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Optimal Experiment Design
of a New Minimal model of Glucose Kinetics
during an Oral Glucose Tolerance Test

Incorporating effects of
recruitment of muscle capillaries
Glut-4 translocation and
hepatic glucose production

S. Almagro Frutos, A.J.M. Wagenmakers, P.P.]. van den Bosch, N.A.W. van Riel

Abstract

Investigating glucose kinetics under physiological conditions e.g. a meal or an oral glucose tolerance
test (OGTT), is extremely valuable since diabetes mellitus is a pressing public health concern. In this
study an expanded version of the glucose minimal model of Bergman has been developed and verified
from a physiological and identification point of view using synthetic data produced from parameters
found in literature.

In succession of the minimal model presented by [Bergman et al., Am. J. Phys. 236: E667-E677, 1979]
which is widely used under non-physiological conditions, different minimal models are presented for
use under physiological conditions during an OGTT e.g. [Natalucci et al., Int. Conf. IEEE EMB, Cancun,
Mexico, 2003]. Natalucci’s et al. minimal model is expanded to include jointly the effects of capillary
recruitment, Glut-4 translocation and the production and inhibition of hepatic glucose production.
The expanded minimal model incorporates a physiological model of glucose appearance from gut into
blood plasma and an interstitial glucose compartment which can be measured using the microdialysis
technique.

The new model has been tested in all its identifiability aspects: on a priori global identifiability by
using an algorithm based on differential algebra [Audoly et al, IEEE Trans Biomed., 48 1: 55-65, 2001]
and a posteriori identifiability using model to model adjustment. Also, the sensitivity of the a priori
identifiable parameters in relation with the estimated parameters has been examined showing large
sensitivity for two of the six a priory parameters. Parameter estimation has been performed using
Maximum likelihood estimation and the worst bias is calculated showing low bias for all estimated
parameters. The oral glucose ingestion dosis has been optimised to reduce the bias for the estimated
parameters and an algorithm has been designed to find the optimal sample schedule. Knowing the
Jjoint interaction between these mechanism in an novel, physiologically more detailed model and
identifying the new oral glucose minimal model in all its aspects and performing optimal experiment
design, is a great step forward to understand and quantify different potential causes of insulin
resistance in type 2 diabetes.

Keywords: minimal compartmental model, glucose kinetics, OGTT, capillary recruitment, Glut-4
translocation, saturable receptor-mediated insulin transport, microdialysis, interstitial glucose, a priori global
identifiability, a posteriori identifiability, maximum likelihood estimation, optimal experiment design

Introduction
1 Diabetes Mellitus

Diabetes mellitus is a metabolic disease characterized by varying or persistent elevated
glucose levels in blood plasma. Diabetes mellitus is a pressing public health concern. In the
Netherlands more than a half million people suffer from diabetes. Diabetes mellitus can be
divided into two types: type 1 and type 2. Diabetes type 1 is caused by a lack of insulin



production and insulin secretion by the pancreas and type 2 diabetes is caused by decreased
sensitivity of body tissues for insulin. This study focuses on type 2 diabetes.

The glucose regulatory system in humans consists of releasing insulin by the pancreatic B
cells when the glucose concentration in blood rises above the normal range of 3.6 to 6.1 mM.
Insulin stimulates glucose uptake by skeletal muscle (and adipose tissue) and suppress
glucose production by the liver (hepatic glucose production). Insulin stimulates glucose
uptake by skeletal muscle via two sequential mechanisms: recruitment of capillaries
surrounding muscle fibers and glucose transporter-4 (Glut-4) translocation.

The second mechanism depends on the access of glucose and insulin to skeletal muscle.
Glucose uptake by human skeletal muscle is regulated by insulin concentration in the
interstitium [H. Herkner 2003]. Insulin is transported from blood plasma through the
endothelium to reach the interstitium. After insulin has reached the interstitium, insulin is
cleared due to internalization and degradation of insulin by muscle cells: Insulin binds to the
insulin receptor in the interstitium which is the initiating step in insulin signalling pathways
as discussed.

Two hypotheses have been proposed for the first mechanism: capillary recruitment and
insulin-mediated increase of blood flow [Bergman 2003 and references in there]. In skeletal
muscles two vascular flow routes exits: one route by nutritive capillaries that surround the
skeletal musdles fibres responsible for the delivery of glucose and insulin and a second route
by non-nutritive capillaries that has no contact with the skeletal muscles fibres. The first
hypothesis suggests that insulin controls the blood flow to skeletal muscle at rest and during
exercise by varying blood flow between the nutritive capillaries and the non-nutritive
capillaries. It is believed that this process is very fast, 5 minutes after increase of insulin
[Vincent 2004, Iwashita 2001, Porter 1997] and at insulin concentrations lower than
required for the second hypothesis [Zhang 2004]. Changes in the distribution pattern can by
caused by insulin resistance of the endothelial cells. Several studies [Clerk 2006,
Gudbjornsdottir 2005, Gudbjornsdottir 2003] show an increase of capillary recruitment
(increased permeability-surface area product (PS)) during enhanced physiological insulin
concentration and a reduced capillary recruitment (lower PS) in type 2 diabetes humans than
in healthy (obese) humans. The second hypothesis suggests that insulin acts as a vasolidator
(alternating the blood flow at regular intervals through different capillary groups) controlling
the access of glucose and insulin to skeletal muscle. Insulin binds to the insulin receptor on
the luminal endothelial cells and this activates nitric oxide synthase (NOS). In response,
endothelial cells release the vasodilator nitric oxide (NO) that prevents the smooth muscles
cells of the precapillary arteriole to contract. This effect is more apparent at higher insulin
concentration (pharmacologic concentrations) and after several hours. Impaired vasolidation
can by due to insulin resistance. No increase in blood flow is seen during physiological
insulin concentrations in obese healthy humans and type 2 diabetic humans [Bergman 2003
and reference in there, Gudbjornsdottir 2005, Gudbjornsdottir 2003]. However, [Clerk 2006]
shows an increase during physiological insulin concentrations in lean healthy humans as
well as in obese healthy humans. Insulin resistance can also have a more physical-chemical
reason like a highly impermeable endothelium or reduced capillary density.

Several studies have adressed the mechanism of insulin transport from blood plasma
through the endothelium to reach the interstittum by measuring glucose and insulin
concentrations in blood plasma and interstitium. These studies result in conflicting
conclusions either diffusion transport or a saturable receptor- mediated transport. These
conflicting results have been analysed here (appendix A). It is concluded that a saturable



receptor-mediated insulin transport is considered when insulin concentrations are in a
physiological range (up to 6oo pM) whereas a non-saturable insulin transport is considered
at pharmacologic insulin concentrations (++ 600 pM).

The second mechanism by which insulin stimulates glucose clearance is by increased uptake
by myocytes. The transport of glucose through the muscle cell membrane is facilitated by a
special carrier mediated protein called Glut-4. In the early morning fasting state only a small
portion of the total amount of Glut-4 is located in the outer muscle cell membrane (insulin
independent). In response to the binding of insulin to the insulin receptor in the
interstitium, triggering a cascade of protein phosphorylation reactions that ultimately activate
the translocation of Glut-4 stored in microsomal membranes are transported to the outer
muscle cell membrane. (insulin dependent). [Lauritzen 2006] shows a time delay of 10
minutes between insulin leaving the interstitium and the first translocations of Glut-4 after
intravenous insulin infusion. Maximum translocation of Glut-4 was reached after 30
minutes.

Three impairments exist in the above described mechanisms for type 2 diabetic humans:
Impairment of Glut-4 translocation, impairment of the recruitment of muscle capillaries, and
impairment of the inhibition of hepatic glucose production [Zijlstra 2004)]. The contribution
of each of these impairments is not clear, since only an overall insulin sensitivity (S;), the
efficacy of insulin to glucose uptake by body tissues [1/{ pM-min)], is used in experiments to
quantify the whole insulin resistance.

The goal of this study is to develop a method to understand and quantify different potential
causes of insulin resistance in type 2 diabetes under normal physiological conditions. For
this purpose a novel model is to be developed and to be verified. In general the model will
incorporate the main glucose regulating mechanism to obtain descriptions of the variables
involved and to enebale estimation of physiologically relavant parameters using measured
data of glucose profiles, insulin profiles or others profiles of processes in a human.

The model should meet al the conditions for valid use in widespread clinical use. The oral
glucose minimal model must describe the mechanism by which insulin regulates glucose
uptake by muscle cells or adipose tissues as best as possible. Simplification of the model
leads to undermodelling of the glucose regulatory system giving erroneous estimates.
Overmodelling leads to complex model which are difficult to identify. The data from clinical
measurements used for the novel model must be obtained during normal life conditions, the
possibilities for invasive measurements in humans are limited and the costs of the
measurements must be kept under a reasonable financial budget. Furthermore, the model
must provide reliable unique estimates for the model parameters which describe the effects
of Glut-4 translocation, the recruitment of muscle capillaries, and impairment of the
inhibition of hepatic glucose production with high precision using the measurements
techniques available, in other words the model needs to be identifiable for those parameters.

The first part of this report consists of modelling glucose kinetics in humans. First the
mechanisms of glucose uptake by skeletal muscle and its possible impairments were
discussed in this section. Further a closer analyse was made of the mechanism of transport of
insulin from blood plasma through the endothelium to reach the interstitium list in appendix
D. Secondly, several minimal models modelling the rate of appearance of glucose from the
gut in the blood plasma are discussed. Thirdly, the new oral glucose minimal model is
presented with is modifications compared to the classical minimal model of [Bergman 1979].
Finally the new oral glucose minimal model is represented in state space and the plasma



glucose, interstitial glucose, interstitial insulin and the rate of appearance of glucose are
simulated using measured insulin profiles. A different approach could have been to use a
model to simulate insulin (insulin profiles) that is secreted by pancreatic B-cells via the liver
into the portal vein. A study discussing the model is list in appendix B.

The second part of this report consists of parameter estimation to identify the unknown
parameters in the glucose metabolism model as optimal as possible. First, the glucose
metabolism model is tested on a priori global identifiability and a posteriori identifiability.
Secondly, the sensitivity of a priori parameters in relation with the estimated parameters is
examined. Thirdly, the parameter estimation algorithm used is explained and also a
technique is presented to calculate a lower bound of the precision that can be achieved for
each parameter when estimating the parameters. Fourthly, an algorithm is designed to
optimize the glucose input doses and an algorithm is designed to find the optimal sampling
scheduling. Then the results are shown. Finally, a discussion is made and suggestions for
future research are given.

2 Minimal Models

S; can be estimated in experiments with the Clamp technique, with the intravenous glucose
tolerance test (IVGTT), with the meal oral glucose tolerance test (MGTT) or with the oral
glucose tolerance test (OGTT). The Clamp technique consists of intravenous injecting a
known insulin concentration together with an infusion of glucose to control the glucose
concentration in blood plasma to a fixed value. The ratio of injected insulin and infused
glucose provides a measure of insulin sensitivity. The IVGTT consists of injecting a known
glucose concentration into the blood plasma. The glucose and insulin concentration in blood
plasma are measured in time. The minimal model [R.N. Bergman 1979] is used to estimate
parameters from which S; is calculated. The CLAMP technique as well as the IVGTT use
non-normal life conditions. The MGTT and OGTT are tests using normal life conditions. The
MGTT uses an ingested meal containing glucose and the OGTT uses an ingested liquid
containing glucose. The glucose and insulin profiles in blood plasma are measured.Also less
surgical intervention is needed (only arterial and venous blood samples) than during a
CLAMP or IVGTT. The minimal model of Bergman needs to be adapted to incorporate the
rate of appearance of glucose from the gut in the blood plasma / systemic circulation of
nutrient taken by mouth (Ra(t)).

In the past two mathematical models without physiological meaning have successfully been
used to estimate Ra(t). The “integral equation” method is based on the assumption that
Ra(t) is an anticipated version of blood plasma glucose concentrations [A. Caumo 2000].The
method calculates the areas under the measured glucose and insulin blood plasma
concentrations. To propetly calculate the areas, the glucose and insulin concentration have to
return to basal levels. This may cause problems if the “integral equation” method is applied
to humans with either impaired glucose tolerance or impaired insulin secretion, in which the
return of glucose and insulin to the pretest levels requires a rather long time. Compared to
the Bergman minimal model for an IVGTT, only two additional parameters need to be
estimated. The “differential equation” method uses a piecewise-linear parametric model of
Ra(t) [Dalla Man s5-2002]. An advantage of this method is that glucose and insulin
concentrations do not have to return to basal value at the end of the test, hence, the
experiment is dramatically shortened. Four additional parameters have to be estimated.



Two mathematical models with physiological meaning have been used successfully to
estimate Ra(t). [D.R.L. Worthington 1997] shows a physiological model which was tested on
a type 1 diabetic humans. A one compartmental method was proposed, having the following
physiological parameters: fraction content of glucose in the food normalized to glucose
distribution volume, time constant of gastric emptying and the transport delay between
ingestion of glucose and appearance of glucose in blood plasma. Advantages of this method
are that only three additional parameters have to be estimated and the parameters are
physiological.

An interesting physiological model is studied by [J.D. Elashoff 1982]. This model is used in
this study. The model uses the exponential curve which follows a set of physiological and
mathematical characteristics. The most important mathematical characteristic is that at time
zero the fraction of glucose ingested (DS) [g] is 1.0 and at infinite time the ingested fraction is
o.0. Further, the power exponential curve (1) also allows to have a slow initial emptying
followed by an accelerated emptying (8>1). If <1 the opposite occurs. This phenomenon is
often seen in humans who have undergone an operation. If f=1 the exponential curve is
obtained. Physiologically, the model uses the inverse of the time constant of gastric emptying

(k) [1/min] and .

f@y=e*’ (1)

Data of olders studies obtained by measuring the contents of different ingested meals (e.g.
glucose contents) and taken samples of the contents of stomach and using by different
healthy humans as well as by healthy humans with operated stomach were fit to (1) using
nonlinear least squares regression. This model showed high goodness of fit with the
measured data.

Another study [J. Schirra 1996] performed an experiment with eight healthy non-obese males
using this power exponential curve (1). The experiment used 50 or 100 grams glucose
dissolved in 400 ml water and drank in 2 minutes showing k’s and f's with a very high
precision.

Natalucci coupled the mono compartmental model [S. Natalucci 2003] using the power
exponential curve (1) with the adapted minimal model [Bergman 1979] for an OGTT. Figure 1
shows this model were Ggut (t) [1/kg] is the mass of glucose in the gut and Kabs [1/min] is the
rate constant of glucose absorption from the gut into blood plasma. The model was tested on
nine non diabetic humans using a doses of 75 grams of glucose (DS) dissolved in water.
However, the parameters of the power exponential curve were not estimated, but the values
B=1.23 and k= 0.014 [1/min] were taken from [J. Schirra 1996]. The experiment showed S,
and Kabs with low variance.

DS — fi1) Kabs [, Ra(t)

Figure 1: Mono compartmental model of the gut



3 New Oral Glucose Minimal Model

Since the contribution of the different potential impairments in the glucose regulatory
system in type 2 diabetes, as stated in the introduction, is not clear yet, we propose to split up
S in the individual components S;-cap, S;glut-4 and S; -liver. Sy cap [1/( pM-min)] is the
efficacy of insulin to stimulate insulin and glucose transport from blood plasma into
interstitium by capillary recruitment. S; -glut-4 [1/(uM-min)] is the efficacy of insulin to
stimulate glucose clearance in muscle and adipose tissue by GLUT-4 translocation. S;liver
[1/( pM-min)] is the efficacy of insulin to inhibit hepatic production and stimulate glucose
uptake by liver. The aim of this study was to modify the method developed by Bergman [R.N.
Bergman 1979] to make this splitting possible.

[Zijlstra 2004] suggested a modification of the minimal model of Bergman. This
modification consists of adding a (measured) interstitial glucose compartment to the classic
minimal model, to model the control of glucose transport into the interstitium by insulin as
discussed in the introduction Adding this compartment could make the identification of the
rate constant of transport of plasma glucose into the interstitial compartment possible. This
extra compartment is not new, a remote (non-accessible, only exchange with the glucose
blood plasma compartment) glucose compartment was already used during an IVGTT in
[Cobelli 1999], during an OGTT [Dalla Man 10-2002] and references in there to avoid
overestimation of S¢ (the insulin independent glucose uptake) and underestimation of S,
seen in one Compartmental Minimal Models (ICMM) like the classic Bergman model. This
extra compartment was also used in [Caumo 1993] and references in there to derive a time
profile of endogenous hepatic glucose production during a labeled IVGTT. However, this
extra compartment was not measured in all earlier models.

Another difference in the new oral glucose minimal model with the classic minimal model of
Bergman is that inhibition of hepatic production and stimulation of glucose uptake by liver is
regulated by plasma insulin instead of interstitial insulin as access to hepatocytes is
immediate, due to a highly fenestrated endothelium [Bergman 2003)]. Also, plasma insulin
regulates the transport of insulin and glucose from plasma to interstitium as discussed in the
introduction.

