solids and
liquids, respectively [175175]. Solids are first distributed in the fundus for the initial grinding (lag
phase), and later redistributed in the distal stomach for linear gastric emptying at an almost
constant rate [176176]. Increase in the caloric content of a solid meal—as easily attained by a high
dietary fat content—prolongs food retention in the proximal stomach, and thence redistributed
to the distal stomach for a linear gastric emptying.

In this way, the proximal and distal stomach seem to play a determinant role in the gastric
emptying of mixed meals, with a characteristic biphasic gastric emptying pattern [177177]. For the
mathematical representation of gut transit of mixed meals, the original model of carbohydrate
digestion/absorption given by Eq. (3.233.23) (see page 4242) in Chapter 3 can be either replaced by a
more complex model with explicit representation of the distal and proximal stomach [178178], or
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Figure 5.2: Division of the stomach according to its anatomical (left) and functional (right)
function.

Figure 5.3: The biphasic nature of gut transit of carbohydrates due to the presence of dietary fat
is represented by the addition of an emptying delay Lmix and lag τmix to the previous model of
carbohydrates in Chapter 3.

be modified accordingly. To maintain a minimal principle, we include a lag and offset in our
original model (see Figure 5.35.3) to represent the biphasic nature of gastric emptying of mixed
meals as

dGext(t)

dt
=

1

τdg + τmix

(
−Gext(t) +GEQ(t− Lmix)

)
, (5.1)

where τmix is the fat-induced lag added to the food-specific lag in carbohydrate digestion τdg with
emptying delay Lmix of the mixed meal to represent chyme retention in the proximal stomach.
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Figure 5.4: Mathematical representation of gut transit of dietary fat dietary fat (in green) pro-
posed in the present study. According to the the physiological mechanism of fat break-down
(bottom), total fatty acid remains constant and thus we simplify it with a biphasic gut absorption
model with emptying delay Lmix (same parameter for carbohydrates) and lag τchy.

5.1.3 Model of dietary fat digestion/absorption

After consumption of a mixed meal, the dietary fat portion—which mainly consist of triglyc-
erides and cholesterol—is broken down into monoglycerides and fatty acids into the stomach
by several enzymes including gastric lipase. After that, it is sent to the small intestine where
extremely complex biochemical processes take place11. Nascent TG is used for CM assembly,
which together with cholesterol and phospholipids form CM prior to its absorption into the
bloodstream through the lymphatic system [179179].

1Chyme enters the small intestine where bile acts as an emulsifier of monoglycerides and fatty acids for their
combination with water-based fluids to form micelles. Fatty acids are taken from the intestinal lumen into the
enterocytes, where further hydrolysis takes place before reaching the endoplasmic reticulum for further complex
lipid synthesis (triglyceride synthesis)
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As briefly described in the above, the process of fat digestion and absorption is anything
but simple. However, the triglycerides and cholesterol content of the meal seems to remain
constant throughout the aforementioned break-down and reassembly process. Thus, different
from the relative glucose-equivalent of carbohydrates given in Eq. (3.33.3), dietary fat metabolism
seems to be directly proportional to the amount consumed. Moreover, the digestion of dietary fat
seems to be considerably slower than that of carbohydrates. For instance, previous studies [180180]
indicate a mean gastric emptying rate (as percentage per hour) of 17.4±2.4%/h for the dietary
fat and 22.8±1.8%/h for the carbohydrate portion of a mixed meal despite having no apparent
intragastric separation for different macronutrients. Hence, we represent the dietary fat portion
of a mixed meal separately from carbohydrates by Gfat(t), which is given by

Gfat(t) = Kfc ·GEQ(t), (5.2)

Kfc =
FAT

AvCHO
, (5.3)

where GEQ(t) is carbohydrate digestion/absorption with maximum rate of glucose appearance
which dietary fat digestion is associated with, and fat-to-carbohydrate ratio Kfc represents the
fat-to-carbohydrate ratio given the amounts (in grams) of dietary fat and carbohydrate consumed
as FAT and AvCHO, respectively.

Digestion and absorption of lipids is also represented by a biphasic nature as

dGchy(t)

dt
=

1

τchy
(−Gchy(t) +Gfat(t− Lmix)) , (5.4)

τchy =

(
c1

1 + e−c2Kfc
− c3

)
τfat, (5.5)

where Gchy(t) represents chylomicron-triglyceride (CM-TG) appearance in the bloodstream,
τchy is the time-constant of dietary fat absorption delay represented as a sigmoid function with
constant parameters c1, c2 and c3 and fat-to-carbohydrate proportion Kfc.

5.1.4 Plasma triglyceride (TG) compartmental model

Although NEFA is mostly considered for fatty acid metabolism as represented by several math-
ematical models in the literature, the representation of lipid-derived insulin resistance in the
present model depends on the combination of postprandial TG and NEFA dynamics (see Fig-
ure 5.15.1 on page 9595). First, for a mathematical representation of TG metabolism as a minimal
compartmental model it is necessary to consider lipoprotein metabolism, as it is the most rele-
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Figure 5.5: Regulation of lipoprotein metabolism in the liver. Postprandial lipid metabolism in
particular present high levels of CM-TG and VLDL, which are considered in the present study
for the minimal compartmental representation of plasma TG dynamics.

vant process involved and thus briefly described in the following.
Lipoproteins are lipid carriers for the transportation of insoluble lipids to/from the liver,

muscles and adipose tissue. It is composed of TG and cholesteryl esters at the core and cov-
ered by phospholipids, free cholesterol and proteins in small amounts. Lipoproteins are di-
vided into very-low-density lipoprotein (VLDL), low-density lipoprotein (LDL), intermediate-
density lipoprotein (IDL), high-density lipoprotein (HDL) and chylomicron (CM). As shown
in Figure 5.55.5, CM remnant is the by-product of CM after their TG content has been delivered.
Similarly, VLDL also carries large quantities of TG and cholesterol to the body prior assembly
(synthesis) in the liver as nascent VLDL, which after their TG content is delivered, VLDL rem-
nants or IDL are either cleared or degraded into LDL by hepatic triglyceride lipase (HTGL).
Although not directly considered in the compartmental model proposed in the present study,
HDL is responsible for removal of excess cholesterol (packed in the other forms of lipopro-
teins) to the liver, which is commonly known as ‘reverse cholesterol transport’.

Among the different types of liproproteins, VLDL and CM not only follow a similar metabolic
mechanism but are together known as triglyceride-rich lipoproteins (TRL) since they play a
principal role in endogenous and exogenous TG metabolism, respectively. The remaining types
of lipoprotein are not directly associated with postprandial lipid metabolism in particular and
thus not further considered in the present study.
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In this way, we propose a novel compartmental representation of plasma TG dynamics as

dT (t)

dt
= −p4X(t)T (t) + p5 (Tb − T (t)) +

Gchy(t)

VT
, T (0) = T0 (5.6)

where −p4X(t)T (t) is plasma CM-TG clearance by LPL-induced hydrolysis, p5 (Tb − T (t))

is hepatic VLDL balance, VT is plasma distribution volume and Gchy(t) is exogenous plasma
CM-TG appearance from the dietary fat content of a mixed meal.

By no coincidence postprandial TG dynamics in Eq. (5.65.6) is analogous to the glucose com-
partment of Bergman minimal model in Eq. (3.253.25). Plasma TG concentration is the result of
exogenous and endogenous lipid metabolism, as given by meal-derived CM-TG appearance
(ApoB-48) and endogenous hepatic VLDL production (ApoB-100), respectively. Moreover, as
occurs with glucose uptake, insulin exerts a regulatory role in TG clearance by means of acti-
vation of a number of hepatic receptors, with an apparent preference for CM-TG uptake over
VLDL-TG [181181].

5.1.5 Plasma non-esterified fatty acid (NEFA) compartment model

As briefly summarized in section 2.52.5, several mathematical models of NEFA dynamics have
been proposed in the past, including one specifically for postprandial state. Nevertheless, the
large number of variables and parameters of these models do not adhere to the minimal com-
partmental approach of the mathematical model developed in Chapter 3. Therefore, we propose
a novel compartmental representation of plasma NEFA levels given by

dF (t)

dt
= −p6X(t)F (t) + p7 (Fb − F (t)) +

Fsp(t)

Vsp
, F (0) = F0 (5.7)

where p6X(t)F (t) is NEFA uptake by insulin-mediated LPL activity, p7 (Fb − F (t)) is fatty
acid balance in adipose tissue including lipolysis and Fsp(t) is fatty acid spillover with distri-
bution space Vsp. In particular, fatty acid spillover is represented as a first-order delay given
by

dTsp(t)

dt
=

1

τsp
(T (t)− Tsp) , Tsp(0) = Tb (5.8)

Fsp(t) = Tsp(t)− Tb, (5.9)

where T (t)−Tsp is CM-TG from which fatty acid spillover due to LPL activity occurs, τsp is the
time-constant delay to represent spillover during late postprandial state and Fsp(t) is spillover-
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derived NEFA appearance from the splanchnic bed.
The physiological interpretation of the minimal NEFA model given by Eqs. (5.75.7)–(5.95.9) is

as follows. During postprandial state (see Figure 5.65.6, left), high insulin levels simultaneously
induce CM-TG uptake and suppress lipolysis. After reaching a plateau in systemic NEFA lev-
els, reduction in plasma insulin levels reactivates lipolysis and thereby the gradual restoration
of basal plasma NEFA levels. In addition to this, the increased LPL activity during postprandial
CM-TG metabolism leads to a spin-off referred to as fatty acid ‘spillover’ [182182], which appar-
ently contributes to postprandial NEFA levels as typically observed as a rebound above basal
levels during late postprandial state. During fasting state (see Figure 5.65.6, right), systemic NEFA
levels are the result of the balance between β-oxidation in peripheral tissue and lipolysis in
adipocytes (fat tissue), which are respectively regulated by insulin-mediated enzymes LPL and
HSL considering basal insulin conditions. In this way, NEFA kinetics during both postprandial
and fasting state depend largely on insulin for uptake and storage according to insulin-sensitive
LPL receptors in an analogous way to GLUT-4 receptor for glucose regulation. Similarly, lipol-
ysis has also an analogous dynamics to that of hepatic glucose balance depending on plasma
insulin concentrations. Based on the above premise, we propose an original representation of
NEFA dynamics in Eq. (5.75.7) identical to that of glucose considering their strong analogy during
both postprandial and fasting state, and the main regulatory role of insulin for that matter.