In the classic minimal model of Bergman S¢ consists of the net rate of glucose produced by
the liver and insulin independent glucose uptake by tissues like the brain. Unfortunately,
those effects cannot be estimated independently. By using ingested labelled glucose, a
distinction is made between ingested (labelled) glucose and the net rate of (non-labelled)
glucose produced by the liver. By measuring the concentration of labelled glucose in blood
plasma S; -liver can be obtained as e.g. performed in [Dalla Man 10-2002].

The suggestions made by Zijlstra [Zijlstra 2004] together with the new suggestions made in
this section, the previously discussed physiologic description of glucose appearance from the
gut into blood plasma and with the saturable receptor-mediated insulin transport hypothesis
(appendix D) resulted in the new oral glucose minimal model 1 shown in figure 2.
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Figure 2: New oral glucose minimal model for glucose metabolism, derived from the classic minimal model of
Bergman including a interstitial glucose compartiment G’(t), inhibition of hepatic production and stimulation of
glucose uptake by liver regulated by plasma insulin I{t} instead of by interstitial insulin I’(t} and a physiologic
description of glucose appearance from the gut into blood plasma G(t) and using a saturable receptor-mediated
insulin transport from blood plasma to interstitium for insulin concentrations in physiological range

This new model consists of four compartments G(t) [mM], glucose plasma, G’(t) [mM],
interstitial Glucose, I(t) [pM] insulin plasma and I'(t) [pM] interstitial insulin. Rge [g/min] is
the rate of gastric emptying, DS [g] is the amount of glucose ingested, Ggut (t) [1/g] is the
mass of glucose in the gut and Kabs [1/min] is the rate constant of glucose absorption from
the gut into blood plasma.

Glucose G(t) is transported at a rate proportional to k7 [1/min] to the interstitium and cleared
to muscle and adipose tissue at a rate proportional to k1 [1/min]. Glucose plasma G(t) is also
cleared to tissue in a non-insulin dependent way at a rate proportional to p6 [1/min].

Insulin I(t) is transported at a rate proportional to k2 [1/min] to the interstitium. Insulin I(t)
controls the inhibition and stimulation of hepatic glucose uptake by liver (k6 [1/( pM-min)]).
Also, insulin controls the transport of plasma glucose (k8 [1/pM]) and plasma insulin (k9
[1/pM]) to the remote compartments. Interstitial insulin controls glucose uptake by muscles
(k4 [1/({ pM-min)]) and is degraded at a rate proportional to k3 [1/min].

Figure 3 shows the reparameterized model of figure 2 (model 1). In model 1, p2 equals k3
(1/min], S;-cap equals k2-k9 [1/(pM-min)], p4 equals k7-k8 [1/( pM-min)], p5 equals ks
[1/min], p6 equals S¢ [1/min], S;glutq equals kq-k1 [1/( pM-min)] and S;-liver equals k6 [1/(
pM - min)].
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Figure 3: Reparameterized new oral glucose minimal model (model 1) for glucose metabolism

The reparameterized new oral glucose minimal model 1 of figure 2 can be modified further
by including ingested labelled glucose GL(t) resulting in the new oral glucose minimal
model 2 as shown in figure 4 (index L denotes the labelled glucose version of a
compartment). Remark: Another method could be to enrich blood plasma with labelled
glucose by injecting intravenous labelled glucose resulting in the new oral glucose minimal
model 3. The new oral glucose minimal model 2 can easily be modified to describe this
experimental setup.

Ree(Ds) Geut) Kabs

Sg
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; 41t
Liver G WP Yo (t) Tissues

S;-glutd-I’(t)

S;-liver-I(t)

GL (1)
S -liver-I(t)

- EL(DS,t) Kabs @_"_’
v

Si-cap-I(t)

Figure 4: New reparameterized oral glucose minimal model (model 2) for glucose metabolism including labelled
ingested glucose
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The new oral glucose minimal model describes jointly the effects of Glut-4 translocation, the
recruitment of muscle capillaries, and impairment of the inhibition of hepatic glucose
production using existing minimal models in literature and modifying them using recent
insights in the mechanism by which insulin regulates glucose uptake by muscle cells or
adipose tissue. Knowing the joint interaction between these mechanisms is a great step
forward to understand and quantify different potential causes of insulin resistance in type 2
diabetes. Furthermore, analyzing and verifying the new oral glucose minimal model in all its
aspects (a priori and a posterior identifiability, a priori parameter sensitivity) and performing
optimal experiment design (optimal input and optimal sample schedule) is a great step
forward in modelling glucose kinetics since to the authors knowledge it has never been
applied all in one to a minimal model of glucose kinetics before.

Methods

4.1 Measurements Techniques

The data will be obtained in the near future at the School of Sport and Exercise Sciences at
the University of Birmingham. Sophisticated techniques are used to measure the
concentrations of plasma glucose and insulin and interstitial glucose during an OGTT.
Glucose and insulin in blood plasma are measured by taking samples by inserting an
intravenous cannula (BD Venflon™) into one of the antecubital veins. The subject’s arm is
placed in a so-called ‘hot box’ in which the high temperature will arterialise the venous blood.
The blood samples will be centrifuged at 3000g at 4°C for 10 min and stored at -70°C for
later analysis of glucose and insulin.

Plasma glucose concentrations will be determined by the Cobas Mira Plus automated
analyser (ABX Diagnostics, UK) with a coefficient of variation (CV) of 2% if
measured in 10-fold. Plasma Insulin concentrations will be determined by a commercially
available kit (DRG instruments GmbH, Germany) with a CV of 10%. Further, the interstitial
glucose concentrations are measured by the microdialysis technique using custom made
CMATr07 microdialyse probe with a length of 3 cm, a MW cut off of 20000 and a coefficient
of variation (CV) of 4%. Details of this technique are discussed in the next section.

4.1.1 Microdialysis

The microdialysis technique [Lonnroth 1987, Lénnroth 1997] consists of the diffusion of a
water-soluble substance over a dialysis membrane into a perfusion medium. It enables
measurement of the interstitial fluid. The inlet of the catheter is perfused by a pump with a
perfusion fluid (water containing isotonic saline) at a rate of 0.667 pl/min. Exchange occurs
between the perfusion fluid and the interstitial fluid. After equilibrium is reached,
subsequent dialyses samples (20 pl) are collected at the outlet of the catheter. The collected
sample is a mean measurement over the time needed to reach equilibrium. The samples are
analyzed for interstitial glucose. Due to the permeability of the dialysis membrane, maximal
85-90% of interstitial glucose is recovered in the dialysis. The microdialysis technique is not
suitable for interstitial insulin measurements since very low recovery (+/- 3%) is achieved yet
[Sjostrand 2005, Sjostrand 1999]. Another drawback of this method is that data samples
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suffer from slow dynamics: interstitial mean glucose concentrations are only available after
reaching equilibrium in about 30 minutes.

4.2.1 Model Structure in State Space

The oral glucose minimal model 1 can be represented in state space. The state space model
structure and its state space measurement model of a dynamic system is shown in equations
(2, 3) and (4), respectively, where x is the n-state vector, u the multi input vector, f are linear
or nonlinear functions which describe the structure of the system parameterized by vector 6,
g are nonlinear or linear functions which describe the output configuration parameterized by
vector 8, y, [t,] are the measurements of the vth output sampled at N, discrete times t;, yum (¢,
6:) is the modeled vth output at time t or sampled at N, discrete times ¢, e, is the
measurement error, assumed to be additive zero mean white noise with known

variance &, (t,) and M the number of measured outputs.

State equation:

x(t,8) = f(x(t,6,)u(),8,) x(t,,6,) = x, (2)

Output equation:
y,.6,)=g,(x(t6,).6,) (3)

Measurement model:
yv [tiv] = yvm[tiv’e] + ey[tiv] i= I! 2: 3; woy Nv; b= I, 2, 3, cesy M (4)

This framework includes non-equidistant time samples, that not all outputs (blood plasma
glucose and interstitial glucose) are sampled at the same time points and outputs measured
with different accuracy. It should be noted that for the glucose minimal model two different
types of input variables have to be discriminated. The orally ingested glucose can be
manipulated by the experimentator and, therefore, is an independent input, which, in system
theory, is commonly denoted by u(t). In our approach the measured insulin profile is also
applied as an input to the minimal model. However, since this input is a variable which
results from the response of the system to the independent input u(t), it is not independent.

The concept of ‘dependent inputs’ allows the opening of some of the feedback loops that
connect the system of interest to the rest of the closed loop real system [van Riel 2006]. The
model can focus on a smaller part of the system, as long as this subsystem is still integrated
in its real system through the measured input signal. If the system contains a subsystem
(state variables) which output can be measured, this subsystem (state variables) can be
substituted by using the measured signal as input to the system (dependent input v(t)) as
shown in (5). The number of states of the system is reduced. The drawback is a loss of
predictive power, because the ‘open-loop’ model can only be used to simulate situations for
which the dependent inputs have been measured in the real system. To solve the differential
equations for the used integration step, the measured dependent input signal v(t) is linearly
interpolated. If the dependent input(s) v(t) can be (accurately) measured in time, these signal
can be used as forcing functions for these input(s).

xX(t,8,) = f(x(1.6,);u(t),v(1),6,) x(t,,6,)=x, (5)
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4.2.2 Simulation

The differential equations have been solved in Matlab by the differential equation solver
Ode4s. The relative error tolerances (RelTol) of the solutions were set four orders lower than
the amplitudes of the outputs to 1-10™ and the absolute error tolerances (AbsTol) were set
two orders smaller than RelTol to 1-10°¢.

4-3 Identifiability

The parameters of the new oral glucose minimal model 1, 2 and 3 are tested on a priori global
identifiability and a posteriori identifiability to analyse which parameters can be estimated
using the measured techniques discussed in section 4.1. A parameter can be estimated if its
variance has an acceptable low value.

A priori global identifiability consists of analyzing the structure of the model to verify which
parameters can be estimated using the measured techniques discussed in section 4.1 and
using noise-free data without having any a priori information about the parameters. In
contrast to a priori global identifiability, a posteriori identifiability verifies which parameters
can be estimated by analysing the effects of the dimensions of the parameters, the effects of
different input profiles and the effects of different sample schedules.

4.3.1 A Priori Global Identifiability

A priori global identifiability under noise-free conditions has been examined by using an
algorithm based on differential algebra [Audoly 2001]. Briefly, the algorithm consists of first
deriving one equation which is algebraic observable, in other words may only contain the
model input and output variables and their derivatives and not contain any states or its
derivatives. The input-output differential equation representation of a dynamic model has
this property. Hence, the differential equation has to be derived from the state space
representation of the model. In [Audoly 2001] this is done by eliminating all states in each
equation of the state space representation by substituting state equations or their derivatives
in each other, the so called characteristic set of the model, resulting in one equation without
states, the so-called input-output relation of the model

The differential equation of the model is identical to the input-output relation of the model.
The differential equation is used to find the set of identifiable parameters by extracting the
coefficients of the differential equation of the model. These coefficents are subtracted by the
same coefficients which are substituted by a random numerical point in the parameter space
for the unknown parameters. An example is shown below:

Example A:

Differential equation:

cl-c2 x(t)+c3/¢2-x(1) =0 (a1)

Coefficients of the differential equation:

cl-c2,c3/c2 (a2)
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A random numerical point in the parameter space for the unknown parameters:

cl=12 (a3)
c2=4
c3=36

Coefficients of the differential equation subtracted by the same coefficients substituted by
random numerical point in the parameter space for the unknown parameter:

cl-c2-48=0 (a4)
c3/c2-9=0 (as)

The obtained set of coefficients (example 1: (a4, a5)) of the differential equation, which are
called exhaustive summary in [Audoly 2001], are solved by the Buchberger algorithm
[Buchberger 2001] obtaining the Gréobner basis as shown in (a6). If this basis has a finite
number of solutions, all parameter can be estimated properly. Else, non-identifiable
parameters have to be estimated jointly, to obtain a finite number of solutions of the Grébner
basis. In example 1 C1 and C2/C3 are identifiable.

9¢2~-c3
~9+c3/c2 (ab)
cl-48/c2

The algorithm described in [Audoly 2001] assumes generic initials conditions for the state
space model. Generic initials conditions are initial equations which are not restricted to a
particular value. If non-generic initials conditions are used, parameters could not be
observable in the differential equation leading to parameters which cannot be tested on
identifiability using this algoirtum. Hence, if non-generic initials conditions are used a
manual check needs to be done to verify if unknown parameters are not observable when
deriving the input-output relation of the model. If parameters vanish, the set of state
equations of the state space representation needs to be enlarged by adding the polynomials
evaluated at these initial conditions. In other words, the initial condition is filled in the state
space representation of the model and this polynomial is added as extra equation in the state
space representation of the model. The input-output relation must be recalculated.

[Saccomani 2002, Saccomani 2001] presented a modified algorithm based on [Audoly 2001]
for dealing with those non-generic initial conditions. The algorithm is based on the lack of
reachability / accessibility from the initial state. If the system is accessible from all initial
states, the characteristic set of the model is valid. Else the characteristic set needs to be
enlarged adding the polynomials evaluated at the initial conditions which lacks of
accessibility. The accessibility property of a model is checked by using the accessibility Lie
Algebra (6) where 0 /d x denotes the Jacobian matrix, A are the polynomials of the state
space model which are multiplied by the states x and B are the polynomials of the state space
model which are multiplied by the input u as defined in (7). A model is accessible from its
initial conditions if the so-called accessibility rank condition holds for each initial condition
[Sontag 1998]. The accessibility rank condition is satisfied when the linear span of all vectors
functions that can be obtained starting with the A ’s and taking any numbers of Lie brackets
of them as shown in (8) has the same dimension as the state space model.
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[A, B]=(iBjA—[ 9 A]B (6)

ox ox
;c =A-x+B-u )
[A,BL[A,[A,B]|[A[A][A,B]], [A[A,[A[AB]]...=[AB],[A*B] ,|A’B],[A*B].... 8)

4.3.2 A posteriori Identifiability

The model to model adjustment [Damen 2005] approach has been used to analyse the a
posteriori identifiability using different input profiles under noise and noise-free conditions
and under. The effect using when using different samples schedules can also be studied.
Model to model adjustment consists of analyzing the error cost function (9) for combinations
of parameters ¢ with different values in the parameter space where y,(t,) are the
measurements of the vth output sampled at N, discrete times &, yom(2,0;) are the modeled vth
output sampled at N, discrete times t;, using the parameters 6, z, is the vth output weighting
factor, 6, are the true parameters, N, the number of samples taken for each output v and M
the number of outputs.

~ N M -~
1(9)=Nizzzv(yvu,.,,,a)—ym(t,»v,e))z (9)

v =l v=I

The 2 dimensional contour plot, plots the cost function (the model error) for two parameters
for a range of values. Other parameters in the parameter space are kept fixed at the true
parameter 6, If the combination of parameter is identifiable, the contour plot shows
concentric ellipses centered at the supposed true values of the two parameters (global
minima). The more narrow and steeper the concentric ellipsis are, how more accurate the
estimation of both parameters will be.

4.3.3 A Priori Parameters Sensitivity

Parameters which are not identifiable by the used model setup in combination with the used
experimental setup have been set a priori. Unfortunately, parameters can vary among
population. The parameter sensitivity shows if a non-identifiable parameter can be set a
priori without losing significant precision of the parameters when the non-identifiable
parameter varies significantly among population. Therefore the parameters sensitivities have
been calculated by varying the a priori parameters one by one over a fixed range with respect
to the true known parameter, setting the value of the other a priori parameters fixed,
estimating the corresponding unknown identiafiable parameters and finally calculating the
corresponding parameter covariance matrix A(€) which will be explained in section 4.4. If
the identifiable parameters are unbiased, the determinants of the obtained covariance
matrices are an indication for the parameter sensitivity for variation of the a priori parameter.
Else, if estimates were not unbiased, the worstcase bias technique, as stated in the last
paragraph of section 4.4, has been used.
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4.4 Parameter Estimation

Several algorithms exist to estimate parameters of a model, such as: Weight Least Squares
estimation (WLS), Maximum Likelihood estimation (ML), Generalized Least Squares
estimation and Bayesian estimation (MAP). In this study Maximum Likelihood estimation
has been used since the noise introduced by the measurements techniques used (section 4.1)

. . . . 2
can be assumed to be white, Gaussian, zero mean and with variance o,".

The ML criterion assumes that the measured vth output y, sampled at N, discrete times ¢;,
consists of the modelled vth output y,.. depending on true parameters 6, and noise ¢ as shown
in (10). which is different from (4) since the parameter vector has been split in a priori
unidentifiable parameters which were kept fixed 8, and the identifiable parameters which
have been estimated 4,,,.

vl =y,,16,,05,0.,1+elt,1 i=1,2,3, ., N, v=1,23..,M (10)

The probability density function of Gaussian noise is shown in (10).

_e @’

2
e (11)

1
p.(e, ()= Tono

Combining equations (10) and (11) and assuming that the consecutive noise samples are
independent, results in the likelihood function for the residue of the vth output with variance

0",2 (12).

f‘, (0 )= Ym0 8 B P

2

NV —
L(yv |0”’)= (ﬁ.} e = 20, (12)

. . . . . . 2 .
The noise is assumed to be white, Gaussian, zero mean and with variance o,". This

assumption has been checked, as will be discussed in this section, after having estimated the
parameters.

The likelihood function for the residues of all outputs M is shown in (13).

M YN om A )= Yo t,'yaex’eesl i
worli] gsesnnnr

v='l \Y 27[0-‘, i=1 v=l 20-

14

Taking the log of (13) results in the cost function for the ML (14) [Damen 2005 p. 47-62].

& )= ) 2
J(ee:r) = Zi (yV(tw) yv’" (t"’ ’gﬁt’aesr))

2
i=l v=I 20 Y

(14)
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The model parameters 8, are estimated by minimizing (14) as shown in (18).

08." = arg min J(HESI ) (IS)

6,

est

Function minimization of (15) has been accomplished in Matlab using the non linear least
square estimation algorithm Isqnonlin which uses the Medium-Scale Gauss-Newton
Algorithm with Line search cubicpoly. The minimization of (15) stopped when the variation
in cost function, between two subsequent iterations was less than TolFun or the absolute
parameters value changed less than TolX. TolFun was set much lower than the amplitudes of
the weighted outputs z,y, to 1-10* and TolX, a factor 1000 lower than the lowest true value of
the estimated parameter set to 1-10"°. The minimization algorithm also stops after a number
of iterations is reached. The maximal number of iterations was set to 80o0.

After having estimated the parameters, the residues of the criterium J,(6.,;) must be analyzed
to ensure that the assumption made earlier that the noise is Gaussian, zero mean with

variance ©,” is true. For white noise it holds that consecutive noise samples are
independent. Its mean is zero and its autocorrelation function @, (¢,,,) (16) takes the form
of a pulse at zero time shift and is zero elsewhere (Dirac pulse).

1 N,
¢v (tshifr ) = 7 Z ‘]v (tiv 4 ge:r ) ) Jv (tiv + t:hifl 4 gest ) (16)

v i=]

The lower bound of the parameter covariance matrix A(f.) of the estimated model
parameters 6., is obtained (using the Cramer-Rao theorem) from the inverse of the Fisher
information matrix F(6,,) [Walter 1997 p. 245-250] as shown in (17). If MLE qualifies as an
unbiased and minimum variance estimator, the lower bound in (17) becomes an equality.

An estimator is unbiased if (18) holds where E denotes the expectation. In addition, if the
variance 0",2 is set to the inverse of de data covariance of the disturbance and N,>>ng (number

of parameters) holds, MLE qualifies as an asymptotically unbiased and minimum variance
estimator [Damen 2005], respectively.

~1

2
-1 M 0 (_ In (L(yvm I gﬁ.x 20,5 )))
Lim 8es) = F " (Bgy) = 3 E T
N—yoo v=l| Yvmlest 0051965
. 1)
) 2
. 1}2'_{ L%v 1 ayvm (tiv’gﬁx’ge:r) ayvm(’iv’gﬁx'gest)
I N, g 2 36,5, 261
E(8,, -6,)=0 for No>>ny (18)
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with E the expected value and n, the number of estimated parameters. The variance o *in

v

(17) has been determined a posteriori. After having estimated the parameters, information is

available concerning the variance O'VZ. It is set to the squared 2-norm of the residues of
J(B,5) (14)-

If the parameters are biased (E(6,, —6,)# 0) the parameter covariance matrix cannot be

est

calculated using (17). In this case, the relative worst case bias is used to provide a measure of
the (injaccuracy of the parameter estimations. The relative worst case bias as shown in (19)
has been calculated for each identifiable parameter 6, in the parameter space by varying the
initial values of each identifiable parameter one 8, by one between -50 to +50% of 6, in steps
of 10%, setting all other identifiable parameter fixed and estimating its value using the
maximum likelihood estimation technique and adding for each estimation procedure g a
different sequence of noise to the synthetic data with a 1/SNR of 0%, 5% or 10%. The relative
worst case bias is then the maximal difference found, among all Q estimation procedures,
between estimate &, and true value g, as shown in (20).

Bias, (%)

est,q

0, _Hr
el "

Bias,, (%), = Max(Bias,, (%),,,, ) (20)

est

4.5 Optimal Experiment Design

Designing an optimal experiment for parameter identification consists primary of selecting
the inputs and outputs to make all parameters of interest in the model identifiable (section
4.3). Secondary, it consist of choosing a suitable parameter estimation algorithm, optimizing
the shape of the input signal, choosing the optimal sampling schedule, choosing the type of
sensors etc. to get the maximal information from the obtained data.

Since the choices of inputs and outputs were restricted due to physical accessibility, optimal
experiment design has been focused on optimizing the glucose input doses and choosing the
optimal sampling schedule discussed in section 4.5.1 and 4.5.2 respectively.

4.5.1 Optimal Input Shaping

An optimal input can be determined by the D-optimality criterion [Walter 1997 p. 287-291] as
applied in [Cobelli 1988] if the identifiable parameters are unbiased. D-optimality criterion
consists of minimizing the determinant of the parameter covariance matrix, which is
equivalent to maximizing the determinant of the Fisher information matrix (17) (unbiased
and minimum variance estimator) for the input signal u(t) using a conventional sample
schedule that is intuitively used by experts. The optimal input criterion for each vth output is
shown in (21).
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MIN{det[A( 6., .u(O]}

2
_MAX{det[F( 8..,.u())l}= MAx{de{—i E {3 n{L{y,, 16 6> emu(t)))}]} (21)

06,,96.

Yeml@
v=l est est

u(t)
{[ R I R ). SO R IR O)) D

= M{K)X de

N 2‘20 2 28, 0"

est

If the identifiable parameters are biased, (17) cannot be used to estimate the variance of the
parameters. In this case, the relative worst case bias technique has been used as measure of
parameter accuracy, as discussed in the last paragraph of section 4.4.

4.5.2 Optimal Sample Schedule

The parameter covariance matrix A(8,,) also depends on the used sample schedule
according to the inverse of the Fisher information matrix (17).

The optimal sample schedule for each output is determined by maximizing the determinant
of the Fisher matrix (r7) (D-optimality) (unbiased and minimum variance estimator) for each

sample taken (¢, ) if the identifiable parameters are unbiased. The optimal sample schedule
criterion for each vth output is shown in (22).

MIN{det[A(a 1.1}

21 ,6,.,,t
_MAX{det[F(g“, )]}=MAX{de‘[“i 'ﬁ {a n( (;’;. |aang est ))}]} (22)

v=l est

M 1 s ] (ym( e ? u’eesl’tf )) (ym( x’ n’gest’tiv))2
=~ MAX de{z [nga fae O o7

v=l est est

If the parameters are biased the Fisher information matrix cannot be used. In this case the
relative worst case bias, as stated in the last paragraph of section 4.4, has been used to
provide the variance of the parameter estimations.

Several algorithms are based on starting with a conventional sample schedule (the sample
schedule which is used normally) where each individual sample is optimized by comparing it
with its neighbouring samples in the conventional sample schedule. If by taking a
neighbouring sample, the determinant of the Fisher matrix is increased, this new sample is
exchanged with the old one [Mori 1979), [Landaw 1982], [Xianjin 2000].
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The algorithm developed in this study starts at the first sample of the conventional sample
schedule searching for the first sample within a fixed horizon of samples that increases the
precision. This sample is exchanged with the old one. This process is repeated until the
maximal duration of the experiment is achieved. If after finishing, the optimal sample
schedule contains too many samples than ethical/financial possible, the fixed horizon of
samples is increased. Changing the horizon of samples is stopped when the optimal sample
schedule contains the desired number of samples.

The search horizon was taken arbitrary to reduce the number of samples taken: twice the
time needed to measure interstitial glucose. The optimal samples have been selected in the
range (domain) of the conventional samples

The outputs do not have to be sampled at the same time points. The samples are separated
by at least the time needed to take a measurement of the output. Measurement of G(t) takes
much less than one minute and measurement of G’(t) takes thirty minutes.

Results

5.1.1 Model Structure in State Space

The new oral glucose minimal model 1, valid for insulin concentrations in a physioligal range
(up to 600 pM), is a multi input multi output (MIMO) nonlinear dynamic system consisting
of a four state-vector (26-29) having one independent input, one dependent input and two
outputs. The independent input is DS [g], the dependent input I(t) [pM] and the outputs (30-

31) are G (t,0,) [mM] and G'(t,8,) [mM] a mean over each 30 minutes as stated in section

4.1.2. The dependent input could become an independent input if simulated using the p-cell
insulin secretion models which are list in Appendix B. The outputs are sampled at discrete

time t; with Ng, N¢-samples, respectively, as shown in (32, 33) were G, [¢,,8,,,6,,] is the

est

modelled quantized glucose ouput and G',[t,,8,

Tx°

6,1 is the modelled quantized mean
interstial glucose output over each 30 minutes. Due to measurement restrictions, the
minimum time intervals of samples of G(t,0,) and G'(t,6,) were taken as 1 minute and 30
minutes, respectively. e, is the measurement error, assumed to be additive zero mean white

noise with known variance 0",2 for output v. The remaining parameters are G, [mM] which is
the basal glucoce concentration, I, [pM] the basal insulin concentration, &,”the variance of

. 2 . .
the measurement noise and o, the variance of the measurement noise.

Gy =[S, + pAl-[60) =G, ) [1) =1, 1+ p5+S, -G() w (26)
G(0)=G,

I(t)=—-p2-I'(t) + S U =1, T I'(0)=0 (27)
G(r) = =S gus  T'D)-G' W)+ pa-[G()-G, ] [1)-1,] G0)=G, (28
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Go(t)=DS k- B-*"" ~Kabs- G, ® G,..(0)=0  (29)

»w(t,P)=G,6) (30)
»,(t,P)=G'(t,6) (31)
wlt1=G,[t,,6,..6,,1+e,t] i=1,2,3, ..., Ng. (32)
Y[t;1=G'[t,,6,.6,1+e,lt,] j=1,2,3, ..., No, (33)

5.1.2 Simulation

Synthetic datasets are produced by simulating the model states space representation in
Matlab using parameters found in literature for healthy non-obese humans and measured
insulin input profile from [Wagenmakers 2006]. Sixth datasets were produced. Details of the
datasets and plots used are shown in appendix C. Plots of the simulated glucose and insulin
plasma and interstitial glucose data are also found in appendix C.

The parameters k, Kabs, 8, and DS related by the gut were estimated in [Natalucci 2003} and
[Schirra 1996] as stated in section 3, the parameters p5 and S,-liver related by the liver were
estimated by the two compartment minimal model (using a non-accessible interstitial
glucose compartment, but having similar behaviour as a accessible interstitial glucose
compartment) [Dalla Man 10-2002] and [Caumo 1993], the parameters p2, p6 and V were
estimated by the (improved) hot IVGTT two compartment minimal model [Toffolo 2003}, the
parameter k7 was estimated by [Regittnig 2003] using high frequently sampled ISF (open-
flow microperfusion) which uses a mathematical model [Steil 1996] to describe
transendothelial transport of glucose form blood plasma to remote interstitium and finally k2
was estimated by experimental data of [Sjostrand 2005] using low frequently sampled ISF
(mircrodialysis) and a mathematical model [Steil 1996] to describe transendothelial transport
of insulin form blood plasma to remote interstitium. Mean values and variances are shown in
table 1. No a priori information of the parameters k8, kg and S;-glut4 were found in literature.
Parameters k8 and kg have been, to the authors knowledge, never been estimated. Since the
product of ky7/k2, k8/kg and I{t) must be in the range of the transport from blood plasma to
interstitium ky/k8, these parameters were first settled roughly, proportional to the inverse of
the concentration of insulin to maintain the same range of transport. Secondly, parameters
k8 and kg were adjusted by trial and error producing a possible dataset of glucose kinetis. S-
glut4 was totally unknown and was set by the trial and error method just discussed.

Kabs Beta k v kg p2 Srcap
2.89 107 1.23 0.014 1386 | +2.0-10°- 0.113 ko k
£0.92 -107 £0.09 to0.001 | £37-10°" | (1/0.21P} " £0.023 J
Sc k2 k8 Si-glut4 ky S-liver P4
0.018 0.0395 al 2 | (0.063x7:10%) 157107
t 0.006 t o008 *3o0I0 10107 | D0 o) | 410810 ! k7*k8

Table 1: Overview of the parameter value used in the new oral glucose minimal model 1 to simulate the sixth
datasets (appendix C)

! Conversion factor between [ml/min 1/pU] to [1/min 1/pM]: 1/7.0625, * Conversion factor between [dl/mg] to {1/min 1/mM]:
180.16 1/mM,  Ratio between distribution volume of blood plasma and interstitial fluid.
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5.2 Identifiability

In the new oral glucose minimal model 1 two outputs are measured namely, measurement of
plasma glucose G (t) and interstitial glucose G'(t). A restriction exits for measurements of
interstitial glucose G'(t), as only a mean measurement is available over each 30 minutes

(G'( t)) as stated in section 4.1.2. This restriction is taken into consideration by calculating the

mean of G (t)' over 30 minutes using the parameters 6, in the oral minimal glucose model.
The mean is calculated by summing up the values of G, '(z) with intervals set to one-fifth of

the smallest experimental time constant used in the model and dividing it by the number of
intervals.

5.2.1 A Priori Global Identifiability

A priori global identifiability is done for the new oral glucose minimal models 1, 2 and 3.
First the manual check is performed to verify if unknown parameters are not observable
when dealing with non-generic initial conditions. Fortunately all parameters are observable.
Table 2 shows the identifiable parameters.

Identifiable parameter sets

model 1 Ib, Gb, kabs, v, p4, and Sicap or Siglut4

model 2 Ib, Gb, kabs, v, p4, SiLiver or ps and Sicap or Siglut4

model 3 | Ib, Gb, kabs, v, p4, SiLiver or ps, Beta or k and Sicap or Siglut4

Table 2: Overview of the a priori global identifiability parameters for models 1, 2 and 3

A remark can be made about the identifiability of S;-cap. S, -cap can be identified separately if
the interstitial insulin G’(t) profile is measured and pz is known a priori. Unfortunately,
measurements of interstitial insulin G’(t) are not available. However, the interstitial insulin
profile can be estimated after estimating S;glut4. In this case the variance of S, -cap. depends
on a summation of two parts. One part is its own variance when estimating it from the
measured plasma insulin profile and estimated interstitial insulin. The other part is non
linear and depends on the variance of S;gluty.

5.2.2 A Posteriori Identifiability

The cost function of the new oral glucose minimal model 1 is evaluated for the plasma
glucose output signal and the interstitial glucose output signal. The cost function is shown

in (34).

1©)=-L3(60,)-G, .0 +— 3 Ga)-GC, @ ) 64
NG i=1 NG i=l

For each combination of the two dimensions in the parameter space, the contour plot of the
error function is plot for model 1 (DS=75 gram), 2 (DS=72 gram, labelled ingested glucose 3
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gram) and 3 (DS=75 gram, enrichment labelled glucose 3%) with variations of the parameter
6, of +/- 50 % using steps of 5%. The contour lines for J(8)<=10 are plot at o.o1 distance from
each other. For J(#)>10<= 200, the contour lines are plot at 5.00 distance from each other.
The contour plots also include estimation results indicated by red circles. (The true value is
indicated with a red plus-sign.) The a posteriori identifiability is examined for the first and
the second data set described in section 5.1.2 / appendix C with added white noise having a
1/SNR of 0 % and 5%. Plots, not all, are shown in Appendix D.

Appendix D shows for model 1 using dataset 1, that the contourplots for all possible
combinations of parameters kabs, p4, S;glut4 and Gb are narrow and steep centered at the
supposed true values of the two parameters (global minima). In contrast, parameter Ib shows
for the same combinations of parameters in almost all case heavily stretched ellipses
indicating poor-identiafiable parameters. Parameter v shows stretched ellipses for the same
combinations with kabs and Siglut4. S;liver and all other parameters not included in
appendix D.1 or D.2 show heavily stretched ellipses for combinations with kabs, p4, and S;-
glut4. The same holds when a different insulin profile (dataset 2) is used.

Model 2 is examined by the model 2 model adjustment to know whether ingesting labelled
glucose using the same experimental setup improves identifiability of S;-liver. However, S-
liver show heavily stretched ellipses for combinations with kabs, p4, S;glut4 and Gb. Although
model 3 shows less stretched ellipses than model 2 for combinations with kabs, p4, S;-glut4
and Gb, S;-liver remains a poor-identiafiable parameter.

Although a priori global identifiability shows identifiability of beta and k in all possible
combinations with kabs, p4, S;-glut4 and Gb in model 3, stretched ellipses are shown for all
possible combination in appendix D.3.