5.1.6 Mathematical representation of insulin resistance

Besides the delaying effect of dietary fat on gut absorption of carbohydrates as detailed in the
previous subsection, the present model also represents the indirect effect of lipid-derived in-
sulin resistance on glucose-insulin metabolism. In general terms, insulin resistance state is a
permanent metabolic condition wherein the ability of insulin to remove glucose from plasma
is reduced and thus requires higher insulin concentrations to maintain glucose homeostasis.
Although a high-fat diet is known to increase insulin resistance as short as in a five-day pe-
riod [183183], the mechanism involved in acute insulin resistance, i.e., temporary insulin resistance
in a several-hour span as in postprandial state, are largely unknown. Given these circumstances,
we provide a brief summary of the current knowledge, the specific case of patients with T1DM,
and some proposed mechanisms by which dietary fat induces acute insulin resistance in order
to provide a physiologically-meaningful mathematical representation of lipid-derived insulin
resistance in patients with T1DM.
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Figure 5.6: Simplified physiological representation of NEFA dynamics by the novel compart-
mental model proposed in Eq. (5.75.7). (Left) NEFA dynamics during postprandial state includes
fatty acid uptake via insulin-activated LPL and inhibition of lipolysis by the regulatory action of
insulin. (Right) During fasting state, NEFA dynamics is characterized by the balance between
lipolysis and fatty acid uptake by the liver and peripheral tissue by the action of basal insulin
levels on HSL and LPL, respectively.

Causes of insulin resistance

Insulin resistance is typically observed in—but not limited to—the metabolic syndrome, insulin-
deficient T1DM and type 2 diabetes (T2DM). Since insulin is the principal signaling hor-
mone for both glucose and fatty acid metabolism, insulin resistance is not only associated
with dysglycemia but also dyslipidemia (see Figure 5.75.7). The latter is characterized by en-
hanced VLDL secretion, hypertriglyceridemia, increase in plasma cholesterol levels and re-
duction in HDL [184184]. Others present increased VLDL-cholesterol levels due to an abnormal
cholesterol synthesis, in addition to higher TG and VLDL-TG despite having normal plasma
NEFA levels [185185]. An abnormal increase in hepatic HTGL during insulin resistance is also
observed [186186] when it normally should decrease due to the effect of hepatic insulin. The
molecular mechanisms involved in insulin resistance include interference of insulin signaling
in the liver, suppression of glycogenolysis and lipolysis, impaired suppression of EGP and
overestimulation of β-cell insulin secretion [187187, 188188], in addition to reduction in carbohydrate
oxidation and inhibition of insulin-mediated glucose uptake, glycogen synthesis and glycolysis
due to elevated NEFA levels [189189]. These studies suggest that high NEFA levels affect every
single component associated with glucose-insulin metabolism ranging from hepatic synthesis
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Figure 5.7: Pathology of insulin resistance in exogenous and endogenous lipid metabolism. In-
sulin resistance is characterized by an abnormal lipid profile (dyslipidemia) commonly seen in
healthy subjects suffering from the metabolic syndrome, T2DM and insulin-deficient T1DM.
Although insulin resistance is commonly associated with increased NEFA levels, the pathogen-
esis of postprandial insulin resistance due to dietary fat consumption is currently unknown.

to glucose uptake and insulin-mediated enzymes in favor of β-oxidation of NEFA, as confirmed
by infusion of large doses of fat and heparin [190190].

As briefly described in the above, the complexity of lipid metabolism and the number of
possible mechanisms by which insulin resistance develops might explain the absence of con-
sensus on its etiology, despite extensive research on the subject from chemical to systemic
level [191191]. One certain fact is that there exists a strong association between fat metabolism and
insulin, both during normal conditions and dislipidemia [192192]. Nevertheless, insulin-regulatory
hormones, better known as incretins, seem to be unrelated to lipid-induced insulin resistance
according to studies that indicate an extremely large increase in gastric inhibitory polypeptide
after consumption of a fat-added meal, although the insulin response remained unaltered [193193].

Arguably one determinant factor is the difficulty to measure insulin sensitivity during post-
prandial state. Among the different types of glucose/insulin infusion protocols in clinical set-
tings, the hyperinsulinemic-euglycemic clamp technique22 [194194] is used for a quantitative as-

2Clinical method to quantify insulin sensitivity by infusion and maintenance of plasma insulin levels at
100µU/mL (hyperinsulinemic) and variable infusion of glucose to maintain BG levels at normoglycemia (eug-
lycemic). Hence, the glucose infusion rate is a measure of glucose uptake ability (insulin sensitivity) at steady-state
conditions.
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sessment of insulin sensitivity. This method cannot measure continuously the degree of insulin
resistance, as after digestion of a high-fat meal.

Insulin resistance in T1DM

In patients with T1DM, insulin resistance is identified by larger basal and bolus insulin needs [195195]
or present at the time of diagnosis and reversed shortly after the start of insulin therapy [196196].
Lipid-derived insulin resistance in these patients is even less understood since it is only limited
to the comparison of BG excursion after consumption of test meals with and without added
fat [2525, 3333], whereas others suggest that insulin resistant state might be eliminated after a few
months following a low-fat diet [197197].

The etiology of insulin resistance specifically in patients with T1DM, the absence of en-
dogenous insulin secretion not only affects BG levels but also lipid metabolism because of the
role of insulin-mediated LPL enzyme [198198]. Furthermore, patients with poor BG management
suffer from a high lipid profile as well, including hypertriglyceridemia at the onset of the dis-
ease [199199] and marked DKA [200200, 201201]. Even though these abnormalities are shortly reversed
by appropriate insulin therapy, there seems to be a particular difference in postprandial lipopro-
tein particles in patients with T1DM and nondiabetics, such as accumulation of macrophages
after fat ingestion for at least 7 hours [202202], and increased postprandial lipid peroxidation af-
ter high-fat meals including increase in plasma TG from 1.0 mmol/L fasting to a maximum of
1.6 mmol/L [203203]. In particular, poorly-controlled T1DM patients seem to have a reduced pe-
ripheral glucose uptake caused by the inability to suppress lipolysis, as observed by increased
NEFA levels [204204]. Hence, the etiology of insulin resistant state in T1DM is similarly attributed
to increased fatty acids as observed in their nondiabetic counterparts.

For a physiologically-meaningful mathematical representation of insulin resistance in our
model proposal, we consider a theoretical explanation of the mechanisms by which fatty acids
affect glucose uptake in the following.

Glucose-fatty acid cycle (Randle cycle)

In 1963, Randle et al. [205205] proposed a theoretical explanation for an apparent fuel selection
mechanism between the two main energy substrates: glucose and fatty acids, and as such the
Randle cycle is alternatively known as ‘glucose-fatty acid cycle’. Clinical studies at the time
showed that IV lipid infusion intriguingly led to a reduction in glucose uptake, and thus the
authors proposed a hypothesis wherein the utilization of one substrate inhibits the use of an-
other. Basically, it is proposed that glucose and fatty acids compete as energy substrates due
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to increased β-oxidation of NEFA while decreasing glucose oxidation altogether due to a large
increment in acetyl-CoA in skeletal muscle [206206]. More recently, fatty acid oxidation over glu-
cose has been demonstrated to effectively occur during mitochondrial respiration process at a
cell-level [207207].

Glucose-fatty acid cycle reversed

The glucose-fatty acid cycle states that NEFA is preferred over glucose as energy substrate
based on the assumption that glucose oxidation equals glucose uptake, i.e., the totality of glu-
cose uptake is oxidized. However, the ‘glucose-fatty acid cycle reversed’ [208208] proposes a
strong opposite stance with equally valid arguments to refute the Randle cycle theory utilizing
accurate measurement methods not available at the time.