In all cases that no noise is added, parameters are estimated exactly (unbiased parameters).
By adding a 1/SNR of 5% white noise to the ouitput signal, bias was introduced in the
estimation of parameters. However, parameter estimations are all close to the exact value (not
shown in appendix D).

5-2.3 A Priori Parameters Sensitivity

The a priori parameters sensitivity is calculated using the first and the second data set
described in section 5.1.2/ appendix C with added white noise having a 1/SNR of 0%, 5% and
10%, respectively. The a priori parameters are varied one by one by + 5, 10, 20 and 30 %. The
initial values of the identifiable parameters used in the estimation algorithm are set to those
which showed largest bias in the relative worst case bias test in the case of a 1/SNR of 0%
white noise (section 5.3). The results shown in appendix E, shows the best possible variance
for each identifiable parameter when the a priori parameters varies form the true value used.

Appendix E shows that for all estimated parameters, Ib, Gb, beta and k are highly sensitivity
to variations of the true value among population. Parameter pz only shows highly sensitivity
for parameter S;glut4. The remaining parameters p5, Sc and S;liver are insensible. An
exception occurs for S;-liver which shows a quite high sensitivity when white noise is added
with a 1/SNR.of 10%.
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5.3 Parameter Estimation

The cost function for ML is shown in (35) where 0;°, 0,  are the variance of measurement
errors in plasma glucose G(z) and interstitial glucose G'(1) .

> (G =6 t,,6,,0.,)F Y (G -G, 0.0,.6.))

J(B,i) = 4
20, 20, 63)

A priori information is available about the quality of the measurements of glucose and
insulin plasma and interstitial glucose specified by the manufacturer of the measurement
equipment or the lab where the samples are analyzed as stated in section 4.1.

The relative worst case bias is first calculated using the first and the second data set described
in section 5.1.2 / appendix C with added white noise having a 1/SNR of 0%, (2.5%), 5% and
10%, respectively. The initial values of the identifiable parameters used in the estimation
algorithm are varied between +/- 50 % using steps of 10%. The results shown in table 3,
shows the relative worst case bias for each identifiable parameter.

I/SNR Insulin profile 1 Insulin profile 2
(%) kabs v P4 SiGlut4 kabs v P4 SiGlut4
) 3.31 3.76 2.51 2.49 2.29 3.30 2.53 2.63
5 .18 2.64 2.46 3.66 0.412 5.95 5.28 6.53
10 2.40 6.26 6.19 4.43 0.34 13.0 10.5 12.4
1/SNR | Insulin profile 1 | Insulin profile 2
(%) SiCap SiCap
o 3.00-107 0.201
25 0.351 1.21
5 5-09 4.99
10 3L5 39.5

Table 3: Overview of the worst case bias of all identifiable parameters using synthetic data for two different insulin
profiles (data sets 1 and 2, respectively, appendix b) with added white noise having a 1/SNR of o, (2.5), 5 and 10%

Table 3 shows that all estimated parameters suffer from bias in all cases. All estimated
parameters shows a low variance in all cases. (The initial values of the identifiable parameters
in the case of a 1/SNR of 0% white noise which showed largest relative worst case bias are for
the first dataset 1.4-kabs, 1.4-v, 1.4-p S;cap, 1.5- S;-glut4 and 1.3- S;-cap, for the second dataset
0.5-kabs, 0.5-v, 0.5-p4, 0.5- S-glut4 and 0.6- S;-cap.)

Secondly, the relative worst case bias is calculated using the third, fourth, fifth and sixth data
set described in section 5.1.2/ appendix C with added white noise having a 1/SNR of 0%, 5%
and 10%, respectively. The results are shown for datasets third and fourth in table 3 and for
datasets fifth and sixth in table 4.
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1/SNR Insulin profile 1 Insulin profile 2
(%) kabs v P4 SiGluty kabs \'/ P4 SiGluty
o 18.2 7.1 16.6 4.89 16.5 20.0 19.7 12.8
5 17.4 28.1 16.6 24.2 247 23.1 25.4 5.20
10 20.6 38.8 36.4 48.9 60.1 18.4 23.8 10.5
1/SNR Insulin profile 1 Insulin profile 2
(%) kabs v P4 SiGluty kabs \ P4 SiGluty
o 283 27.5 29.9 13.0 8.52 8.09 30.8 4.68
5 1.18 9.41 69.2 18.0 10.9 9.39 49.9 20.8
10 20.3 9.69 52.2 35.5 IL.I 112 52.4 20.9

Table 4: Overview of the worst case bias of all identifiable parameters using synthetic data for two different insulin
profiles and two different sample schedules (data sets 3, 4, 5 and 6, respectively, appendix b) with added white
noise having a 1/SNR of o, 5 and 10%

Table 4 shows for all estimated parameters a higher variance for each estimated parameter
than by using the first and second dataset, but still acceptable. However, table 4 shows a
lower variance for all estimated parameters in the case of a 1/SNR of 0% and §% than by
using the third and fourth dataset but still higher than by using the first and second dataset.

5.4 Optimal Experiment Design
5-4.1 Optimal Input Shaping

The optimal dosis was calculated by varying the input dose DS in the range of 1 gram to 100
gram in steps of 1 gram using the first and the second data set described in 5.1.2/ appendix C
with added white noise having a 1/SNR of 0%, 5% and 10%, respectively. The initial values of
the identifiable parameters used in the estimation algorithm were set to those which showed
largest bias in the worst biased test in the case of a 1/SNR of 0% white noise (section 5.3).

If the relative worst bias of each estimated parameter was lower than 10% and did not
increase for an increase in glucose dosis, this minimum glucose input was said to be optimal.
The results are shown in table .

1/SNR Insulin profile 1 Insulin profile 2
(%) Amount of glucose [g] Amount of glucose [g]
o 1 T
5 33 33
10 59 78

Table 5: Optimal dosis using synthetic data for two different insulin profiles (data sets 1, 2, respectively, appendix
B) with added white noise having a 1/SNR of o, 5 and 10%
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6 Discussion and Suggestion

The goal of this study was to investigate and validate a new oral glucose minimal model
describing jointly the effects of Glut-4 translocation, the recruitment of muscle capillaries
and the effects of impairments of the inhibition of hepatic glucose production using existing
minimal models in literature and modifying them using recent insights in the mechanism by
which insulin regulates glucose uptake by muscle cells or adipose tissues. The new oral
glucose minimal model was to be identified in all its aspects (a priori and a posteriori
identifiability, a priori parameter sensitivity and to perform optimal experiment design).

Three oral glucose minimal models have been developed. The first model was developed to
estimate the rate constant of glucose absorption from the gut into blood plasma (kabs), to
estimate the efficacy of insulin to stimulate its own transport from blood plasma into
interstitium by capillary recruitment (S;-cap), to estimate the efficacy of insulin to stimulate
glucose transport from blood plasma into interstitium (p4), to estimate the efficacy of
interstitial insulin to stimulate glucose clearance into muscle by Glut-4 translocation (S;-
glut4) and finally, to estimate the plasma glucose distribution volume per unit of body weight
(v). The second model was developed to estimate the previous parameters, but also to
estimate the efficacy of insulin to inhibit hepatic production and stimulate glucose uptake by
liver (S;-liver) by including ingested labelled glucose. The third model was an alternative for
the second model since model 3 enriches blood plasma with labelled glucose through
injecting labelled glucose instead of ingesting labelled glucose.

After developing the three oral glucose minimal models, a priori global identifiability analysis
proved that with the models structure used, these estimations were possible. However, more
information was acquired when choosing model 3, since model 3 could also estimate beta, the
variable of the power exponential curve denoting the velocity of emptying of the gut. This was
obvious since extra data was available to estimate v by the infusion of labelled glucose.

A posteriori identifiability analysis showed, for all possible combinations of parameters kabs,
P4, Siglut4 and Gb, contour plots with narrow ellips that were steep centered at the supposed
true values of the parameters (global minima) using two different insulin profiles. Since Gb
could be measured, this parameter was set a priori in order to not influence negatively the
parameter estimation of the other unknown parameters. Parameter v showed stretched
ellipses when estimated together with parameters kabs or S;-glut4 indicating low accuracy and
less reliability as was seen when the relative worst bias was calculated. A problem occurs if
parameter S;-liver was estimated since all three models showed heavily stretched ellipses for
combinations of kabs, p4, and S;glut4. Heavily stretched ellipses indicate non-identifiable
parameters. Parameter S;-liver was non-identifiable because p4>> S;-liver in (26).

Further, the a priori parameters sensitivity was calculated using two different insulin profiles.
All estimated parameters, Ib, Gb, beta and k showed highly sensitivity to variations of the true
value among population. Since Ib and Gb could be measured, this was not a problem. On the
other hand, high a priori parameter sensitivity of parameters beta and k was a real problem. A
priori global identifiability showed identifiability of either beta or k, however, analyzing the a
posteriori identifiability rejected this possibility. Good estimates of kabs and k are available in
literature [Schirra 1996], however, study [J.D. Elashoff 1982] shows that humans who have
undergone an operation in the stomach can be modelled by changing parameter beta. Hence,
variations of beta among populations exist. Beta or k could be estimated by measuring the
content of glucose in the gut or by using high(er) concentrations of labelled glucose.
Parameter p2 showed only highly sensitivity for parameter S,glut4. Estimates of p2 are
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available in literature e.g. [Toffolo 2003]. The bias of S;glut4 could be lowered by using the
open-flow microperfusion technique [Bodenlenz 2005] instead of the microdialysis technique

for measurements of interstitial glucose G, (1)'. The open-flow microperfusion technique

makes faster sampling of interstitial glucose G, (¢) possible than the microdialysis

technique. The remaining parameters ps, S; and S;-liver were insensible for variation of the a
priori identifiable parameters. An exception occured for Sliver that showed a quite high
sensitivity when noise was added with a 1/SNR of 10% to the ouput signals. However, a
maximal 1/SNR of 5 % was present in the measured outputs using the microdialysis
technique.

A remark could be made about the identifiability of S; -cap. S; -cap could be identified
separately if the interstitial insulin G’(t) profile was measured and p2 was known a priori.
Unfortunately, measurements of interstitial insulin G’(t) were not available. However, the
interstitial insulin profile could be estimated after estimating S;glut4. In this case the
variance of S;-cap depends on a summation of two parts. One part is its own variance after
estimating it from both the measured plasma insulin profile and the estimated interstitial
insulin. The other part is non- linear and depends on the variance of S;-glut4.

The studied identifiability agreed with the found relative worst case bias. A relative worst case
bias of maximal 6.5 % was achieved for all estimated parameters using a 1/SNR of 5% added
white noise. If a 1/SNR of 10% white noise was added, a maximal relative worst case bias of
13% was achieved. If no noise was added, a maximal relative worst case bias of 3.76% was
achieved indicating bad working of the minimalization algoritm used to minimize (15).
Important to note is that measurements of interstitial glucose G’(t) had been undermodelled.

The interstitial glucose G’(t) samples were modelled by calculating the mean of G, (t)' over
30 minutes by summing up the values of G, '(t) with intervals set to one-fifth of the smallest
experimental time constant used in the model and dividing it by the number of intervals. In

fact, subsequent samples of interstitial glucose G, (t)' are influenced by each other since the

samples are collected at the outlet of the catheter without stopping the inlet of new interstitial
glucose, causing mixing of subsequent interstitial glucose samples. This effect was not taken
into account since the behaviour of mixing is still unknown.

The optimal dosis was calculated by varying the input doses DS in the range of 1 gram to 100
gram in steps of 1 gram using two different insulin profiles and using sequences of added
white noise with a 1/SNR of 0%, §% and 10%. A complication occured when DS was varied.
If DS vary, this also implies a different insulin profile. However, the same insulin profile was
used during all variations of DS since an insulin profile of glucose ingestion other than 75 or
100 gram was not available. It is not common to have such an OGTT. This complication set
doubts to the obtained results. This minimum glucose input was said to be optimal if the
relative worst bias of each estimated parameter was lower than 10% and did not increase for
an increase in glucose doses. For each 1/SNR a different optimum glucose input was
obtained. For a 1/SNR of 0% of added white noise, all glucose doses were optimal. For a
1/SNR of 5% of added white noise an optimal glucose doses of 33 gram was obtained and for
a 1/SNR of 10% of added white noise, 78 gram was obtained. It could be concluded that the
doses of glucose should be as high as possible.

Due to limited time issues, the optimal sample schedule algorithm was not applied. Instead
of this, a different test was applied: The relative worst case bias was calculated for two extra
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different sample schedules (appendix C). The first extra sample schedule (the conventional
sample schedule) is used as standard in many studies [Sjostrand 2005], [Wagenmakers
2000). For the second extra sample schedule, a new sample schedule was developed which
takes samples of glucose and insulin plasma during events when most changes take places in
the insulin profile. This is often, during the first 6o minutes after glucose ingestion. This
second extra sample schedule showed a lower variance for all estimated parameters in the
case of a 1/SNR of 0% and 5% of added white noise than using the first extra sample
schedule. This is obvious, because the second extra sample schedule has samples of glucose
and insulin plasma during events when the most changes takes places in the insulin profile.
Hence, it is very interested to find the optimal sample schedule to obtain the lowest possible
relative worst bias for the estimated parameters. In both cases, the relative worst case bias
was higher than the best relative worst case bias calculated in section §.3 because fewer
samples are taken in both extra sample schedules. It could be discussed if an optimal
samples schedule could be found, since great variety exits among measured glucose profiles.

A remark could be made about the optimal sample schedule algorithm developed here to
calculate the optimal sample schedule. The optimal sample schedule could use the Fisher
information matrix as indication how optimal a samples schedule is. At the start of the
algorithm a sample schedule with many samples is available which showed, as in section §.3,
low relative worst case bias. However, as the algorithm progress, the current optimum sample
schedule has fewer samples than the initial sample schedule, introducing more bias in the
estimation of parameters. Hence, the conditions of Fisher information matrix are not
satisfied, and the relative worst case bias technique must be used instead. A drawback of the
relative worst case bias technique is the processing time which is extremely large. But if the
search of the optimum sample schedule progress well, the sample schedule should always
show low bias and the Fisher information matrix could be used. A dilemma that must be
investigated, before using the optimal sample schedule algorithm.

A different remark can be made about the choice of first calculating the optimal input doses
before searching for the optimal sample schedule or quite the reverse. Since the optimal
samples is selected in the range (domain) of the conventional samples, it is obvious to
calculate first the optimal input doses for the conventional samples and then to reduce this
set of samples obtaining the optimal sample schedule.

7 Conclusion

The goal of this study was to investigate possible impairments of insulin resistance in type 2
diabetes. Model 1 could be used to investigate whether there are impairments in Glut-4
translocation and impairments in the recruitment of muscle capillaries during physiological
insulin concentrations that. The model did not take into account insulin production by the
pancreas, instead of this the insulin concentration profile in blood plasma wasmeasured
which insulin was produced by the pancreas. Model 1 could not discriminate impairment of
hepatic glucose production.

The following parameters can be estimated using model 2 and measuring glucose blood
plasma, insulin blood plasma, basal glucose level, basal insulin level and interstitial glucose
using the microdialysis technique: The rate constant of glucose appearance from the gut into
blood plasma, the efficacy of insulin to stimulate its own transport from blood plasma into
interstitium by capillary recruitment, the efficacy of insulin to stimulate glucose transport
from blood plasma into interstitium, the efficacy of interstitial insulin to stimulate glucose
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clearance into muscle by Glut-4 translocation and the plasma glucose distribution volume
per unit of body weight. This was the first time that these parameters were estimated jointly
to understand and quantify different potential causes (mechanism of Glut-4 translocation
and recruitment of muscle capillaries) of insulin resistance in type 2 diabetes during an
OGTT using a physiological model of glucose appearance in blood plasma. This model
refines earlier developed models.

Using a minimum glucose doses of 78 gram during an OGTT and having a 1/SNR of 10%,
parameters were estimated with a maximum variance of +13% if each minute a sample of
insulin and glucose blood plasma and each 30 minutes a sample of interstitial glucose were
taken during the first 240 minutes after glucose ingestion. If the 1/SNR is 5%, parameters
were estimated with a maximum variance of + 6.5%. An exception holds for the parameter
which denotes the efficacy of insulin to stimulate its own transport from blood plasma into
interstitium by capillary recruitment which can be slight higher. This is due to the fact that
this parameter also depends in a still unknown non-linear way on the precision of the efficacy
of interstitial insulin to stimulate glucose clearance into muscle by Glut-4 translocation. If
fewer samples are taken, it is advised to take samples when most dynamics takes places in
glucose kinetics or to use the optimal sample schedule algorithm developed in this study.