For instance, in one study [209209], healthy nondiabetic subjects were given (a) a very large
glucose infusion (8 mg·kg−1·min−1) to ensure glycolysis in all tissues33, followed by (b) a con-
stant intravenous infusion of fat emulsion and heparin to stimulate LPL activity and hydrolysis
of TG44. As a result, there was no effect of NEFA on plasma glucose oxidation even though a
20-fold increase in FFA concentration was observed, even though the considerable reduction
in total glucose oxidation was found to be due to a similar reduction in glycogen oxidation.
Following a similar procedure, other studies [210210] confirmed the inhibition of EGP consider-
ing different doses of NEFA infusion (50, 550 and 750 µmol), in addition to a dose-dependent
decrease of glycogen synthesis55. More recent studies reached a similar conclusion on NEFA-
induced insulin resistance and its effect on insulin-dependent glucose uptake and glycogenoly-
sis [211211], whereas some others [212212] include inhibition of muscle glycogen synthesis to account
for the reduced intravenous glucose infusion typically observed in the Randle cycle.

In this way, glucose-fatty acid cycle reversed states that it is actually the reduction in glucose
uptake—mainly from the liver—, that stimulates fatty acid uptake. In fact, reduction in LPL
activity—additionally verified at a cell-level—was observed after consumption of a standard-
ized low-fat meal in insulin-sensitive and resistant nondiabetic subjects [213213], which confirms
that insulin resistance is the cause—not the effect—of reduced glucose and fatty acid uptake.

3in addition to a large carbohydrate meal the night before, and verification of maximum rate of oxidation with
a respiration quotient of 0.97±0.07.

4fat infusion given at a rate of 1 ml/min, and initial heparin bolus of 500 U followed by a continuous infusion
of 500 U/h for the following 2 hours.

5glycogenesis, or storage of plasma glucose in the liver as glycogen.
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Chylomicron-triglyceride effect

Even though the etiology of insulin resistance is commonly attributed to NEFA levels, a clin-
ical study in nondiabetics [214214] suggests that increase in TG levels is actually the cause of
lipid-derived insulin resistance after consumption of two isocaloric test meals with dietary fat
composition such that induced elevation of only TG or both TG and NEFA levels. The result-
ing decrease in insulin sensitivity—as directly measured by IVGTT before and after the test
meals—for both test meals demonstrated that increase in TG levels induce postprandial insulin
resistance regardless of NEFA levels. Although a similar study has not been verified for T1DM
patients in the literature, to the best of our knowledge, clinical studies [215215] that include post-
prandial TG excursion in these patients also indicate the same impact of a lipid load independent
of large variations in postprandial NEFA levels. Furthermore, other studies on lipid-derived in-
sulin resistance indicate that high Apo-48 levels (a type of apolipoprotein present in CM-TG)
have been observed in insulin resistant state of animal models [216216,217217]. In humans, also, Apo-
48 has the closest relationship with the metabolic syndrome above other types of lipids [218218]
and thus the ratio of ApoB-to-ApoA (apolipoprotein present in HDL) has also been proposed
as an alternative diagnosis criterion of insulin resistance that can be eventually implemented in
clinical guidelines [219219].

In this way, despite the common association of insulin resistance with increase in plasma
NEFA levels, the studies above provide cogent evidence that lipid-derived insulin resistance
is directly associated with elevation in plasma TG levels, as can be easily inferred from large
CM-TG absorption from the gut after consumption of mixed meals with considerable dietary
fat content.

Mathematical representation of postprandial insulin resistance

Since the mathematical model of glucose-insulin metabolism in patients with T1DM originally
developed in Chapter 3 is based on Bergman model, we examine the representation of insulin
sensitivity according to its compartmental structure (see Figure 5.85.8) beyond its general defini-
tion as ‘the quantitative influence of insulin to increase the enhancement of glucose disappear-
ance’ [4646]. The physiological representation of insulin sensitivity in the minimal model com-
prises insulin-dependent glucose uptake in the liver and peripheral tissue as given by Eqs. (2.102.10)
and (2.112.11) (see page 1717), respectively, from which insulin sensitivity is explicitly defined as

SI = −k2
k3

(k4 + k6), (5.10)
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Figure 5.8: Representation of lipid-induced postprandial insulin resistance in the present study
by alteration of insulin-dependent glucose uptake parameters of the minimal model according
to the original definition of insulin sensitivity by Bergman et al. [4646].

where k2 is rate of decrease in insulin-dependent glucose uptake ability, k3 is insulin disap-
pearance (insulin dissociation constant) in the interstitial fluid, k4 is insulin-dependent glu-
cose uptake into peripheral tissue and k6 is insulin-dependent hepatic glucose uptake. Con-
sidering explicit parameters of the minimal model, insulin sensitivity parameters are given by
p3 = k2(k4 + k6) and p2 = −k3, where the negative sign implies that increase in insulin in-
creases glucose uptake.

Considering the exhaustive analysis of lipid-derived insulin resistance in the literature, we
utilize the compartmental models of TG and NEFA dynamics given by Eqs. (5.65.6) and (5.75.7),
respectively, to represent meal-derived insulin resistance as a combination of (a) postprandial
increase in TG levels as a result of dietary fat consumption and (b) NEFA-derived insulin re-
sistance. For the latter in particular, we propose a novel interpretation of insulin resistance
whose physiological representation includes the combined effect of increased NEFA levels from
fatty acid spillover according to the Randle cycle, in addition to the reduced ability to suppress
glycogenolysis according to the glucose-fatty acid cycle reversed (see Figure 5.95.9). In this way,
since parameter p3 of the minimal model represents insulin-dependent glucose uptake in hep-
atic and peripheral tissue, we propose an extension of such parameter to a variable that includes
postprandial CM-TG increase from basal levels as the principal cause of lipid-derived acute in-
sulin resistance and late postprandial fatty acid spillover for the representation of lipid-derived
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Figure 5.9: Novel interpretation of NEFA-derived insulin resistance proposed in the present
study by considering both the Randle cycle and reversed glucose-fatty acid cycle in spite of
their apparently contrasting viewpoints. The former provides a theoretical explanation of the
effect of increased NEFA levels on reduction of insulin sensitivity, which is caused by fatty acid
spillover from TG metabolism during postprandial state. The latter refers to the inability of
insulin to suppress EGP due to high NEFA levels, thereby affecting the regulation of glucose.

insulin resistance as

p′3(t) = p3 − p8IRT(t)− p9IRF(t), (5.11)

IRT(t) = T (t)− Tb, 0 ≤ IRT(t) ≤ IRT,max (5.12)

IRF(t) =
c4

1 + e−c5F (t)
− c6, 0 ≤ IRF(t) ≤ IRF,max (5.13)

where IRT is decrease in insulin-dependent glucose uptake with maximum value IRT,max and
parameter p8; and IRF is decrease in insulin-dependent glucose uptake due to fatty acid spillover
with maximum value IRF,max and parameter p9.

Although high VLDL1 ApoB-100 (a type of apolipoprotein metabolized in the liver) levels
are characteristic of insulin-resistant subjects [220220], there is an absence of correlation with
dietary fat consumption and BG levels, thus only CM-TG as given by T (t)− Tb is considered.
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Physiologically-relevant parameter settings

For parameters in the present model with a clear physiological representation we consider clini-
cal studies of gut transit of mixed meals and the effect of TG and NEFA on lipid-derived insulin
resistance as follows:

• Gut transit of mixed meals: The biphasic gastric emptying of carbohydrates in Eq. (5.15.1)
is represented with Lmix = 4 min and τmix = 20 min. For the gut transit of dietary fat in
Eq. (5.45.4), we consider the same value forLmix whereas parameters of the sigmoid function
in Eq. (5.55.5) are set to τfat = 170 min, c1 = 0.4625, c2 = 1.7527 and c3 = 0.0845 such
that for fat-to-carbohydrate proportions Kfc > 1, the delay constant τchy has values close
to τfat.

• Insulin resistance due to postprandial TG increase: Considering that the maximum de-
crease in insulin sensitivity is half its fasting state value after consumption of a high-fat
meal [214214], we replace p′3 = 0.5 · p3 in Eq. (5.115.11) considering IRT,max = 1 mmol/L for the
maximum increase in postprandial TG levels in patients with T1DM after consumption
of a mixed meal with 100 g fat [215215] and thus we obtain parameter p8 = 0.5 · p3 from

p′3
2

= p3 − p8 · IRT,max. (5.14)

• Insulin resistance due to late postprandial fatty acid spillover: A clinical study by Belfort
et al. [221221] indicates a dose-response effect of NEFA on insulin resistance, wherein ex-
ogenous fatty acid infusions of 30 ml/h, 60 ml/h and 90 ml/h with respective plasma
NEFA levels of 695 µmol/L, 1251 µmol/L and 1688 µmol/L lead to a corresponding de-
crease in glucose uptake of 22% (6 male and 3 female, 31±4 years old and BMI 24±1),
30% (3 male and 3 female, 25±1 years old and BMI 24±1) and 34% (4 male and 2 fe-
male, 26±2 years old and BMI 24±1). Hence, provided that p9 = p3, model parameters
in Eq. (5.135.13) are set to c4 = 0.479, c5 = 1.353 and c6 = 0.0706 to represent insulin resis-
tance due to increased NEFA levels (see Figure 5.105.10) considering a maximum reduction
IRF,max = 34%.