All a priori identifiable parameters used in model 1 except beta and k are insensitive for the
estimated parameters when having a 1/SNR of 0%, 5% and 10% of white noise and using
model 1 and the experimental setup described in this study. Varying the true value of all the a
priori identifiable parameters (except beta and k) found in literature with + 30% in steps of
5% resulted in a maximum variance of £12% in the estimation of the identifiable parameters.
On the other hand beta and k showed a maximum variance of respectively 241% and 195%.
Although, having this high sensitivity for the a priori identifiable parameters beta and k, the
description of glucose appearance with model 1 is better than earlier developed models found
in literature. The earlier developed models were based on interpolating glucose appearance in
blood plasma instead of using physiological parameters to model glucose appearance in
blood plasma.
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Modelling the insulin transport from blood plasma through the endothelium to reach
the interstitium.

Several studies have studied the mechanism of insulin transport from blood plasma through the
endothelium to reach the interstitium concluding conflicting results: a saturable receptor- mediated or
diffusion transport. A saturable receptor-mediated is possible since [R.S. Bar 1978] found receptors on
cultured human endothelial cells obtained from human umbilical veins and [M.L. Peacock 1982]
found receptors on cultured and isolated bovine endothelial cells obtained from pulmonary and
systemic vessel.

Some in vivo studies have measured the insulin concentrations in the interstitium with the
microdialysis technique [Lonnroth 1987, Lénnroth 1997] in human skeletal muscle of conscious
healthy lean humans with no medication in (semi) supine position during an OGTT [H. Herkner
2003, M. Sjostrand 2005) and during a CLAMP [M. Sjéstrand 1999, P.E. Jansson 1993]. Other studies
have measured insulin concentration using the peripheral lymphatic cannulation technique [Castillo
1991] in hindlimb lymph of conscious healthy humans with a wide range of obesity and with no
medication in (semi) supine position during a CLAMP [C. Castillo 1994] and with anesthetized
healthy dogs during a CLAMP [M. Hamilton-Wessler 2002, G. M. Steil 1996]. Another study has
measured insulin concentration in thoracic duct lymph with conscious healthy dogs during a CLAMP
[Y.]. Yang 1989]. (In all lymph based studies, lymph fluid concentration is increased by massaging or
saline injection.) No difference exists between the two different measurements sites, since [Y.]. Yang
1989, C. Castillo 1994] showed strong correlation and direct proportionality between insulin
concentration in the hindlimb lymph near the human skeletal muscle and glucose uptake by human
skeletal muscle. Only a delay time exits between insulin in the interstitium and insulin in hindlimb
lymph due to the transport time needed between both places. From this, it can be assumed that
insulin concentration in interstitium and hindlimb lymph also shows strong correlation and direct
proportionality.

Saturable receptor-mediated transport of insulin can be shown by an increase of insulin gradient (or
decrease of insulin ratio) between blood plasma and interstitium/lymph at higher insulin
concentration. After all, an increase of insulin gradient (or decrease of insulin ratio) implies a decrease
in insulin transport indicating a saturable receptor-mediated transport of insulin. But since changes in
clearance of insulin by muscle cells affect the gradient, it is critical to assess this parameter if an
increase in the gradient is to be interpreted as a decrease in transport. However, studies [Y.]. Yang
1989, C. Castillo 1994, H. Herkner 2003] show a strong correlation between glucose uptake and
insulin concentrations in interstitium/lymph concluding that no saturation occurs in clearance of
insulin by muscle cells. Hence, analyzing this gradient is significant for the mechanism of insulin
transport through the endothelium.

After analyzing the discussed gradient in experimental data of several in vivo studies an interesting
conclusion is drawn. The studies using insulin concentrations at physiological range (up to 600 pM in
blood plasma) [Y.]. Yang 1989, H. Herkner 2003, C. Castillo 1994, M. Sjéstrand 2005] show a
decreased gradient indicating saturable receptor-mediated transport. [P.E. Jansson 1993] shows at
insulin concentrations of 3500 pM a deceased gradient indicating saturable receptor-mediated
transport. The studies [G. M. Steil 1996, M. Hamilton-Wessler 2002] using insulin concentrations at
pharmacologic range (more than 5000 pM in blood plasma) show an increased gradient indicating
diffusion transport. As a unification of both conclusions, a saturable receptor-mediated insulin
transport is considered under physiological conditions whereas a non-saturable insulin transport is
considered at pharmacologic insulin concentrations.

In vitro study (cultured bovine aortic endothelial cells with the use of dual chamber, not exposed to a
flow) [L. King 1985] at physiological range concludes a receptor-mediated transport of insulin through
the endothelium. Another study in vitro (endothelial cells from rat hearts) [F. Brunner 1998 at
physiological range concludes a diffusion process. However, [M.A. Vincent 2005] shows a different
behavior of the endothelium of rats compared with the endothelium of humans. The insulin
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concentration ratio between interstitium and blood plasma is around 80% in contrast to humans 4o0-
50% [M.A. Vincent 2005, M. Sjéstrand 1999] or dogs 35-50% [M.A. Vincent 2005). Hence, the
endothelium in rats is not a good representation of the endothelium in humans. In vitro study
{cultured endothelial cells in a hollow fiber apparatus and continuously exposed to a flow) [F. Salvetti
2002] at physiological range shows a decreased gradient at higher insulin concentrations. Since these
studies are all in vitro, the conclusions drawn from them are taken less serious than in vivo studies.
However, the conclusions are in agreement with in vivo conclusions.

Hence, the classic minimal model of Bergman [Bergman 1979] is only valid using insulin
concentrations at physiological range. This is always the case during an OGTT.

Another interesting case to study, are possible delays. A significant delay about 20 minutes in the
activation phase of transporting insulin from blood plasma to interstitium is seen in vivo studies [M.
Sjostrand 2005, M. Sjéstrand 2002, C. Castillo 1994, Y.J. Yang 1989, E. Jansson 1993] and in vitro
study [F. Salvetti 2002]. The cause of this delay is not known yet. No delay is seen in the deactivation
phase of transporting insulin from blood plasma to interstitium [Y.]. Yang 1989]. A small delay is seen
between glucose uptake and lymph insulin for insulin binding to its cognate cell receptor [Y.]. Yang

1989].
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Modelling insulin that is secreted by pancreatic p-cells via the liver into the portal
vein.

The ability to control glucose production and utilization depends on insulin that is secreted by
pancreatic fB-cells via the liver, where insulin is decreased (extracted) by approximately 50%, into the
portal vein. When the concentration of glucose in plasma increases rapidly, insulin is secreted by
pancreatic B-cells in two phases: the first and second phase. The first 10 minutes (first phase) is a fast
rise of insulin secretion. The next 20 minutes (second phase) is a gradually rise of insulin secretion
which is directly related to the degree and duration of the stimulus [Caumo 2004]. Between the 70s
and 80’s several B-cell insulin secretion models were developed based on measurement of plasma
insulin concentrations or measurement of c-peptide. These models can be added to the new oral
glucose minimal model discussed in section 3 to estimate the plasma insulin profile instead of
measuring the plasma insulin profile. Adding one of these models into the new oral glucose minimal
model discussed in section 3 is also a closer step into a future automated portable continuous glucose
monitoring system. First, models based on measurements of plasma insulin concentrations are given
and secondly, models based on c-peptide measurements are given.

Toffolo proposed eight models tested on conscious healthy lean dogs by an IVGT [Toffolo 1980] using
the minimal model [Bergman 1979]. The models assume that clearance of insulin is of the first order,
the initial insulin peak represents a bolus loaded into insulin plasma after the glucose injection and
the rate of the secondary rise in insulin is determined by the concentration of glucose in plasma above
a specific threshold value. This model has the disadvantage that parameter estimation has to be done
in two steps. First the insulin concentration is used as input data to estimate the parameters of the
minimal model [Bergman 1979], secondly the recorded glucose data is used as input for the B-cell
insulin secretion model. However, by the single-step fitting process [Zheng 2005] this handicap is
resolved.

This proposed minimal model by Toffolo in 1980 is tested on healthy lean and obese humans by an
IVGT [Bergman 1981] showing strong correlation with [Toffolo 1980]. This study also shows that lean
lower tolerance humans is related to 77% diminished second phase responsivity (S; remained
unchanged) and that obese lower tolerance humans 60% diminished S; (second phase remained
unchanged).

Zheng introduced a modification of Toffolo’s model [Zheng 2005] by the assumption that the insulin
decay rate is not always a first-order process showing improved fitting (97.7%) than Toffolo’s model in
1980. He also added a mathematical function for describing the endogenous insulin infusion rate. The
model is shown in (b1) where y [1pM-1/(mM - min]] is the rate of pancreatic release of insulin after the
glucose injection, h [mM] is the pancreatic threshold value, ¢ [min] is the time, n [(1pM)"™ .1/min] is
the plasma insulin decay rate constant, u(t) [mU/mg-min] is the endogenous insulin infusion rate, m
stands for the m-th order processes and k [pM] is the initial plasma insulin concentration after the
glucose bolus injection. Due to the assumption that that the insulin decay rate is not always a first-
order process equation is modified by (bz).

o y-Ge)y—hl-t=n-[I)-1,]" +u@®)/V if G(t) > h 10)=k+1,
an-[1)-1, " +u(e)1v if G(t)<h

i'(t):—p2~1'(t)+p2-S, -[I(t)—Ib]'" I1(0)=0 (b2)
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Steil introduced a new model [Steil 2003] which assumes a proportional component that reacts to the
difference between plasma and basal glucose (P), an integral component that adjusts basal delivery in
proportion to hypo/hyperglycemia (I) and a derivative component that responds to the rate of change
in glucose plasma (D). The model is test during a CLAMP on healthy humans showing good fitness.
Furthermore, this model is especially designed for closed loop systems linking a glucose sensor with
an insulin pomp (an automated portable continuous glucose monitoring system) that includes stability
and improved frequency characteristics/response. The model is shown in (b3, bg) where SR(t) [pM] is
the B-cell insulin secretion rate, n [1/min] is the reciprocal of the insulin plasma decay rate constant, K,
[pmol-1/min-1/M] is the rate of B-cell insulin secretion, T; [min] is the rate of proportional to integral
release and Ty, [Min)] is the ratio of derivative to proportional release.

SR(t)

I1()=—n-1() + )
SR(t)=P)+1(t)+ D) SR(t) >0
P(r) = Kp (G -G,)

(bg)

I =K, G(1)-G,)/T, 10)=1,
D) =K, T, G(t)

The test reveals that impaired glucose tolerance humans have a defect in the second phase as earlier
stated.

Other models are based on the measurement of c-peptide [Eaton 1980] that is secreted in equal
amounts as insulin with advantages that c-peptide is hardly extracted by the liver and its kinetics are
linear. A disadvantage, from a qualitative standpoint, of models based on c-peptide is that the
measurement of c-peptide is worse than the measurement of plasma insulin concentrations. However,
these models can be modified in such a way that it can be used with measurements of plasma insulin
concentrations.

[Toffolo 1995] introduces a c-peptide minimal model for an IVGTT which was extended by Breda to an
oral c-peptide minimal model [Breda 2001]. The model assumes that p-cell insulin secretion depends
on glucose plasma concentrations (static component, delayed production of new insulin) and on the
rate of change of glucose plasma (dynamic component, secretion of stored insulin). This model is
comparable with Toffolo’s model in 1980 that use the same static component, the same order (1*) for
clearance of insulin, but with no static delay and no dynamic component. The introduction of a
dynamic component into the model of B-cell insulin secretion gives the model more physiological
meaning. The model is shown in (b4, bs) where SR(t) [pM/min] is the static B-cell insulin response,
SR4(t) [pM] is the dynamic B-cell insulin response and 1/a [min] is the delay time in the static
response.

SR(t) = SR, (1) + SR, (1)
SR. (1) = a{SR, (1) - y-[G(t) - hi} SR.(0) =0 (bs)

SR, () = K, b(t) if G() >0
0 if G(H<0
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[Breda 2002] test reveals that impaired glucose tolerance humans have a diminished S; but an
unaltered static and dynamic component as Bergman [Bergman 1981] found in obese lower tolerance
humans. This test also reveals a delay between B-cell insulin secretion and changes of glucose
concentration in plasma. Several other papers show similar results, e.g. [Ehrmann 2002, Cretti 2001].
Other publications have been published having likewise models [Mari 2002)].

Both Steil’s model and Breda’s model are compared in [Steil 2003] using Bergman’s minimal model
[Bergman 1979] during a CLAMP on healthy humans. Both models fit the B-cell insulin secretion
profile with low residuals. Also, comparable parameters between both models are not statistical
different. However, Steil’s model has better performance than Breda’s model, since Steil’s model has
parameters with lower variations, more stability in close loop systems and adjusts better insulin needs
to varying S; and endogenous glucose appearance. One drawback is that Steil’s model is tested by a
CLAMP and not during physiological circumstances like Breda’s model that is tested during an OGTT,
Since Steil’s model represents very well the B-cell insulin secretion behaviour and has interesting
closed loop properties for future application of the model into an automated portable continuous
glucose monitoring system, this model is used.
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C.1 Insulin profiles

(min) profile I' Profile 2*
1(1) [pM] G(t) [mM] (1) [pM] G(t) [mM]
-I5 53.0 6.16 59.1 6.16
I 45.9 6.55 537 5.12
15 86.2 6.66 94.6 7.59
30 134 7.87 139 10.0
45 145 8.31 143 1.2
6o 165 8.91 152 13.5
90 174 8.97 209 14.6
120 169 9.52 194 14.4
180 196 8.86 133 9.52
240 162 8.91 100 4.18

Table c.1: Two insulin and glucose profiles [Wagenmakers 2006] measured during an OGTT (75 gram

glucose)

C.2 Samples Schedules

(min) Sample schedules
I 0123456789 10 . 240
2 0 10 20 25 30 35 40 45 50 55 60 65 70 80 90 120 180 240
3 0 15 30 45 60 90 120 180 240

Table c.2: Sample schedule 1, 2 and 3

C.3 Datasets

Dataset 1 is generated using insulin profile 1 and sample schedule 1.
Dataset 2 is generated using insulin profile 2 and sample schedule 1.
Dataset 3 is generated using insulin profile 1 and sample schedule 2.
Dataset 4 is generated using insulin profile 2 and sample schedule 2.
Dataset § is generated using insulin profile 1 and sample schedule 3.
Dataset 6 is generated using insulin profile 2 and sample schedule 3.

Interstitial glucose G'(1)is measured in all previous datasets by taking the mean over each 30
minutes by taking the first sample at the 30" minute and the last sample at 240" minute.

' Subject no: 5 Visit 6 / Day 15 [Wagenmakers 2000]
*Subject no: 8 Visit 6 / Day 15 [Wagenmakers 2000]

? Conversion factor between [pU /1] to [pM]: 7.0625.

* Conversion factor between |mg/dl] to [mM)]: 1/180.16 1/mM

C.4 Simulated model
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Insulin profile 1
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Figure c.1: Simulated glucose plasma, insulin plasma, interstitial glucose, interstitial insulin and the rate of
appearance using profile 1, sample schedule 1 and true value shown in table 1
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Insulin profile 2
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Figure c.2: Simulated glucose plasma, insulin plasma, interstitial glucose, interstitial insulin and the rate of
appearance using profile 1, sample schedule 2 and true value shown in table 1
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Plots of model to model adjustment
Model 1

x10° Contourpiot: Errox function

———— 200 0018 v

180 0014 1 i
e
0 s LY
MBI
140 0012 ]

80 0009

60 0008,

40 0007

20 0,006,

oots 00z 0oz 0.03 0035 0.04 o L
Estmator Kabs

200
180
160
140
120
100
»
6
w0
2
(X3} 02 0z 03 035 9
Esbmator: v
Contouplot: Ertor function Contouplat. Ertor tunction
v - 200 08 e —
004 180 ooneb |
160 0013
0035 " 140 0012
120 3 001
g 003 | §
g J ol mu g 0.01 .
& fir l s 0008
i i
s 0.008
i \ e
ooz Nz ST 40 0007['
2 20 0008
oost’ % e o 0005 2 b 2
[X5] 02 025 03 02 025
Estimator: v Estimator V.