Model parameter setting

Model parameters of TG and NEFA compartments in Eqs. (5.65.6) and (5.75.7), respectively, are
fitted with clinical data from different clinical studies in patients with T1DM as detailed in the
following.
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Figure 5.10: Sigmoid function with parameters c4 = 0.708, c5 = 2.069 and c6 = 0.354 in
Eq. (5.135.13) to represent NEFA-induced insulin resistance IRF.

1. We consider TG excursion after a mixed meal with fat content of 100 g and basal insulin
infusion at a reduced dose of us(t) = 6.7 × 10−3 IU/min (0.4 IU/h) from a study by
Lewis et al. in patients with T1DM [215215], from which we determine parameters p4 = 0.1
min−1, p5 = 5.4× 10−3 min−1 and VT = 12 L for the TG compartmental model given in
Eq. (5.65.6).

2. Non-insulin dependent parameter p7 is identified from NEFA excursion in insulin-deprived
T1DM patients using clinical data from Burge et al. [222222]. In such study, normoglycemia
is initially maintained at 6.3±0.5 mmol/L by means of IV regular human insulin infu-
sion and withdrawn at t = 0. To reproduce the same scenario, we consider similar
initial parameters in the mathematical model of glucose-insulin metabolism, including
Gmeal(t) = 0 for model parameter estimation of non-insulin dependent glucose uptake
p1 = 0.009 min−1 and non-insulin-dependent lipid uptake p7 = 0.025 min−1 and lipoly-
sis given by Fb = 1.5 mmol/L.

3. Postprandial NEFA excursion including fatty acid spillover after consumption of a mixed
meal with 60 g pasta, 80 g veal, 200 g vegetables dressed with 20 g olive oil, 50 g white
bread and 150 g apple (with presumably carbohydrate and dietary fat intakes of 65 g
and 28 g, respectively) according to a study by Pampanelli et al. [223223]. For an insulin
bolus given 5 min prior to mealtime according to such study, we consider an insulin
bolus of us(−5) = 9 IU for parameter identification of insulin-mediated NEFA uptake to
p6 = 114.7 min−1, τsp = 460 min and Vsp = 6.1 L.
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5.1.7 Compartmental representation of the proposed model

The minimal model of mixed meal effect on glucose and fat metabolism proposed in the present
chapter is shown in Figure 5.115.11, where the mathematical model of gluocose-insulin metabolism
developed in Chapter 3 is extended to include gut absorption of dietary fat and the delaying
effect on carbohydrate digestion. Moreover, two additional single-compartments for plasma
TG (T ) and NEFA (F ) are included to represent lipid metabolism and their explicit utilization
to represent the effect of lipid-derived postprandial insulin resistance.

5.2 Simulation

In this section, we present simulation results implemented on MATLAB® of parameter fitting
from previous clinical data. Nevertheless, due to the extremely limited clinical data in the
literature for patients with T1DM in particular, model fitting is done separately for the gastric
emptying of mixed meals, as well as each compartment of TG and NEFA dynamics.

5.2.1 Simulation settings

Simulation of gastric emptying in the present model considers the sum of carbohydrates and
dietary fat as a chyme given by Gext(t) + Gchy(t) considering a mixed meal input of 4.6 g
carbohydrates and 26.3 g fat (9.1 g protein content is not considered) for a total 260 kcal content
according to a study [224224]. Clinical data of gastric emptying retention in patients with T1DM
in such study is used for model-fitting parameters of emptying rate−0.0089 and β = 1.21 from
Siegel model [4545], in addition to nondibetic subjects with parameters of emptying rate −0.015
and β = 1.25 for reference of normal gastric emptying. Parameters of the model of glucose-
insulin metabolism in T1DM are as detailed in Chapter 3 in all the simulation results of the
present section, unless otherwise specified.

5.2.2 Simulation of gastric retention of a high-fat food

Rate of gastric emptying in the present model is compared with clinical data from 41 patients
with T1DM (20 male and 21 female, 33.1±11.6 years old, 69.7±9.7 kg weight) using Siegel
model-fitted parameters after consumption of a high-fat mixed meal as shown in Figure 5.125.12,
where the rate is expressed as gastric retention. The present model presents a slightly slower
gastric emptying constant throughout the postprandial state, although the total gastric emptying
time is comparable to Siegel model.
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Figure 5.11: Proposed mixed meal model as an extension of the model developed in Chapter
3 to include the effect of dietary fat on glucose-insulin metabolism in patients with T1DM as
(a) gut transit of mixed meals and the delaying effect of dietary fat on gastric emptying of car-
bohydrates, and (b) lipid-derived insulin resistance according to variation in insulin-dependent
glucose uptake parameter p3 of the minimal model, which in turn is affected by postprandial
increase in plasma TG and NEFA levels according to a novel compartmental representation
proposed in the present study.
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Figure 5.12: Gastric emptying retention proposed in the present study after ingestion of a high-
fat meal composed of 4.6 g carbohydrate and 26.3 g fat, compared to fitted parameters from
clinical data in 41 patients with T1DM (20 male and 21 female, 33.1±11.6 years old, 69.7±9.7
kg weight) using Siegel model of gastric retention with parameters of emptying rate −0.0089
and β = 1.21. For reference, we also consider control (nondiabetics) subjects with emptying
rate −0.015 and β = 1.25 [224224].

5.2.3 Simulation of postprandial TG excursion

Simulation results for postprandial TG excursion in 7 patients with T1DM (6 female and 1 male,
30.3±2.0 years old, BMI 23.9±0.8 kg/m2) after a fat load of 100 g is given in Figure 5.135.13, where
parameters of the TG compartmental model in Eq. (5.65.6) are fitted to clinical data from Lewis et
al. [215215].

5.2.4 Simulation of insulin-deprived lipolysis

The exaggerated lipolysis in patients with T1DM [222222] during insulin-deprived state, as repre-
sented with parameter Fb in the present model, is shown by simulation of NEFA excursion in
10 T1DM patients (3 male and 7 female, 38 years old average, 68.5 kg and BMI 23.7 kg/m2) as
shown in Figure 5.145.14, wherein maximum lipolysis reaches a maximum of Fb = 1.5 mmol/L at
the rate specified by parameter p7.

5.2.5 Simulation of postprandial response to a high-fat mixed meal

Simulation of postprandial BG and NEFA excursion of the mathematical model proposed in the
present study is compared to clinical data from 6 patients with T1DM (3 male and 3 female,
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Figure 5.13: Parameter fitting of the TG compartmental model proposed in Eq. (5.65.6) using
clinical data of postprandial TG excursion after consumption of 100 g fat from 7 subjects with
T1DM (6 female and 1 male, 30.3±2.0 years old, BMI 23.9±0.8 kg/m2) from Lewis et al. [215215].

100

150

200

250

G
lu

co
se

 (
m

g
/d

L
)

 

 

Model simulation

Data (Burge,1993)

0 50 100 150 200 250 300
0

0.5

1.0

1.5

Time (min)

N
E

F
A

 (
m

m
o

l/
L

)

 

 

Model simulation

Data (Burge,1993)

Figure 5.14: Postprandial BG (top) and NEFA (bottom) excursions during fasting state with
no exogenous insulin infusion, from which non-insulin mediated NEFA balance is set to p7 =
0.025 min−1. Comparison with clinical data from 10 subjects with T1DM (3 male and 7 female,
38 years old average, 68.5 kg and BMI 23.7 kg/m2) from Burge et al. [222222].
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Figure 5.15: Simulation of postprandial BG and NEFA levels after a high-fat mixed meal con-
sisting of 65 g carbohydrates and 28 g dietary fat, along with a bolus of us(−5) = 9 IU.
Comparison with clinical data from 6 subjects with T1DM (3 male and 3 female, 25±2 years
old, BMI 21.8±0.5 kg/m2) from Pampanelli et al. [223223].

25±2 years old, BMI 21.8±0.5 kg/m2) according to the same research design described by
Pampanelli et al. [223223], with results shown in Figure 5.155.15. Postprandial BG excursion in the
present model has a considerable difference with clinical data for the first 200 min, although
stabilization during late postprandial state is similarly represented. Postprandial NEFA excur-
sion throughout the postprandial state resembles clinical data very closely, including fatty acid
spillover at t > 300 min.

5.3 Discussion

In the present chapter we propose a mathematical model of mixed meals that represents the
effect of dietary fat on postprandial glucose-insulin metabolism using a minimal compartmental
approach. Dietary fat affects indirectly glucose metabolism by reducing the gastric emptying of
the mixed meal and insulin metabolism by causing lipid-derived increase in insulin resistance.
Specific points related to the current model proposal are further discussed in the following.
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• Model overview
The present mixed meal model has a thorough consideration of the most relevant physi-
ological processes involved in both exogenous and endogenous lipid metabolism beyond
the sole impact on BG levels on patients with T1DM. It is also particularly important
to provide a minimal representation of glucose, lipids and insulin metabolism for its in-
tended utilization in model-based BG control purposes. Because of the complexity in-
volved in previous models of gastric emptying and NEFA dynamics in the literature, we
coupled the model of glucose-insulin metabolism from carbohydrates developed in Chap-
ter 3 to a new compartmental representation of plasma TG and NEFA concentration to
represent their combined effect on acute insulin resistance as a result of dietary fat con-
sumption.