29



TETAbas s s aans savave|

54



55



200
0.022 180 0022
160
002+ —- = E - | 002
e e T i s —_ 140
[ 1T — a3 — i 0018
VI e i 120
z 0016 . s 00!
g e —— E
w 80 U e i ——— -
0012} 0012
40
001
20
0,008 o 008
0.018 002 G028 0.03 0.035 [ ] 8 7 [ ] 10
Estimator Kabs Eurmator p4
Contourpot: Ermor function o2 Cortoupiot. Error funciion
0022 180 0014
180 0.013
002 CoR TRENIESRE o 189
— 140 0012
120 §00n r
100 E 001 ¢ [
80 & 0.009)
60 0.008
40 0.007
001
£ 0,006,
ook . =
015 02 025 03 03 o O%Bos 001 o001z 0014 0016 00
Estimelor V Estmator Sliver

Figure D.1: Plots of model to model asjustment of model 1 using dataset 1 (appendix c) with no added white noise
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Figure D.2: Plots of model to model asjustment of model 1 using dataset 2 (appendix c) with no added white noise
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Figure D.3: Plots of model to model asjustment of model 2 using dataset 2 {appendix C) with no added white
noise
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A priori parameter sensitivity for kabs

1/SNR profile 1 profile 2
(%) Ib Gb beta k Ib Gb beta k
o 40.0 72.5 99.4 103.7 3.4 59.1 145.0 143.3
5 40.0 40.0 1317 130.7 7.2 58.9 184.0 166.9
10 40.0 73.3 153.5 168.6 7.4 59.0 2413 195.1
1/SNR profile 1 profile 2
(%) p2 PS S¢ Si-liver p2 p5 S¢ Si-liver
°) 127 | o.829 | o.20 LIO 239 | o818 1.40 .18
5 5.36 | 0.657 0.381 3.03 9.44 3.04 | 0.0242 2.00
10 3.86 3.33 2.42 4.46 9.93 1.60 1.38 91.6

A priori parameter sensitivity for v

1/SNR profile 1 profile 2
(%) Ib Gb beta k Ib Gb beta k
o 40.0 70.6 12.2 10.3 28.6 59.6 8.24 833
5 49.0 84.6 19.1 16.9 9.5 63.2 105.1 80.2
(o) 43.1 94.2 43.1 51.6 27.6 68.0 742 72.9
1/SNR profile 1 profile 2
(%6) p2 P5 S¢ Si-liver p2 pS S¢ Si-liver
o) 6.12 LOO | 0.903 0.328 1.81 .36 2.19 L.I6
5 203 3.21 3.29 4.42 9.47 20.8 2.11 10.4
 {o} 4.27 83 5.36 5.39 66.6 10.1 7.22 13.9

A priori parameter sensitivity for p4

1/SNR profile 1 profile 2
(%) Ib Gb Beta k Ib Gb beta k
o 50.0 50.0 7.55 10.0 22.48 49.8 17.0 15.9
5 40.0 | 394.7 25.4 23.5 20.8 60.0 53.2 46.7
10 40.0 63.0 39.0 41.9 56.7 | 307.6 52.63 157.2
I/SNR profile 1 profile 2
(%) p2 P5 Sc Si-liver pz2 | ps S Si-liver
o 213 | 0.78¢9 O.III 0.180 3.08 | 0.893 .21 LI9
5 6.89 3.32 2.53 3.84 6.96 2.58 1.49 10.86
10 4.35 8.78 3.10 8.77 108.4 8.63 5.84 60.86

A priori parameter sensitivity for Si-Glut4



1/SNR profile 1 profile 2
(%) Ib Gb | Dbeta k Ib Gb beta k
o 50.0 50.0 11.2 13.9 42.9 47.6 21.6 19.8
5 482 | 946.4 38.4 29.1 41.8 | 234.4 53.6 44.9
10 487 | 770.4 52.4 | 48.1 56.7 | 307.6 52.63 157.2
1/SNR profile 1 profile 2
(%) p2 ps Sc Si-liver p2 p5 S¢ Si-liver
o 34.0 0.135 0.771 0.625 36.0 | 0.262 1.61 0.831
5 40.7 3.98 2.30 4.04 39.7 | 202 1.76 14.0
10 42.58 15.6 6.56 7.00 66.6 | 101 7.22, | 13.9

Table E.1: A priori parameter sensitivity for kabs, v, p4 and Si-glut4 using synthetic data and using two different insulin
profiles (data sets 1, 2, respectively, appendix c) with added white noise having a 1/SNR of 0, § and 10%
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Matlab code

D.1 Basic files
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D.a.2

gluc_ode_new.m

function dLout = gluc_ode_new(t,Lin,t_c_insulin,p)
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Duajg

gluc_sim_new.m

furnction [c_glucose, c_glucose_labeled, c_interstitial_insulin, ...
c_interstitial_glucose, c_Ggut,c_Ggut_labeled]=gluc_sim _new (LO, ...
t_c_insulin, p,plt, TITLE)
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R I I S U BN U AR oo dl y ot I T Sy e

F N IS S O O O I o Y T T L F U O A (XU o Ll [EETINE . [ PERREN

 le o annee

[ N A R EE T I ry S .
Frbve |« tra US| h i LT A FYSI ST

[N SETE Y DU B 111 o i | ' . I [ 4

O N L I S R R ST B I R T : S vyl o insalan
ALt bl L 1" ' ' : i 1

8 ST B B G PO I (D I TV | | Pt TS S S R R 1

[T ATE SR S | PREIR R R IR v ' ot ! o frvl ot

5oy ti s I RS S| 1
RIS O S U S I BN | N B [ :
ode_options =odeset (': . ', 1le-6, " S, 1le-12); Loaratiel S 2 e nQ
LEOOE_ 0okl IO S L U R I PR ST B | [«

[t,L] = ode45(@gluc_ode_new,t_c_insulin(:,1),L0,ode_options,
t_c_insulin,p);

AU Gt
c_glucose = L(:,1); [t ) - | [ I A N IO
c_glucose_labeled = L{(:,2); I A Y [ Lo e Tty
c_interstitial_insulin=L(:, 3); L ‘ : bl ettt
c_interstitial_glucose=L(:,4); I ) ' W SRS B Diliecte it 1ol

c_Ggut=L{(:,5); -|i/kq]m . Coal et
Coeff=p(15);
c_Ggut_labeled=Coeff*L(:,5); [l sla oy 0 Lare let abacos- 1 fhe gut

5 onake plots atop b
1t plt==1
=Pl ot
figure;
Ib=p(1);
subplot (321) ;plot (t_c_insulin(:,1),t_c_insulin(:, 2}, 'y
' v ! "‘IZ);
hold ;
Boose b e e
plot( {t_c_insulin(l) t_c_insulin(end)], [Ib Ib],
Sy : 0, 1.5)
ylabel (' )i



xlabel (" 1 [ ")

Title('! ‘ L Y
Loy
subplot (322); plot(t_c_insulin{:,1), c_interstitial_insulin,
' o 2)
xlabel ("1 « ! "): ylabel.
("1 . : Y

Title (TITLE) ;

Ty«
Gb=p (2) ;
subplot (323); plot(t_c_insulin(:,1),c_glucose,' ', ' SR
hold ;
plot( [t_c_insulin(l,1) t_c_insulin(end,1)], [Gb Gb],
Y, s ', 1.5)
N N I TN A RN B
xlabel ("1 b )
ylabel (' - | | [ i : ‘ | ")
Title(TITLE) ;

fa-qur e
subplot (324); plot(t_c_insulin(:,1),c_glucose_labeled, ' ',
' e 2)
f Ci [ e b
xlabel (' )i
ylabel (' . 9

Title(TITLE) ;

D o
subplot (325); plot(t_c_insulin(:,1), c_interstitial_glucose,
' T ', 2)
xlabel ("1 - i . "): ylabel. ..
(' oo i ")

Title (TITLE);

gy e

subplot (326) ;

plot (t_c_insulin(:,1), c_Ggut, C T, 2)

xlabel ('!. R "); ylabel (° : '
)

Title (TITLE) ;
end



D.1.4

obj_fn_new.m

function error = obj_fn_new(p_var, p_fix, LO, datal, data2,data3, ...
t_c_insulinl,t_c_insulin2,a,b,c,sigmal, sigma2, sigma3, ...
t_exp,Nparameters, NoMean)

st
LU el Lve: Tl Lo Max Lo e s e Boosamat von b b O 1

Maima
sModel ob  gbtu tose el o,

frnet cotr 1S

A W Tec T I e Lones ot Tor DSONONLIN.

[T
Teo— o b W (e ovar, o oA, 1, H Pt L, ottt e _nusul e, L.
LU _e_lhstbiod, a, by, poamel, S, ot st Nasd el

o lunnt pon

Dopdalallielel Spade whiloh o oar b oo e amot e

IopAar atie te Tl
$LO: Fixed .1 , L i vl aeee Concenl rat ton in
Tl asima, LU (2) [ A N T TR S A S S I

SLO ) - My Pab b it e st e, Leed)y - [ kgl

Sylucuse G e ! TE

pudatal o ot oaree beecn ol o BTN R

Sletl aad T 0at 0 Ot yiiter Lt [N [N

wudala o dtat o ot Jaaree b g TR NI I

St_c_ainsulin: M) (ool Dame s s bt aed s, et 1 ia o7 plasiie
sinsulin.l - blood by 1 o - e Ul e ose dat an

3a: ocutput werahtoing et or ot oo et

Y oout put werght bng ot oo ' : A

Yot ooutput o welght g toect o ' s

SH1gmel o var tance of ot ont

SS1ygmndld T Var lalce ol Jnag ol put

3

TOLIYMa YoV bl b i oL !
LAt salbprloaniteervel e |oon e
SNparamter s tumbe:r o7 clime s ton ol prerr et e r e o
SUAMat Or: et itie s thee e et whirech o, et v e moaee ] T mowe |
o sttt U nilent o e

Tt Rt Tty
ST TOL D LN LDy (b i v Ll NI cep ot
b %
EHI s Ory
N U T N Sl S R e IV I SIS IR I : P
g E S e T e O R G A
s1 0 uny Us, Mot et s ke b,
ARV AU TP RN VR TO R SRS I IS TN IS B TSRS N RO BN N




Stlhiver, Slalutd, Coett];

p_estimating = [p_fix(1l),p_fix(2), p_fix(3), p_fix(4), p_var(l),
p_fix(5),p_fix (6), p_var(2),p_var(3), p_£fix(7), ...
p_£fix(8), p_£fix(9), p_£fix(10), p_var(4),p_fix(11)];

sEamulatana the Dral Minimal Mooe ] Pl e ket 1o s gy na e
ImA*Y 10
Sl ot imensianal o pary amel er g g o o )t et At on b
et rat ron

Coamp e

plt=0; " ma<s N piots
[c_glucose_estimating, c_glucose_labeled_estimating, ...

c_interstitial_insulin_estimating,c_interstitial_glucose_estimating, ...
c_Ggut_estimating]=gluc_sim_new (L0, t_c_insulinl,
p_estimating, plt, ...
' 1)

FhaminlAat 1na b Vral Minamal Uerged b gl e kanet 100G us1ing the
SSLImMAL TN

Ve s enal s par amet e e g e e lbat ed o apsalan
concentrat 1on

camplos fo g
1 { NoMean==

Interpolat e Aat A,
t_insulin2_interpl = t_c_insulin2(1,1):1:t_c_insulin2(end,1);" [rin]
c_insulin2_interpl=interpl (t_c_insulin2(:,1),t_c_insulin2(:,2),...
t_insulin2_interpl);
t_c_insulin2_interpl(:,1)=t_insulin2_interpl;
t_c_insulin2_interpl(:,2)=c_insulin2_interpl;

[c_glucose_estimating2_interpl,c_glucose_labeled_estimating2_interpl...
c_interstitial insulin_estimating2_interpl,....
c_interstitial_glucose_estimating2_interpl, ...
c_Ggut_estimating2_interpl]=gluc_sim_new (L0, t_c_insulin2_interpl,

p_estimating,plt, : by

« +

benbat e Phe mear o0t he o oo ed At i 3r the datal

Geampr e
GIb=L0(4);
c_interstitial_glucose_estimating2_mean(1l,1)=GIb;
i=2;
for r=t_c_insulin2(2:end, 1)’
c_interstitial_glucose_estimating2_mean(i,1l)=...
sum(c_interstitial_glucose_estimating2_interpl (r+l-t_exp:r))/t_exp;
i=i+1;

s
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alse
[c_glucose_estimating2, c_glucose_labeled_estimating2, ...
c_interstitial_insulin_estimating2, .. ..

c_interstitial_glucose_estimating2,c_Ggut_estimating2]=..

gluc_sim_new (L0, t_c_insulin2, p_estimating,plt,...
l‘.i"i\),.

end

LSONUNT Tive oo s o bwe Doy b o T O O A TS (T N S G N

i [T TR LN

[ SN S U AN O (VR U T (A R S T S B Y -
errorl = c_glucose_estimating-datal;
1f NoMean==
error2= c_interstitial_glucose_estimating2_mean-dataZ2;
clse (NC e
error2= c_interstitial_glucose_estimating2-data2;
end

error3=c_glucose_labeled_estimating-data3;

ot al mode o

U A R P A T U [T N P oo e L, g Pl s dfaats

o X

ERSSTIR RS RS NN R R et NN NEN B
Aot palowva e

errorl_new=errorl;

error2_new=error2;

error3_new=error3;

datal_new=datal;

data2_new=data2;

data3_new=data3;

it length(errorl)>length(error2)
for g=1:(length{errorl)-length(error2))
error2_new(length(error2)+q)=0;
dataZ_new(length (data2)+q)=1; Lo i Gl el

A

L ST D ol o] fon [ U T R S S S S (U RIL SR SRRt

el ran |
R I O O T e L I Y [
end
errorl_new=errorl;
datal_new=datal;
error3_new=error3;
data3_new=data3;

else

for g=1:(length(error2)-length(errorl))
errorl_new(length(errorl)+q)=0;
datal_new (length (datal) +q)=1;
error3_new(length (error3) +q)=0;
data3_new (length(data3) +q)=1;
end
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error2_new=error2;

data2_new=dataZz2;

end

[ O S I I T

oL w00

[N AN P REREATS|
110
figure (100)
subplot (411) ;

[EEREEHIFE

AR U

Tt

poe

vl

A ! fert
error=led*errorl_newt+led*error2_new+l25*led*error3_new;

ot

Sy e
e Wy

plot(t_c_insulinl(:,1),c_interstitial_insulin_estimating, ' ");
xlabel (' - o D I
ylabel (": o "y

Title ({"i
" i :
drawnow; pause (.3);

S (108
subplot (412);

plot (t_c_insulinl(:,1),c_glucose_estimating, '

datal,’ ');
xlabel ("'
ylabel ('
Title({"! :

T [ :
drawnow; pause(.3);

i (P0G
subplot (413);

plot (t_c_insulinl (:,1),c_glucose_labeled_estimating, '

(:,1),data3, ' °

xlabel (' [

ylabel (°
Title ({"

drawnow; pause (.3);

frepo e (1000
subplot (414) ;
1 NoMean==

)i

);
);

BE

")

",t_c_insulinl(:,1), ...

1

plot (t_c_insulin2(:,1),c_interstitial_glucose_estimatingZ2_mean, "’

t_c_insulin2(:,1),data2,"' ');

else

plot (t_c_insulin2(:,1),c_interstitial_glucose_estimating2, "' ', ...
t_c_insulin2(:,1),data2, ' ');

end

xlabel (' ")

ylabel (" : )i

',t_c_insulinl. ..
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D.2 model2model adjustment
D.2a

model2model_bias_new.m

SThie scrant adept 1o A pestey ot he
et b s ey b medles | e mede 1y st
LIS
ot e [ ot by ey 4
History
L/ Maroch 06, Salvador Almagro Froas o, T

“anatAalarzes all o paramets v ot b S

“rnearlan.

clear .;

NoMean=0; “Calculat = the medn vy SRR

saAamplan 1 met by

gluc_param2_new;

Nparameters=length(p_true);

SoAckd g o se

datal_new=datal;

Lelat Al _new dAat e 0Ts IRAEE AR [T

dataZ_new=data?2;

At a4 b D 00N gy Ui MR ORI
data3_new=data3;

et _nvew cdar e T o i (] [N
Ve cr oy contAarrng varyar o ol 5

AT DS 1O A
SOV AT et 5 e

rr=[{-0.5 -0.45 -0.4 -0.35 -0

T

.3

-0.25

-0.2

0.15 0.2 0.25 0.3 0.35 0.4 0.45 0.5];

G R B I

Napeso bt he L o mens
BEEE P
"Rk Ty TR Y,k
v
; .
" o 'Shear Tt

Minaimal

UMYy Y ey

Mevele

e

R A B
p,ob g
r,';‘

-0.15

he

P

-0.1 0 0.1

g
e

1
1

gluense
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o yo o
LY
r
! ! ) G
r r
sMode Lo o o b sy e ! [ASISN
© e

L4 Lme Tt 1oat ! foaz alie et i e

S0 BTN R S A R G R I
O N T PN I IR O
sPLp(s), Pl ) B
| RO T G R Uiy
Jlnrtraslyreo b
ror gq@=[5 8 9 13 14] v il
estimator (1) =qq;
Blult lalylze “ e S st 1
for yy=[5 8 9 13 14]7yy a:
bb=1;
1f yy>aq
estimator (2)=yy;
Save s el Pheet poaat e
Shoadle,
p_fix=[];

for zz=l:Nparameters
1t zz~=estimator (1)

1f zz~=estimator (2)

JAIE

p_fix=[p_fix p_true(zz)];

ena
end
end

fcr ii=1l:length(rr)

for jj=l:length(rr)
Sauniitlalysat o ot

Sfae 2 Sl Vet el

[N

H
PRI
"1
Line=tiss ) s, (R L, Py of
[ P O I B A 'l (S R O
P ), b p(‘u}
U A A SN I A !
S et o, 1)

Lt

mtwiial

AT Alle-Te r G

oot allieet 21

Aave whiich

initial_start_value_parameter=[p_true (estimator(l))

p_true (estimator(2)) ]

p_init=[p_true(estimator(l))+rr (ii) *p_true (estimator (1))
p_true(estimator (2))+rxr(jj) *p_true(estimator(2))];



Shoypeor ot o Gfor hiee I N S A T BN S P S L S

EES] S R S AR 0 I B cLN I 1 S B R T A S S BRSNS SE SO
plt=0; Mare o g

iii=ii

333=33

[resnorm]=gluc_omm_mls2_new(datal,data2,data3,L0,t_c_insulinl, ...

t_c_insulin2,a,b,c,sigmal, sigma2,sigma3, p_true,p_fix,p_1init, ...

t_exp, Nparameters, estimator,NoMean, plt) ;

wsavinet the it ] oot op o he opror pureraer rdsadnal

DataZ (ii, jj)=resnorm;

R S (NSRS T SIS o ST S A6 PR SN B B SR SRR S U A ! parpose (P, P2)

1f rr(ii)==0 && rr(jj)==
resnormTrue=resnorm;

ST A R I o v tere ot sl o valuens
1t 1i==4 && jj==2 || .
ii==2 && jj==3 |lii==4
ii==15 && jj== (]
|l 1i==8 && jj==3 |

1i==18 && jj==

6 || ii==19 && jj==13 ||
1i==12 && j§==9 || ii

clear Cog

[p_model, LO_model, c_glucose_model, c_glucose_labeled, ...

c_interstitial_insulin_model, c_interstitial_glucose_model, ...

c_Ggut_model, resnorm, residual, varp, stdp]=gluc_omm_mls_bias_new...