• Comparison to Roy model
The present model is comparable to a previous mixed meal model proposed by Roy et al.
(see Appendix A.7A.7 on page 160160) since both include a minimal representation of glucose
dynamics based on Bergman model and a minimal compartmental representation of lipid
metabolism. Nonetheless, Roy model considers a compartment F to represent plasma
FFA levels, which is utilized to extend the glucose compartment of the minimal model
to include the lipolytic effect of hyperglycemia and FFA-induced impairment of glucose
uptake. Two additional remote-insulin compartments Y and Z are also considered to rep-
resent the effect of insulin on plasma FFA levels and the effect of FFA on glucose uptake,
respectively. In particular, they assume an explicit association of lipolysis with hyper-
glycemia based on studies in rats. However, studies in humans [225225] actually suggest
an inverse relationship, whereas studies in nondiabetics and T1DM patients s well [226226]
indicate an absence of correlation between hyperglycemia and fatty acid turnover. Com-
pared to Roy model, the present study considers two single-compartments for plasma
TG and NEFA dynamics, given by T and F , respectively. While the former is directly
affected by dietary fat consumption, the latter represents not only lipolysis but also fatty
acid spillover. Different from Roy model, BG levels are not included in the minimal com-
partmental representation proposed in our study due to the absence of evidence in clinical
studies between hyperglycemia and lipolysis.

• Biphasic gastric emptying model
Remarkably accurate models of gastric retention such as Elashoff and Siegel models have
been proposed in the past to represent the biphasic nature of gastric emptying of mixed
meals. Their utilization in our model, however, would require their modification from
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gastric retention to emptying rate, including the increased complexity due to the necessity
to include the variable τchy as given in Eq. (5.55.5). In this way, we extend the single-delay
model of gut absorption of carbohydrates in Eq. (3.233.23) to include the biphasic gastric
emptying nature of high-fat mixed meals as given by Eq. (5.15.1). Simulation results for
a high-fat mixed meal in Figure 5.125.12 show an acceptable representation of the gastric
emptying rate of mixed meals without having to resort to considerable modifications to
the original model of carbohydrates digestion/absorption in Chapter 3.

• Model identifiability from clinical data (parameter estimation)
Simulations of the present model with clinical data show that the minimal compartmen-
tal representation of lipid metabolism from dietary fat consumption provides an accurate
representation of lipid metabolism. However, the present study only provides a theoret-
ical framework that needs a solid methodology for model parameter validation in clin-
ical settings. In keeping with a minimal representation of exogenous and endogenous
lipid metabolism, we consider only four parameters in total, which can be identified with
clinical methods currently available such as oral [U-13C] palmitic acid for meal-derived
fatty acids and intravenous [2H2] palmitate to distinguish between CM-TG and VLDL-
TG [227227] and the standardization of oral lipid tolerance tests [228228], as occurs with OGTT.
In this way, the compartmental representation of TG and NEFA dynamic proposed is not
only accurate, but also provides a feasible methodology for model parameter identifica-
tion.

• Compartmental representation of plasma TG and NEFA levels
In the present study, plasma TG levels are represented by the combined balance be-
tween exogenous meal-derived dietary fat appearance fro CM-TG and endogenous fat
metabolism from VLDL-TG, where the former contributes to increases in postprandial
TG levels in a considerably larger extent [181181]. Plasma NEFA dynamics not only include
the representation of lipolysis but also fatty acid spillover, although the limited amount
of studies in the literature does not currently provide a quantitative estimation relative to
the amount of dietary fat consumed [229229]. Both plasma TG and NEFA compartments in
Eqs. (5.65.6) and (5.75.7), respectively, have a strong resemblance to that of plasma glucose in
the minimal model in Eq. (3.253.25). Besides their similar dynamics and interaction with pe-
ripheral tissue and the liver according to the regulatory role of insulin, their biochemical
reactions have an interesting resemblance, such as long-chain fatty acid uptake being reg-
ulated by translocation of insulin-sensitive fatty acid transporters as occurs with glucose,
among others [230230].

117



• Mathematical representation of insulin resistance
To the best of our knowledge, lipid-derived insulin resistance in Eq. (5.115.11) provides a
unique interpretation of the different findings in the areas of endocrinology, nutritional
sciences and biochemistry to represent its etiology as postprandial CM-TG excursion and
increased NEFA levels during late postprandial state due to fatty acid spillover. While
high NEFA levels are commonly accepted to be the cause of insulin resistance, dietary fat
consumption is not directly associated to NEFA metabolism. It is thus comprehensible
that a study [214214] suggests TG to be the actual cause of meal-derived insulin resistance,
which also reveals the extremely poor understanding of acute insulin resistance in present
medicine and nutrition sciences. The proposal of the Randle cycle several decades ago
might have deviated the attention from other alternative causes, including TG metabolism,
since it seems to be an appealing hypothesis on substrate competition between glucose
and fatty acids. Because of the validity of clinical studies that support the existence of the
Randle cycle, we include a mathematical representation of NEFA-derived insulin resis-
tance to a maximum of 34% [221221] (see Figure 5.105.10) as a result of increased NEFA levels.
Furthermore, glucose-fatty acid reversed also provides an interesting vantage point orig-
inally interpreted as ‘opposed’ to that of the Randle cycle. By personal interpretation,
instead of selecting only one viewpoint—which implies denying the other—to represent
insulin resistance in our model, we consider both stances as valid to propose a com-
plementary mathematical representation of the glucose-fatty acid cycle and its reversed
counterpart (see Figure 5.95.9) as a spiral between increased NEFA levels F (t) and reduction
in insulin effect X(t) by means of p′3(t) as given in Eqs. (5.75.7) and (5.115.11).

• Future direction: Second-meal effect
The present mixed meal model provides the postprandial metabolic response to a sin-
gle meal, which might be extended to a mathematical model of diurnal glucose-insulin
metabolism by sequential meal inputs in Gmeal(t). However, consumption of high-fat
meals have particular metabolic effects such as the existence of the ‘second-meal effect’,
which is characterized by an exaggerated rise in postprandial TG levels despite consump-
tion of a low-fat meal [231231, 232232]. Such intriguing response is believed to be due to the
existence of a hypothetical ‘lipid storage pool’ caused by a previous high-fat meal that
has only recently [233233] been clarified to be located in the enterocytes (small intestine)
as indicated by an increase in ApoB-48 concentration and TG levels, which in turn con-
tribute to postprandial insulin resistance and the impact on an ‘apparently’ low-fat meal
on BG excursion. Hence, the mathematical representation of such lipid storage, in addi-
tion to a short-term history of prior meals might be necessary to consider for the eventual
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extension to a diurnal model of mixed meals. Besides the second-meal effect, a large
carbohydrate intake also impacts postprandial TG through de novo lipogenesis levels by
increasing CM ApoB-48 concentration [234234]. Several independent studies also show an
association between a high-carbohydrate intake with surplus carbohydrate lipogenesis de-
spite the low—or absent—dietary fat content [235235, 236236]. These particular cases illustrate
the inherent complexity in the mathematical representation of the impact of mixed meals
on glucose-insulin metabolism during postprandial state.

• Future direction: BG control for mixed meals
Because of the difficulty for T1DM patients to maintain BG levels within the recom-
mended range after consumption of high-fat mixed meals, some studies support the use
of extended bolusing methods (square/dual-wave) [237237]. Nevertheless, others [238238] show
no definite improvement compared to single-bolus and some [239239] even suggest a 15 min
pre-meal bolus for high-fat meals to compensate for the typical sustained hyperglycemia.
Because of these contradictory results, the establishment of adequate bolus dosing guide-
lines for high-fat mixed meals has not been attained [240240]. Given these circumstances,
an accurate mathematical model of mixed meals as given in the present proposal, and its
implementation in the BG control algorithm proposed in Chapter 4—with possible mod-
ifications to the control algorithm parameters if necessary—can be expected to eliminate
the aberrant postprandial BG excursion after consumption of high-fat mixed meals and
contribute to the development of diurnal AP systems in the near future. Even though
postprandial BG control based on present mixed meal model is beyond the scope of the
present manuscript, the reduced impact of high-fat mixed meals on BG levels suggest that
the prandial BG control algorithm developed in the previous chapter should theoretically
be able to maintain postprandial normoglycemia similar to carbohydrate-only meals.