«

SOont oy e Tty

L e AN

(datal_new,data2_new,data3_new, L0, ...

t_c_insulinl,t_c_insulin2,a,b, c,sigmal,sigma2,sigma3, ...

p_fix,p_init, t_exp,Nparameters,estimator, NoMean, plt);

ptruel=p_true(qqg) “~ 1 3! + 1 omoenat o
ptrue2=p_true (yy) AU Mmoot
estimation(bb, :)=[p_model (gqq) p_model (yy)]
bb=bb+1;

end

oy

oaviioag by b or s e T e yoe N

DataY (jj)=p_true(estimator (2))+rr(jj) *p_true (estimator (2});

end

ineg the I paramet e Dy wat e vy () P100: var1at ton

DataX (ii)=p_true (estimator (1)) +rr(ii)*p_true(estimator(l}));

end

Makes 2 plots of the ot s e an {osoamatcorl, entamat o5

'

Minn=min{min (Data?z))

t

ii==12 && jj==5 || ii==3 && jj==14
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end

Maxx=max (max (DataZz))
Contourlines=50
((min(min(DataZ))):0.01: (max (max{DataZ))))"';
1 ¥ Contourlines>200

Contourlines=200;

display. ..

(" |

e

figure (333);
contour (DataX,DataY,DataZ,Contourlines);
hold ;

[ O T Fie Co S A T . .
plot (p_true(estimator (1)), p_true(estimator{(2)), '~ ');
hold

plot (estimation(:,1l),estimation(:,2), " Y

xlabel ([ " : . ',pname(estimator(l),:)1);

ylabel ([ ' - . ',pname (estimator(2),:)1);

Title ("’ o ! Do . ! ")

colormap  « | .i;

colorbar;

hold ;

Baave s prlbor ot the errer o a s T L N I B B IR PR |

kit R TS P A AR B

savename=|[" ' pname (estimator(l),:) pname (estimator(2), :)
Pt

saveas (gcf, savename, ' ") ot vty toat, Yroeuse !,
St

savename=[" ' pname (estimator (1), :) pname(estimator{2), :)
'“1']

saveas (gcf, savename, ': )

savename=/["'. ' pname (estimator(l), :) pname (estimator(2), :)
it

saveas (gcf, savename, ' ")

close (figure (100)});

end

end

11
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D.2.2

gluc_param2_new.m

2
A0 al Migaral Moese i of i a i

)

S PRt it yalazes bl e ame oo ‘ * i
i 3

Ko nos oanda che tyme samp e ‘ 1 AFNEE

Slmercgr oo bt oo,
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Kuel, Tiiz

Pstest mocdde ] par et o
SVatne s yomr 0T 00
1f 1 Suaber s S Ve R T

Ib = 7.0625*%(7.54+6.5)/2;

Gb = 0.055*(112+4119)/2; i P Tiree s
GIb=3.38; . ;W‘T‘H et e . PR
enda

11 0« Subject e 14 Vst oo gy 1!

Ib = 7.0625*% (6.4+4.5)/2; " [vM] bt
Gb 0.055* (112+93)/2; ImM) b b oo e
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eng
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1f 0 % Subject ne: 8 VAt ooe s Teag LY
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piosama
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GIb=3.38; |mM] i ane Line glocos. R R T

end

AR O Tt vl e de b e b
IREQIUE el e

(Mexapy) v biines it qanod rom . o nr oy
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Mor osing,
.
!

sl Rarat oo,
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L
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Mode |
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RS N At ren in
. ety 1

T b , PEoLnm

1 Wice it 4t 1 on N
STRCER SRR B IR U DU O |
R AT 1

Ly o traAat 1 on L
AR RN R i n F
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YRS ‘ Teileor a~ore
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k8 =3e-2; = | M} 'hL PTae v R R

ol e one oo b b e b . ' [ S ooy T PSR TR PN

p2 = 0.113; aylirmaa] ot o0 ' T olla ant et angal e ol cnsul
sct T 10N

DS =75/10; ¢ 5 lu; | i} wion CLe o TS 1 MR STRIN SARE N WA

Pt

Slaoto

Kabs =2.8%e-2; IR TN A O L L b r b Lo b he
Jut

G ST UEI I O (PR SN YO (P

Beta = 1.23; . w1 - 1- [ ot I R e T S VRN P SURS B I NOU BT, I

St Al Mp T 0t "t aee L LT S S NI B TR U A RO
foemt o |

R FL S BT T R

k = 0.014; + [nmitt] Ui 1ot ot Lota st CALE Ty L g

V= 2.497e~-1; . {1l od4] 0 o ol o crabr g e s ve lbume peer wi ot
Loy

Sweeoghit L e T ! . S

pS =0.018;% 11 ‘mwarjoar. ClesT ot ol P S S PO T S U B RV S U
soluod plasma.

p6 = 0.00763*10; :{i m1 b ieo a. [ cor el e sse b o M e
sud e
Ly 1ot Lo

k7 = 0.063*%(1/0.21); ! 'l . PLosio i lncose Lo el

OO Ulle i1

[

SIcap = 2e~3*0.0395*(1/0.21)*1e3; 1 .. 1 ) L -7t oy ol 1usalaao

Lo
EEUL RN (TP P S I SRCTIS A SN W S U PR N (RN O BRI coo oty e Ll sy
FreeCrul Umeld oo leedd by Lo o

SIliver = 1.11le-5%1ed* (1/7.0625); [l w10 * l/pM] the ertioaey ol
tnsulin to

sinhlbt hepoat e rochett oy s L el bt e oy L
tS5Caled Ly tactor e

SIglutd4 = 1.0e-2; {1 /nan * L/pk] e -0 10y Polaesilrr too st e

sl uruse o learAance 1 s le oy [ i o

pd = k7*k8; 1 /v ot RS T L I O T

[ N A

s e Py bt [

Coeff =3/75;  |i U Yo o . [ [T I L1y e
Ly Uhn KPR (TR B SN P I I AR

p_true = [Ib, Gb, p2, DS, Kabs, Beta, k, V, p4, pS, p6, Slcap,...
SIliver, SIglut4,Coeff]; T O I O G TLIIRY BN S 07 PR

Pl sed ottt ol S UUR R B

LO(1) = Gb; |mM| glv we  cop e S ol s

LO(2) = 0; R0 T R ST R SR I Sl i, Cloasa
LO(3) 0; + 1M rnosulin o et T P S SR B BN PUIA
LO(4) = GIb; : {(mM] gluome oot sl o 1L Lot e st LU L
LO(S) = 0; ll/sea] aluacoe. L Y A B AR TR AR U4
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Fames aneg
1t 1 =5
Ll oloon
t_insulinl
c_insulinl

ree

nlng on et rarg oy
tome e | b

Amp Lotk garey e
ook Yynaroe
flucoss (At a

t_c_insulin

Sinters
t_insulin2
c_insulin2

+
¢

I

[

1

t_c_insulin2

end

1 0
I blood

t_insulinl

i

t_c_insulinl

TNt ey«
t_insulin2
c_insulin2

<t
R

t_c_insulin

end

1t 0
1 bloed
t_insulinl
c_insulinl

14.2];

]

2

o

t_c_insulinl

[EAREER A

t_insulin2
c_insulin2
14.21;

t_c_insulin2

end
SepAared

sigmal=1;
sigma2=1;
sigma3=1;

<.

fout pit
1; & outpnt

ol ottt )

Ovt ot

SwAr pAan.e

BN P A IR I

[0 15 30 45 60 90 120 180 240];
7.0625*[(7.5+6.5)/2 12.2 19 20.5 23.3
= [t_insulinl’

tral

alncoege

c_insulinl'];

dat g

[0 15 30 45 60 90 120 180 240];
7.0625*[(7.5+6.5)/2 12.2 19 20.5 23.3
= [t_insulin2'

Sub ject o

licose

8

RN

i

c_insulin2'];

Ty

1

[0 15 30 45 60 90 120 180 240];
c_insulinl = 7.0625*[(6.4+4.5)/2 14.8 22.2 27 27.7
= [t_insulinl'

t

Al glacene oar

c_insulinl'];

1

0 15 30 45 60 90 120 180 240];

[t_insulin2'

Subioc:

rier

]

Ao
Al

c_insulin2'];

[0 15 30 45 60 90 120 180 240];
= 7.0625*[(7.8 + 7.6)/2 13.4 19.7 20.2 21.5 29.6 27.5

= [t_insulinl'

R IEEVR B U

)

c_insulinl'];

[0 15 30 45 60 90 120 180 240];
= 7.0625*[(7.8 + 7.6)/2 13.4 19.7 20.2 21.5 29.6 27.5

= [t_insulin2’

- (
B oo

Lhe

we b oht 1100

‘el ot put )

VAT LA

r

VATt

weeperhit o1

(Bt

weep it 1

c_insulin2'];

MY Ot

fAact

o

T

45

'

P

[
7.0625*[(6.4+4.5)/2 14.8 22.2 27 27.7

restrhials

e
AGmA o lee e
i IR
| r R
IREE [ {

24,

24,

46.

46.

6 23.9

6 23.9

8 81 46

8 81 46

concent rat pon

27.7 23];

27.7 231;

7.1;

7.71;

(15

st

18.8

18.8

1OnNn

TAT T O
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sblots

Mmake plot s 0t o be

1f plt==1;

figure; plot(t_c_insulinl(:,1), t_c_insulinl(:,2), ' '); hold

Shasel e Leve [
plot ( [t_c_insulinl(1l,1) t_c_insulinl(end,1)], [Ib Ib],
B, e 1, 108)

xlabel ("1 .~ P "); ylabel (¢

title (' ¢ . T : c)

end

SHimulating b ur ol Mol Moo ol a et s gt hie
514 -dimensions |l paramel = space ana e Interpolated tnsulin

CONCen ral 1o

SSamples for dat ol

Sampl=1nt el rorn ] st sty

t_exp=15;

[c_glucosel, c_glucose_labeledl,c_interstitial_insulinl, ...
c_interstitial_glucosel, c_Ggutl, c_Ggut_labeledl]l=...

gluc_sim_new (LO,t_c_insulinl,p_true,plt,"’ ")
1f NoMean==0
Tolnterpnbal pna e
t_insulin2_interpl = t_c_insulin2(1,1):1:t_c_insulin2(end,1);% [w11.}

c_insulin2_interpl=interpl (t_c_insulin2(:,1),t_c_insulin2(:,2),...

t_insulin2_interpl);
t_c_insulin2_interpl(:,1l)=t_insulin2_interpl;
t_c_insulin2_interpl(:,2)=c_insulin2_interpl;

.

oo Lmul At 1o o et et
[c_glucose_interpl,c_glucose_labeled_interpl, ...

c_interstitial_insulin_interpl,c_interstitial_glucose_interpl, ...

c_Ggut_interpl, c_Ggut_labeled_interpl]....
=gluc_sim_new (LO,t_c_insulin2_interpl,p_true,plt, '.

calculat Tng the mean of the 1ot orpolated datad at @ he

Samp Les
GIb=L0(4);
c_interstitial_glucose_mean(l,1)=GIb;
i=2;
for r=t_c_insulin2(2:end, 1)’
c_interstitial_glucose_mean(i,l)=...

sum(c_interstitial_glucose_interpl (r+l1-t_exp:r))/t_exp;

i=i+1;
end
else

SImul <0 con s st

B

dat az

{c_glucose2, c_glucose_labeled2,c_interstitial_insulin2, ...
c

_interstitial_glucose2,c_Ggut2,c_Ggut_labeled2]....
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=gluc_sim_new (LO,t_c_insulin2,p_true,plt,"’

end

Satat 4ovec s ar At P he Dral Minamal Mo |
oy
o drmersional parameres araec o s e

CoOrcen o atl e

Trat Al odat e o1 Lanme gl et
datal=c_glucosel;

sample tnterval [min] of dat a2 a0 oy
t_exp=15;
1t NoMean==0
data2=c_interstitial_glucose_mean;
else
data2=c_interstitial_glucose2;
ard

At A det ot plasra Labhelorn o o

data3=c_glucose_labeledl;

BelataZ s odat a ot ot ezt o gl e oo i

fra ki

It e rrelat e

oo mls
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D.23

gluc_omm_mls2_new.m

runct ron

[resnorm]=gluc_omm_mls2_ new(datal,data2,data3,L0,t_c_insulinl, ...
t_c_insulin2,a,b,c,sigmal,sigma2, sigma3,p,p_£fix,p_init, t_exp, ...
Nparameters, estimator, NoMean, plt)

T B T O e O S VIR B BN : . U tottiee cral Mangnel

Mode ]

tot glucose Kinet 109

lhirs tanct o R R T N A T L AT [F S R R NS A U1l o Nt e
Shot 1neat v on A CTO Y T B O (A B A T | ol A N TR oty U he
Thoal st le=T et 5 el pheefd i i et
oo (I

| sl 1 | K . | o b, o, , Lol

: [ P A L PR [ [ Al
Nboar v ot , -
— .1 1D T T A A

|t IR T
Pt a1t 1Al T pd [ o el oo e e L dmens Lotial
Speatl alel e oo b T 1n ey . Cor b coneentr al pon s anples
tlaladt dat o o 0t ot 0t bal aley Sk s roa thie T rae Ty drimens1onal
Sheal e Ui e - e e S I S AR SR RY § U SRR S IR calip Lers
eidal o et 0t e bt b s e [ e R N
ArMeirmluTial
BOAL M et w0ace AN e pnte e 1 sl o Nt 1 Lot sAamp ey
S0 Faoxeear v 1al Gt or , S [IRES N RS RS L BN B I DRI

JEEESI O O G RN
suip 2y A T VR IR TR o b n T O B N N NN
Interst it ral
LISl cOneent o b oy, L 0 PR T T A Pl s et ral ton [,

=10 LI‘L;'\JJ U O R R A A G T vt b T

Pl L boner bl e Tt [ R A B I RS O gt Lern Mmal tla DF plasiha
wlrsn i, Lo bhloog crlus osee et Pt s 0 sl g licose dat A
et OUT it we Lubi Ul e et s vialop T
S NULDUl we lybit o et ! R S L
Sootoour prt o wieloght b 1 oot o ot
Anrumal s et tatice oD LU et
N UL P VI S B R R f ] e

ST RR T S R T '

[ TP L A S S e L A (R

e lbywver, S hoabar oy, o ety by [ R SR BN (O Y S T
L B O e S L R (T S T e e [
L O T N L P R . S S VO A O S N S B LTSRN STw
B Xpr s unplernter vy b I toa
ANDAa Aoy n et sl M e s e T e
ZOSU et ot e D b Pl b g cowhie b Us e Do Uhee micate Lo meode ]
Sadh s Ut et bt gt
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Santerst it ral o alacone oamp e

Srlt oomlolts are made 0 ot hinn [ESE N I

rOutput s furct fone:
Sresnorm: Agqiared 2onerne of ot he oo e e e shg )
oo

e

“History

2 alrador Almaay b oos T
- Al ovan Riel, T«
' tlovan R, 10/
cwo e e ns tonal oy oA amet NI
' [ 1L, &b, /2, NG, Kar o, S, Lo, b, e, 1oy,
T, OTalu i, o
p_model = [];
offset=0;
for ww=1l:Nparameters
1! ww==estimator(l) ot bt h I B PERAYS S ST
Sl b he ey e pean e e oove e fpniep
Vot oame e
S S I N ST cE e T
offset=offset+l;
p_model=[p_model p_init(1l)];
elseil ww==estimator (2) T PR O B s M S A Amet 0y
I S T A T Crore R [ I S R R R SN
P 3T et
N N R S B S (O
offset=offset+1;
p_model=[p_model p_init (2)];
else Zaavie bl ot hey o ber e an Voo rhe oy e o

T1A chamenza oAl o pAarames sy 0 Ui 1)

p_model=[p_model p_fix(ww—offset)];

end
end
o mnlat v the Ol Macoama M oe A ST A U s the TRIE
dh Adrmersioaral o raroamet o apace atr S he oy eseal ot ed anculan

caneoent pat M

Cnamples tor aatal,

[c_glucosel, c_glucose_labeledl,c_interstitial_insulinl, ...
c_interstitial_glucosel, c_Ggutl,c_Ggut_labeledl]. ...
=gluc_sim_new(LO,t_c_insulinl,p_model,plt, '™ “i! | ');

1f NoMean==
SCodnterpolat tnog et oas

t_insulin2_interpl = t_c_insulin2(1,1):1:t_c_insulin2(end,1);*{m::

AN

c_insulin2_interpl=interpl(t_c_insulin2(:,1),t_c_insulin2(:,2), ...

t_insulin2_interpl);
t_c_insulin2_interpl(:,1)=t_insulin2_interpl;
t_c_insulin2_interpl(:,2)=c_insulin2_interpl;
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[c_glucose_interpl,c_glucose_labeled_interpl,
c_interstitial_insulin_interpl, c_interstitial_glucose_interpl,
c_Ggut_interpl,c_Ggut_labeled_interpl]....