5.4 Concluding remarks

In the present chapter we proposed a novel model of postprandial fatty acid metabolism in
patients with T1DM as an extension of the glucose-insulin metabolism from carbohydrates
proposed in Chapter 3 of the present manuscript. According to the well-known effects of di-
etary fat on glucose-insulin metabolism, i.e., delaying effect on gastric emptying and an acute
increase in insulin resistance, we considered a thorough physiological representation using a
minimal compartmental approach. We include the delaying effect of dietary fat on carbohy-
drate digestion/absorption using the mathematical model proposed in Chapter 3, and propose
two single-compartments to represents TG and NEFA dynamics, which in turn serve for the
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representation of lipid-derived acute insulin resistance according to their post-meal elevation
above basal levels. All the model parameters are validated from clinical data specifically from
patients with T1DM. Simulation results of the present model effectively show a reduction in
the initial impact of a mixed meal on BG levels, in addition to the extended hyperglycemia dur-
ing late postprandial state caused by increased insulin resistance. The present model provides
a valid mathematical representation of glucose and fatty acid metabolism from a mixed meal
using a minimal compartmental approach.
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Chapter 6

Conclusions

In patients with T1DM, the inherent difficulty to maintain adequate BG management has en-
couraged the development of new technologies to reduce the burden of the disease. Among
them, studies on AP systems and the positive results obtained in the past years expect to
bring a close alternative to a cure. Despite their success in overnight BG control in actual
clinical settings, the performance of in-development AP systems during diurnal BG control
does not currently comply with clinical recommendations from the ADA despite continuous
improvements—accompanied with increasing complexity—in the control algorithm. This is
arguably due to limitations in current mathematical models of glucose-insulin metabolism and
the representation of the impact of a meal on BG levels. For this reason, the main purpose of the
present study was to examine the feasibility of prandial BG control within the range of 70–180
mg/dL (3.89–10 mmol/L) within two hours after meals and 70–130 mg/dL (3.89–7.22 mmol/L)
afterwards, as specified by the ADA for management of BG levels in T1DM. To achieve this, the
present study is divided into three main chapters that include (a) a novel mathematical model of
glucose-insulin metabolism in T1DM with an accurate impact of carbohydrates with different
absorption rates for its utilization in (b) a novel semi closed-loop BG control for prandial state
that complies with the aforementioned ADA recommendations, and (c) extension to a mixed
meal model to include the effect of dietary fat on postprandial glucose-insulin metabolism and
its impact on BG levels. The conclusions for each chapter are detailed in the following.

In Chapter 3, we proposed a mathematical model of glucose-insulin metabolism in T1DM
with an accurate representation of the impact of carbohydrate-rich foods on BG levels. It in-
cludes a meticulous consideration of the physiology involved for the mathematical representa-
tion of (a) the impact of carbohydrate-derived glucose on BG levels according to its amount
and food-specific absorption rate, (b) subcutaneous insulin absorption and hypoglycemic ef-
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fect of rapid-acting insulin on BG levels using Shimoda insulin model, and (c) glucose-insulin
metabolism in T1DM considering basal hyperglycemia as a result of absent insulin secretion
from β-cells in these patients using Bergman minimal model. A novel representation of car-
bohydrate digestion and absorption with input parameters for the amount and GI value of the
meal—instead of only amount as in previous models—was proposed, which includes additional
food-specific parameters of rapidly and slowly available glucose (using published data from in
vitro studies on the subject) to represent glucose release from carbohydrates during digestion.
We also considered a maximum rate of glucose appearance and delay in gastric emptying for
a physiologically-relevant representation of a glucose-equivalent model of gut absorption of
carbohydrates. Subcutaneous insulin absorption and glucose-insulin metabolism in the present
model are adapted from existing models originally proposed by Shimoda and Bergman, respec-
tively, with only a minimal modification of parameter values thus leaving their compartmental
structure intact. Thereby, the present mathematical model is, to our knowledge, the first in
the literature that provides an accurate representation of postprandial BG excursion for differ-
ent types of carbohydrates validated from clinical data of postprandial BG excursion in T1DM
patients. Despite the accurate representation of postprandial BG excursion, one of the major
limitations of the present model is arguably the utilization of average-valued parameters as a re-
sult of validation with similarly average clinical data, and the absence of clinical validation for
different carbohydrate amounts in combination with representative GI values. Both of them re-
quire further validation to fully demonstrate the accuracy of the mathematical model proposed.

In Chapter 4, we contemplated the most adequate strategy to satisfy clinical recommenda-
tions for prandial BG management in patients with T1DM from the ADA by implementing a
semi closed-loop BG control approach. An insulin optimization algorithm is computed using
the mathematical model of glucose-insulin metabolism in T1DM proposed in the previous chap-
ter as early as 60 min prior to the expected mealtime, provided meal announcement of carbohy-
drate intake and GI value of the meal to be consumed, and administered to the patient to curb
postprandial hyperglycemia. Preprandial insulin bolus is alternatively given as continuous vari-
able insulin infusion until mealtime, as would be expected from an AP system, or single-bolus
at a given instant—with bolusing dose and timing calculated from the optimization algorithm—
in accordance to the current limitations of intensive insulin therapy. Thence, the control strategy
automatically switches to MPC at mealtime for closed-loop BG control with automatic basal
insulin infusion until complete stabilization of BG levels at the target value of 100 mg/dL (5.56
mmol/L). For the nominal case of 50 g and 100 g of carbohydrate intake in four representative
meals with varying GI values under exact patient-model match and mealtime, the present in
silico control algorithm not only demonstrated that clinical recommendations for postprandial
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BG management could be attained but also that the BG control achieved a normoglycemic re-
sponse similar to nondiabetics, with the degree of ‘flatness’ being inversely proportional to the
GI value of the meal. For more realistic scenarios, we included intra-individual variability due
to subcutaneous insulin effect of ±20%, in addition to uncertainty in the GI value of the meal
of ±20% and combined miscalculations in mealtime of ±15 min and carbohydrate amount of
±10 g. Although the consideration of intra-individual variability and meal-related uncertainties
undermined the performance of the BG control algorithm, the resulting BG excursion still com-
plied with clinical recommendations from the ADA. We acknowledge, though, that the present
control algorithm has several limitations such as the necessity of a start in preprandial insulin
infusion inasmuch as 60-min prior to mealtime. This is not only impractical in real-life scenar-
ios but is also accompanied by an extremely high risk of severe hypoglycemia in case meal is
delayed over 15 min or even worse, completely forgotten. Furthermore, meal announcement is
a common approach in prandial BG control already used in previous studies that requires input
from the patient and thus the same repetitive task of carbohydrate counting as in the traditional
insulin therapy, which in the present study additional information of the GI value of the meal is
additionally necessary.

In Chapter 5, the indisputable evidence of the impact of dietary fat on postprandial BG levels
and the performance of previous BG control algorithms in the literature motivated the extension
of the original carbohydrate-only model from Chapter 3 to a mixed meal model. Essentially,
the model proposed aimed to represent delay in gastric emptying and acute postprandial insulin
resistance, as both factors are known to affect post-meal BG excursion in patients with T1DM.
The original model developed in Chapter 3 is extended to represent digestion/absorption of
carbohydrates and dietary fat as a mixed meal, in addition to a minimal compartmental repre-
sentation of fat metabolism. In particular, we propose a novel representation of lipid-derived
insulin resistance directly associated with post-meal TG and NEFA increase above basal levels.
This is arguably one of the most compelling results of the present manuscript since it is based
on an exhaustive analysis of the etiology and interpretation of related scientific findings from
different areas of research related to insulin resistance. Simulation results showed that it has
a considerable accuracy in representing the fat-induced delay in gastric emptying, as well as
postprandial BG, TG and NEFA excursions with a minimal compartmental approach. Never-
theless, some issues that require further improvement include a thorough model validation for
mixed meals with different carbohydrate-to-fat ratios, not to mention patient variability as well.
Due to the nonexistence of a technique that could possibly provide continuous measurement of
postprandial insulin sensitivity, proper validation of time variability in lipid-derived postpran-
dial insulin resistance in the present model with clinical studies is currently unfeasible, which
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also hinders further extension of the present proposal to represent apparent differences in acute
insulin resistance depending on the degree of saturation of dietary fat. Hence, further consid-
eration of such dietary factors—provided their effect on postprandial BG excursion in patients
with T1DM—need further evaluation and respective inclusion in the present model if necessary.

The results obtained in the present study also provide substantial material for future investi-
gation. The mathematical model of glucose-insulin metabolism in T1DM proposed in Chapter
3 considers only a single meal and thus can eventually be extended to a complete diurnal model
with consecutive prandial states—basically three—by considering metabolic processes such as
the circadian regulation of glucose metabolism and the second-meal effect, i.e., the influence
of a previous meal on glucose-insulin metabolism of the current one. In Chapter 4, the semi
closed-loop BG control proposed in the present study requires clinical implementation on ac-
tual patients with T1DM to fully demonstrate its capabilities. The BG control algorithm, also,
might also include further prevention of hypoglycemia for the safety of the patient by consid-
ering additional algorithms to detect both algorithmic and mechanical problems such as pump
occlusion and errors in real-time BG measurement from the patient to name but a few. In Chap-
ter 5, although an essential representation of the indirect impact of dietary fat on glucose-insulin
metabolism has been adapted to the minimal model, a number of other additional factors—both
known and unknown—also appear to influence glucose-fatty acid metabolism, which requires
an extensive investigation in several areas of research including, but perhaps not only limited
to, medicine and clinical nutrition in order to propose an accurate mathematical representation
with valid representation of the physiological mechanisms involved. Moreover, the mixed meal
model proposed in the present study can eventually be extended to include the effect of dietary
protein on glucose-insulin metabolism, since a balanced meal often includes all three macronu-
trients as well. Similar to the models of carbohydrate and dietary fat proposed in the present
manuscript, a minimal compartmental representation with a physiologically-relevant descrip-
tion of the most important metabolic processes involved should be one of the main priorities, if
not the utmost.

The present study thereby provides solid evidence, though in silico assessment, that pran-
dial BG control within the recommended clinical range by the ADA is feasible, provided the
utilization of an accurate mathematical model of the impact of different types of carbohydrates
on postprandial glucose-insulin metabolism in patients with T1DM. Because of the slow subcu-
taneous absorption and hypoglycemic effect of current insulin formulations, a semi closed-loop
control strategy that includes a considerably early preprandial insulin administration—by ei-
ther continuous infusion or instantaneous single-bolus—was deemed necessary. Moreover, we
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also demonstrate that the development of mathematical models of mixed meals that satisfy both
a minimal compartmental approach and a physiologically-meaningful representation of lipid
metabolism including the ultimate indirect effect on BG levels is also possible. Such mixed
meal model can be expected to serve not only in model-based BG control for an enhanced
performance after mixed meal consumption but also to provide further insight to the currently
unknown metabolic effect of dietary fat on glucose-insulin metabolism as well.
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F. J. Doyle, Proposed clinical application for tuning fuzzy logic controller of artificial
pancreas utilizing a personalization factor, Journal of Diabetes Science and Technology,
Vol. 4, No. 4, (2010), pp. 913–922.

[67] R. Mauseth, I. B. Hirsch, J. Bollyky, R. Kircher, D. Matheson, S. Sanda, and C. Green-
baum, Use of a “fuzzy logic” controller in a closed-loop artificial pancreas, Diabetes
Technology & Therapeutics, Vol. 15, No. 8, (2013), pp. 628–633.

[68] E. Dassau, B. W. Bequette, B. A. Buckingham, and F. J. Doyle, Detection of a meal
using continuous glucose monitoring: implications for an artificial beta-cell, Diabetes
Care, Vol. 31, No. 2, (2008), pp. 295–300.

[69] C. Ellingsen, E. Dassau, H. Zisser, B. Grosman, M. W. Percival, L. Jovanovič, and F. J.
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Appendix A

Appendix

A.1 Michaelis-Menten kinetics

Michaelis-Menten kinetics is a simple and effective model to represent enzyme kinetics in term
of measurable quantities relying in two simple steps: (1) substrate binding to the enzyme at rate
k1, (2) catalysis at rate k2, i.e., substrate utilization, where the former is asumed as a slow and
the latter a rapid reaction. The process is usually represented as

E + S ⇀↽ ES → E + P, (A.1)

where E is enzyme, S is substrate and P is the product of the reaction. The expression for the
rate of enzyme reaction is given by

V =
Vmax[S]

Km + [S]
, (A.2)

where [S] is the substrate concentration, Vmax is the maximum velocity achieved at maximum
substrate concentration (saturation), Km is the Michaelis constant that represents substrate con-
centration at the reaction velocity of 0.5Vmax.

A.2 Lehmann model

The model of gut absorption proposed by Lehmann et al. [4343] proposes a representation of the
rate of gastric emptying Gge(t) according to the carbohydrate intake C. Depending on whether
C ≥ 10 g or C < 10 g, gastric emptying Gge(t) is represented with two different absorption
rates (see Figure A.1A.1).
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Figure A.1: Representation of the rate of gastric emptying for carbohydrate intakes C ≥ 10 g
(left) and C < 10 g (right) as proposed by Lehmann et al [4343].

Provided that C (mmol) of carbohydrates are greater than the critical value Ccrit defined as

Ccrit =
(Tasc + Tdes) · Vmax

2
, (A.3)

the gastric emptying Gge(t) is defined by Eq. (A.4A.4) as

Gge =



Vmax

Tasc
· t, t < Tasc

Vmax, Tasc < t ≤ T1

Vmax − (
Vmax

Tdes
) · (t− T1), T1 ≤ t < T2

0, otherwise

(A.4)

where T1 = Tasc + Vmax and T2 = Vmax + Tasc + Tdes.

A.3 Hovorka Model

In Hovorka model [4949], carbohydrate absorption from monosaccharides is given by

UG(t) =
DG AG

t2max,G
· te−t/tmax,G , (A.5)

where DG is amount of carbohydrates digested, AG is carbohydrate bioavailability (constant),
and tmax,G is time of maximum rate of glucose appearance in the accessible glucose compart-
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ment.
SC insulin absorption of lispro insulin is modeled as a two-compartment model represented

by S1(t) and S2(t) as

dS1(t)

dt
= u(t)− S1(t)

tmax,I
, (A.6)

dS2(t)

dt
=
S1(t)

tmax,I
− S2(t)

tmax,I
, (A.7)

UI =
S2(t)

tmax,I
, (A.8)

dI(t)

dt
=
UI(t)

VI
− keI(t), (A.9)

where u(t) is insulin administration (basal and bolus), tmax,I is time-to-maximum insulin ab-
sorption, UI is insulin absorption rate for plasma appearance and I(t) is plasma insulin concen-
tration. Additionally, the action of insulin on glucose kinetics is represented by compartments
x1, x2 and x3 as

dx1(t)
dt

= −ka1x1(t) + kb1I(t), x1(0) =
kb1

ka1
Ib (A.10)

dx2(t)
dt

= −ka2x2(t) + kb2I(t), x2(0) =
kb2

ka2
Ib (A.11)

dx3(t)
dt

= −ka3x3(t) + kb3I(t), x3(0) =
kb3

ka3
Ib (A.12)

where each compartment represents the effect of insulin on glucose distribution/transport, glu-
cose disposal and endogenous glucose production, respectively.

For glucose dynamics, a two-compartment glucose model given by Q1 and Q2 represent
accessible and non-accessible glucose compartments, in addition to glucose concentration G(t)

as

dQ1(t)

dt
= −

(
F c
01

VG G(t)
+ x1(t)

)
·Q1(t) + k12Q2(t)− FR + EGP +Gex(t), (A.13)

dQ2(t)

dt
= x1(t)Q1(t)− (k12 + x2(t)) ·Q2(t), (A.14)

G(t) =
Q1(t)

VG
, (A.15)
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where Q1 includes explicit representation of non-insulin dependent glucose flux F c
01, renal glu-

cose clearance FR and EGP as

F c
01 =


F01G(t)

4.5 mmol L−1
, if G(t) < 4.5 mmol L−1

0, otherwise
(A.16)

FR =

 Rclear(G(t)−Rthres)VG, if G(t) > Rthres

0, otherwise
(A.17)

EGP =

 EGP0 · (1 + x3(t)) , if Gp(t) > ke2

0, otherwise
(A.18)

Wilinska model [241241] represents SC insulin kinetics in patients with T1DM from lispro
insulin as an extension of Horvoka model. It considers the differences between single-bolus
and continuous insulin infusion, local insulin degradation and disappearance, and the existence
of a saturation in insulin absorption rate using 4 differential equations as

dQ1a(t)

dt
= kU − ka1Q1a(t)−

VMAX,LD ·Q1a(t)

kM,LD +Q1a(t)
, (A.19)

dQ1b(t)

dt
= (1− k)U − ka2Q1b(t)−

VMAX,LD ·Q1b(t)

kM,LD +Q1b(t)
, (A.20)

dQ2(t)

dt
= ka1Q1a(t)− ka1Q2(t), (A.21)

dQ3(t)

dt
= ka1Q2(t) + ka2Q1b(t)− keQ3(t), (A.22)

where Q1a(t) and Q1b(t) are insulin mass as continuous infusion and bolus, respectively, Q2(t)

is insulin mass in the non-accessible compartment and Q3(t) is plasma insulin mass compart-
ment. In their model, two absorption channels for ‘slow’ and ‘fast insulin’ are considered to
represent the peak in postprandial plasma insulin with no particular physiological interpretation.
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A.4 Dalla Man model

In Dalla Man model [5050], rate of glucose appearance from carbohydrates Ra(t) is modeled as a
three-compartment model given by

dQsto1(t)

dt
= −kgriQsto1(t) +Dδ(t), (A.23)

dQsto2(t)

dt
= −kemptQsto2(t) + kgriQsto1(t), (A.24)

dQgut(t)

dt
= −kabsQgut(t) + kemptQsto2(t), (A.25)

Ra(t) = BW−1f · kabs ·Qgut(t), (A.26)

where D (mg) is the input for amount of carbohydrates ingested, Qsto1(t) and Qsto2(t) represent
solids and liquids in the stomach, respectively, Qgut(t) is glucose in the intestinal tract, kempt

is fractional coefficient of transfer to the small intestine, kgri is grinding coefficient and BW
is body weight. Due to the nonlinear nature of gastric emptying rate, kempt is modeled as a
variable that depends on the total amount of glucose (solids and liquids) in the stomach by
Qsto(t) = Qsto1(t) +Qsto2(t) as

kempt(Qsto) = kmin +
kmax − kmin

2
· (tanh (α(Qsto − bD))− tahn (β(Qsto(t)− cD)) + 2) ,

(A.27)
where α and β are decrease and increase rates of kempt(t), respectively, and remaining parame-
ters being graphically illustrated in Figure A.2A.2.

Figure A.2: Representation of the nonlinear rate of gastric emptying kempt(t) in Dalla Man
model [5050].
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Subcutaneous insulin kinetics is represented by

dS1(t)

dt
= −(ka1 + kd)S1(t) + u(t), (A.28)

dS2(t)

dt
= −(ka2S2(t) + kd)S1(t), (A.29)

S(t) = ka1S1(t) + ka2S2(t), (A.30)

where u(t) is the exogenous insulin administered, kd is degradation constant, ka1 and ka2 are
absorption constants and S(t) is plasma insulin appearance.

The model of glucose-insulin metabolism proposed by Dalla Man et al. [5050] consists of two
compartments for plasma glucose (including rapidly equilibrating tissues) Gp(t) and slowly
equilibrating tissues Gt(t) given by

dGp(t)

dt
= EGP(t) + Ra(t)− Uii(t)− E(t)− k1Gp(t) + k2Gt(t), Gp(0) = Gpb (A.31)

dGt(t)

dt
= −Uid(t) + k1Gp(t)− k2Gt(t), Gt(0) = Gtb (A.32)

G(t) =
Gp(t)

VG
, G(0) = Gb (A.33)

with plasma glucose concentration G(t) and glucose dynamics including EGP(t) (endogenous
glucose production). The latter depends on a delayed insulin signal Ip(t) and insulin in the
portal vein Ipo(t) as

EGP(t) = kp1 − kp2Gp(t)− kp3Ip(t)− kp4 · Ipo(t), (A.34)

dI1(t)

dt
= −ki (I1(t)− I(t)) + S(t), (A.35)

dIp(t)

dt
= −ki (Ip(t)− I1(t)) . (A.36)

Moreover, renal excretion E is described by

E(t) =

 ke1 (Gp(t)− ke2) , if Gp(t) > ke2

0, otherwise.
(A.37)

Non-insulin dependent glucose utilization Uii in compartment Gp(t) represents glucose uptake
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by the brain and erythrocytes (constant), whereas insulin-dependent Uid in compartment Gt(t)

follows a nonlinear Michaelis-Menten kinetics11, which depends on a remote-insulin compart-
ment X(t) given by

Uid(t) =
Vm(t) ·Gt(t)

Km +Gt(t)
, (A.38)

Vm(t) = Vm0 + VmxX(t), (A.39)

Km(t) = Km0 +KmxX(t), (A.40)

dX(t)

dt
= −p2UX(t) + p2U (I(t)− Ib) , X(0) = 0. (A.41)

A.5 Boston model

Boston model [5555] is given by

dR(t)

dt
=

Kc

100
(G∗(t)−R(t)) , (A.42)

h(t) =
1

1 + Φ/R(t)
, (A.43)

dNEFA(t)

dt
= SFFA (1− h(t))− KFFA

100
NEFA(t), (A.44)

where R(t) represents an inaccessible compartment directly related to NEFA concentration,
Kc is rate constant for glucose clearance into the remote compartment, G(t) is plasma glucose
concentration, h(t) modulates the rate of NEFA production, NEFA(t) is NEFA concentration, Φ

is a Michaelis-Menten kinetics affinity constant and Gb is basal plasma glucose concentration.
The model includes a ‘remote’ glucose compartment with NEFA levels due to the effect of
hyperglycemia on lipolysis with triggering BG levels given by gs as given by the ancillary

1see Appendix A.1 for definition.
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equations:

G∗(t) =

g(t)− gs, if g(t) > gs

0, otherwise
(A.45)

g(t) =

G(t− τ), if t ≥ τ

Gb, otherwise
(A.46)

where τ is the delay between BG levels and the triggering value gs for glucose entrance into
R(t), which in turn affects the compartment of NEFA concentration. The identifiability of
model parameters are well correlated for both OGTT and meal tolerance tests [242242].

A.6 Jelic model

A model developed by Jelic et al. [5757] proposes a representation of NEFA kinetics that fo-
cuses on prandial state where the glucose-fatty acid response is validated with an OGTT and
a mixed meal. Two non-linear compartmental models for plasma NEFA and interstitial NEFA
concentration in adipose tissue are given by NEFAPL(t) and NEFAINT(t), respectively, as

dNEFAPL(t)

dt
=

1

VPL
(JPP − JFOX − JHFU), (A.47)

dNEFAINT(t)

dt
=

1

VINT
(−JPP − JATL − JRST + JLPL), (A.48)

where plasma NEFA dynamics in Eq. (A.47A.47) considers passive transport/diffusion of NEFA
between plasma and interstitium JPP, NEFA oxidation JFOX, non-oxidative hepatic NEFA up-
take (liver) JHFU with plasma volume of distribution VPL; and interstitial NEFA dynamics in
Eq. (A.48A.48) includes NEFA flux due to lipolysis JATL, re-esterification to adipose tissue JRST and
NEFA flux due to LPL activation JLPL with interstitial volume of distribution VINT. Each of
these processes are respectively represented by Michaelis-Menten kinetics of the form

JHFU =
HFUmax · NEFAPL

KHFU + NEFAPL
, (A.49)

where HFUmax and KHFU are model constants.
The time-response of insulin-sensitive pathways from plasma insulin concentration IPL(t)

are also considered as two third-order delays for LPL, in addition to lipolysis and re-esterification
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in adipose tissue AT as

dI11(t)
dt

=
3

τLPL
(IPL(t)− I11(t)) , (A.50)

dI12(t)
dt

=
3

τLPL
(I11(t)− I12(t)) , (A.51)

dILPL(t)

dt
=

3

τLPL
(I12(t)− ILPL(t)) , (A.52)

dI21(t)
dt

=
3

τAT
(IPL(t)− I21(t)) , (A.53)

dI22(t)
dt

=
3

τAT
(I21(t)− I22(t)) , (A.54)

dIAT(t)

dt
=

3

τAT
(I22(t)− IAT(t)) , (A.55)

where LPL action is given in Eqs. (A.50A.50)–(A.52A.52), τLPL and τAT are the response delay in LPL
action and adipose tissue, respectively, in Eqs. (A.53A.53)–(A.55A.55).

A.7 Roy model

Mixed-meal digestion and absorption is represented by three first-order differential equations [5959]
given by

dNG(t)

dt
= xGGemp(t)− kGNG(t), (A.56)

dNP(t)

dt
= xPGemp(t)− kPNP(t), (A.57)

dNF(t)

dt
= xFGemp(t)− kFNF(t), (A.58)

where NG(t), NP(t) and NF(t) are the amounts of glucose, protein and FFA in the gut, respec-
tively; xG, xP and xF are the mass fraction, i.e., the mass of the specific macronutrient over
the total mass, of glucose, protein and FFA, respectively; and Gemp(t) is the trapezoidal gastric
emptying model from Lehman et al. [4343]. Thus, it is assumed that carbohydrate, dietary fat and
protein portion of a mixed meal have the same trapezoidal gastric emptying rate, and that 60%
of the dietary protein content is directly converted into glucose, whereas the dietary fat content
of the mixed meal directly impacts plasma FFA appearance.
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The compartmental representation in Roy model includes plasma free fatty acids concen-
tration F , and two ‘remote’ compartments for insulin effect on fatty acid uptake as Y—similar
to X in the minimal model—and another compartment Z for glucose uptake dynamics af-
fected by FFA concentration. A mutual interaction between glucose and fatty acid metabolism
includes the impairing effect of FFA on glucose uptake (the Randle cycle) and the effect of
hyperglycemia on lipolysis [243243], which affects plasma FFA dynamics as previously found in
experiments with rats [244244]. The compartmental model consists of the differential equations

dI(t)

dt
= −n (I(t)− Ib) + p5u1(t), (A.59)

dX(t)

dt
= −p2 (X(t)−Xb) + p3 (I(t)− Ib) , (A.60)

dG(t)

dt
= −p1 (G(t)−Gb)− p4 (X(t)G(t)−XbGb) + p6 (G(t)Z(t)−GbZb) +

u2(t)

VG
,

(A.61)

dY (t)

dt
= −pF2 (Y (t)− Yb) + pF3 (I(t)− Ib) , (A.62)

dF (t)

dt
= −p7 (F (t)− Fb)− p8 (Y (t)F (t)− YbFb) + p9 (F (t)G(t)− FbGb) +

u3(t)

VF
,

(A.63)

dZ(t)

dt
= −p10 (Z(t)− Zb) + p11 (F (t)− Fb) , (A.64)

where parameters p1, p4, Gb, VG and u2(t) have the same representation as the original minimal
model. The physiological representation of fat metabolism includes the impairing effect of FFA
on glucose uptake by p6G(t)Z(t) in Eq. (A.61A.61), combined insulin-independent FFA uptake by
adipose tissue and periphery by p7F (t) in Eq. (A.63A.63), and lipolysis due to hyperglycemia by
p9F (t)G(t). Description of each parameter of Roy model is as follows:
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Table A.1: Parameters of FFA dynamics in Roy model [5858].

p6 Impairing action of plasma FFA on glucose uptake.
Y (t) Remote insulin dynamics that represent lipolysis/lipogenesis.
pF2 Rate of disappearance of insulin from compartment Y .
pF3 Rate of plasma insulin appearance into compartment Y .
F (t) Plasma FFA concentration.
Fb Basal FFA concentration.
VF FFA distribution space.
u3(t) Dietary FFA absorption / external lipid infusion.
p7 Insulin-independent uptake of FFA by AT (storage) and periphery.
p8 Combined rate of insulin-dependent plasma FFA disappearance.
p9 Lipolytic effect dependent of plasma glucose concentration G(t).
Z(t) Remote FFA dynamics.
p10 Rate of FFA appearance from the remote FFA compartment.
p11 Rate of FFA disappearance from the remote FFA compartment.
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