=gluc_sim_new (LO,t_c_insulin2_interpl,p_model,plt, ' : 1171 ");

Socaloubloar tnag Ul mean of the T potatea dhatad ottt e ddat el
samplos

GIb=L0(4);

c_interstitial_glucose_mean(1l,1)=GIb;

1=2;

for r=t_c_insulin2(2:end, 1)’
c_interstitial_glucose_mean(i,l)=...
sum(c_interstitial_glucose_interpl (r+l1-t_exp:r))/t_exp;
i=1i+1;

= NG

else
Aosam ] b o wcs g e
[c_glucose2,c_glucose_ labeled2 c_interstitial insulin2,
c_interstitial_glucose2,c_Ggut2,c_Ggut_ labeledZ]
=gluc_sim_new (LO,t_c_insulin2,p_model, plt, " ,');

end

error tunct ron resianal
errorl=c_glucosel-datal;

1 f NoMean==
error2=c_interstitial_glucose_mean-dataZ2;

else
error2=c_interstitial_glucose2-datal2;

end

error3=c_glucose_labeledl-data3;

Stotal model =rror

Pt ordat s s have Db bt oo 0t s b, T e Jmer s lonh o

LT X
el dat s e Set a0 BT
“initial valueos

errorl_new=errorl;
error2_new=error2;
error3_new=error3;
datal_new=datal;
data2_new=data2;
data3_new=data3;

1t length(errorl)>length(error2)
for g=1:(length(errorl)-length(error2))
error2_new(length(error2) +q)=

data2_new (length (data2)+q)=1; I O B N N PV L
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SOt et or o onew 1o Aalee ady o
end

errorl_new=errorl;
datal_new=datal;
error3_new=error3;
data3_new=data3;

for g=1:(length(error2)-~length(errorl))
errorl_new(length(errorl) +qg)=0;
datal_new (length(datal) +q)=1;
error3_new(length{(error3)+q)=0;
data3_new (length (data3) +q)=1;
end
error2_new=error2;
data2_new=data2;

end

saudared 2 norm o of the crror Janct aon pesiadn s
resnorml=1* (1/length (errorl) ) *sum((errorl_new).”2);
resnorm2=1* (1/length (error2) ) *sum( (error2_new) .”2);

resnorm3=125*1* (1/length (error3)) *sum( (error3_new) .”

Calosvpnare a2 onormo ot the oo Danet 1o roesianain

R T et I e N R T N PN IR DU IR I I IR F e B

resnorm=resnorml+resnorm2+resnorm3;

P

SN
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D.2.4

gluc_omm_mls_bias_new.m

tuncti1on [p_model, LO_model, c_glucose_model, c_glucose_labeled_model, ...
c_interstitial_insulin_model, c_interstitial_glucose_model, . ..

c_Ggut_model, resnorm, residual, varp,stdpl=gluc_omm_mls_bias_new(datal, ..

data2,data3,L0,t_c_insulinl,t_c_insulin2,a,b,c,sigmal, sigma2,sigma3, ...
p_fix,p_init,t_exp,Nparameters,estimator, NoMean, plt)

MDY Moamon ST i BT BT Corhe o el Ml Mode |

Bglucose Kol b

Town
0 N DI DY O S K S A (KT She e [ R NN T P S Dol
sl Linedt conn [ T A T ' [N N S RN I S O S ST
Tlottoaine toer et r e o0 b s e
ottt g
Pl Ioct 1, Vo, e e N O L=t B B T .

e N TR P mean b, I L S LLAES U PR
LT L A L T T B B B A G L N S (S FUUNPEN RS A s T AU S S SN
Adat ald, dalad, LU, o ansalinl, 0 o u b S s, s, Ldia S, st 3, ..

ST S O T N S R B A S L N S PO I

wlniput s D ST nons

Sdat al @ el 10t e et b ey ||

Lldal asZs dal 4ot 0 st ut b BN

Tedat s bt s o b e o e : IR

Sl Fooxeos o0 1l Lot o, [ N R e o et bl 1D
Vs, Tulg %A Ve it st i,

Lt (RIS T I I (RO gy e to e o, N [
|1 v i [ il r '
LR U RS VS S I NV S S B B O i [ : e FIEN ol doina
Lioul i o rl [N 1 ; . [T . (IR

T [ R D S PR S S ST G P S S Lo, o

B L B T N R I A [ R O T A RIS A Y SR

EE TR F WY B U S A RS T T S Ll

T ooulput s owerghit ling Tector o ol St Lt

SO out pul o werghttng Tactor o ST o

sigmal s ovar tance ot ot ot it

NS IYMmdas vt oo ST/ [PREFINE

S Ther <l LoaniCe ool el et gt

TPl joar ameteer s w1 JPEEN

cho_lott s ot p b e A | FA T U N S S B O DR NI

oAl et erval oo t B AN

TNpearl alll e r St it T fuilie b s el b et shaa e e

Jhast el Or o octe b Lo s U biee b it e Wil b 1 o set 1t D hie moee ]l o miode ]
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A N cor e, I ' i P S N T L SO oo &y Ty e
crb ettt Al o Ary e
i [ BN e Ch o
RNROR YRR Torramt o
[ (B [ Iy, P, , karo, G, P N L I a0,
[ , Vo, et ] i pir . R M . Cheg e
ot N meeded [ ML e i . ' DL o
R e I A I RSN SN U L S P S SO A R e B L P I S R ST R A S
et LR LT B ST [t R
Gt more ] I TR B B TE RS i ! th [
Y EE T SopuAay e verme b e ' t [ caprbina ]
R T B e o v g byt . b oAt reer ey phm
RN N R A AR TR
é;f,f(ipz The ot anclat ol e 1 ar pare t b A v, ot he VAT T

CH T vy

2o MAarch s, Salcatiocr A b , o0
A (01 NAat 41 LAREN S O |
Tt D Nar [T S T
oW [RE] [0S BN Y SN S SF I i . T h NN E L B PR fe
Pl H
} AL ot i f [ i o e e il
1b = [],‘ S [ A B T A I ' ;
ub = [];" e s g
HEEE I he 1y RN A I 1 h R e 2

options =optimset (' Y e * ‘', le-10, ... ot
A tbomltote
', 1e-20, ... ioiauleo: .
S, (8007, ... : T

r r

! I' ’/ i il
o e, oK
' sl ettty

| " ! L | ) I l. Vel !
| et e | Nt [ T

neop [ ' n s AT
S I LR R too o he to - i P
YA AL ey e e T ' . Y Suta o x

[p_estimated, resnorm, residual, exitflag, output, lambda, jacobian]. ..

=lsgnonlin (@obj_fn_bias_new,p_init,1lb,ub, options,p_fix,L0,datal,dataz, .
data3,t_c_insulinl,t_c_insulin2,a,b,c,sigmal, sigma2, sigma3, t_exp, ...
Nparameters,estimator,NoMean); 1o, Ih, ar,npt o,

11 exitflag==
STOP=1;

109



end

HACCL gy

TSl tn retnr oot hie . PRI B
varp = resnorm*inv(jacobian'*jacobian)/length(t_c_insulinl(:,1));+
Jar bl

stdp = sqgrt(diag(varp)); -~th. 1 o0 Lovoatr 0 ta Tl ilecr e 00T

Tot Pl v Labioe

'

Uy | R

©o b e s tonad Vpoe
EIgh P, G, 4, o, R, by, , P S O S (T S
SRl v, lalat e, et |
p_model = [];
offset=0;
for ww=l:Nparameters
1f{ ww==estimator (1 T b e b S e vt e and o savie 1t
E R U U O S S S S B B Y ot hie o et tredd T diimens el
ol e et
DA Vel o e adde b
offset=offset+l;
p_model={p_model p_estimated(1l)];
else1f ww==estimator (2) © L h TS B N RPN B PR R L TS B T e
Sl U L fi- ' o [ N I T R R SR
LEoalret
die <o . { i
offset=o0ffset+1;
p_model=[p_model p_estimated(2)];
else S vee bd il cthier a0 10wl the CODtet oS itron of
T R T L e N P R B (I [T N S L
p_model={p_model p_fix(ww-offset)];
end
end

LO_model = [p_fix(2},0,0,01];

% make plots with tew 14 dimensional poramet »0 space 17 plo-1
[c_glucose_model, c_glucose_labeled _model, c_interstitial_insulin_model

c_interstitial_glucose_model, c_Ggut_model]= gluc_sim_new (LO, ...
t_c_insulinl, p_model,plt, '~ I

7.
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D.2.5

obj_fn_bias_new.m

‘ot ion error = obj_fn_bias_new(p_var, p_fix, L0, datal, dataZ,
data3, ...

t_c_insulinl,t_c_insulin2,a,b,c,sigmal,sigma2,sigma3, ...
t_exp,Nparameters, estimator, NoMean)

pvar=p_var

(e =T e it oy et Masoymiyr o . gt vy I imar o o he o
M M
My ] S TR R A S AT
CTh s et ion TE U a@e am b e bt e s IONCNY TN
Famer o
bt ety oy, N , ; v, e, veonland, L.
! IR L I IR R ORI IS S I S B s . Ky, ey e s )
[opsagt o« Pt g
P o AT Mot oowhrech e bl et o
T Xy oamer oo o whorebe T
Prie Fasxed yopt ga oy e, T [P AT re e T Y e b e AT e g
ciyema, 0 L R P U . AR N A
BN {mMT s : R : T, o [lvag
flaceans e gt e St
dar Al odata o oan ] feo ) o IR
ArlAat a0 dAat oot gt e St e [ [
cdat At odat e oor Labeledd v lazras ]y : ERENEN
t_oc_ansulan: M) (mar ] Time coaer gy bt Lamplen mat rix of plasma
b S e T N B N s A [ RS YR REFRIR TR E R
[ TIS AN €1 FEERERC T IS § R (NS PR I i [ [P
Porocat gt cae g s A o 1o T
R STV B N £ A A : P e
< rogmea ) T ] et e : Lo Ty .
Vegmyey, YTy ey 2 ot
Toma? 1 TR A P
o [ RN [y | et
R HrbeT o [ i e e N 1
! Topret T ol The g . ey ot T S I FE N RS A A S T ST
1 i et [ P
S e R C et e ] e mnde)
st s ISR 1 T R
by r T
(RS A A G R B AR I R A S B o e : rrer)
P oy
SOoMEc ch e Ty e A g b , .
+oian 0, Nat | AR I
[ g foe, Nt a | ' b . i
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contrmat by I e oy b o Lo

po_trt e, Gy, o A, PR OO UEN S P , oy, oo ey,

. Sy, Shalor gy

p_estimating = [];

offset=0;

for ww=1:Nparameters

1f ww==estimator (1) FE T T P T FCE S B S VI B A VIR

Lot e e g IR oot R S B TR R N B

Prorn etliee Uy
L SN ROV AR YA S U R

offset=o0ffset+l;
p_estimating=[p_estimating p_var(1l)1];

else1t ww==estimator (2) Lot et st Theal s bualdied! ol and
: P T b b e Lodnal

AT [ T oo

b b Al g
I O A B S VI LTINS TR
offset=o0ffset+l;
p_estimating=[p_estimating p_var(2)];
else Luave all the b e . i :

[ Y N YA R S NI B SO SN BN O { ",

p_estimating=(p_estimating p_fix (ww-offset)];

end
e
Chninuboe pry v h st Wil Mo [ ] | [ R 1
(RO S W TR R A AR
L dline-msaonal o st v e e T i L ol

Solcent Lal 1o
Lsamples tor datal.

plt=0; o mak- NG oplot
[c_glucose_estimating, c_glucose_labeled_estimating, ...

c_interstitial_insulin_estimating,c_interstitial_glucose_estimating, ...
c_Ggut_estimating]l=gluc_sim_new (LO,t_c_insulinl,
p_estimating, plt, ...
T B S B B

St Lo s gt he

A9 1mular trey the o el My amal e L e
AP RIS TS|
sld armern s nal peatameet By ! i R S P
Conrcent et pon
LSamplos ror adatdaz.
if NoMean==0
oty b e
t_insulin2_interpl = t_c_insulin2(1,1):1:t_c_insulin2{(end,1);* [m1n)

c_insulin2_interpl=interpl (t_c_insulin2(:,1),t_c_insulin2(:,2), ...
t_insulinZ_interpl);

t_c_insulin2_interpl(:,1l)=t_insulin2_interpl;
t_c_insulin2_interpl(:,2)=c_insulin2_interpl;
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[c_glucose_estimating2_interpl, c_glucose_labeled_estimating2_interpl. ..

c_interstitial_insulin_estimating2_interpl, ....
c_interstitial_glucose_estimating2_interpl, ...

c_Ggut_estimating2_interpl]=gluc_sim_new (L0, t_c_insulin2_interpl,

p_estimating,plt, ' .. ! ');

“ocaloulatanag the mean of ot he g v [y a0 At
sampbes

GIb=LO0 (4);

c_interstitial_glucose_estimating2_mean (1, 1)=GIb;

i=2;

for r=t_c_insulin2(2:end, 1)
c_interstitial_glucose_estimating2_mean (i, 1l)=. ..

sum(c_interstitial_glucose_estimating2_interpl (r+l-t_exp:r))/t_exp;

i=i+1;
end
else

[c_glucose_estimating2, c_glucose_labeled_estimating2, ...

c_interstitial_insulin_estimating2, ....

c_interstitial_glucose_estimating2, c_Ggut_estimatingZ2]=. ..

gluc_sim_new(LO,t_c_insulin2, p_estimating,plt, ...
[ W

end

SONONT IN: obdisct ave fanetaon shonle rof e the modae ] errog

Ty st s o manamiyAal pon A bl af ML (madde ] serrar )
errorl = c_glucose_estimating-datal;

1t NoMean==

error2= c_interstitial_glucose_estimating2_mean-dataz2;
else SNo Mo

error2= c_interstitial_glucose_estimating2-data2;

e

error3=c_glucose_labeled_estimating-data3;

Lttt al o mode ]l ery ey

1{ Aataset s have difterent caumper o0 same [, thae lpmensions

RS vl o
errorl_new=errorl;
error2_new=error2;
error3_new=error3;
datal_new=datal;
data2_new=data?z;
data3_new=data3;

1{ length(errorl)>length(error2)
for g=1l:(length(errorl)~-length(error2))
error2_new(length(error2)+q)=0;

y
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data2_new (length(data2)+qg)=1; A Sl Slnoe DIVde Dy
MRS
TR U S T R B S (D ! ior - RN T ST ST SRR ST SR 45 S S
rrornl_tew
O S O A R A Adre st
erd
errorl_new=errorl;
datal_new=datal;
error3_new=error3;
data3_new=data3;
else
for g=1:(length(error2)-length(errorl))
errorl_new(length(errorl) +q)=0;
datal_new (length (datal)+qg}=1;
error3_new(length(error3) +q)=0;
data3_new(length (data3)+q)=1;
ericd
error2_new=error2;
data2_new=data2;

end
Het o Gere/ ts gt Lol s ul Cleewy ) Lt s e Dt e (Sraliae s tdat ad_ew ) ) Lt
% crrolZ2_newt (oL (o tama s, Yaiel o tnew ) et on 3 new;

error=led*errorl+l*led*error2+125*led*error3;

Rl SR S N N N A IR E PP S PV BN SR U B SR A BN R T
RSN GRS B SR Y B S O I B RO B oAy
T B B N S T B T A L R R AT

felot o ooy e ot
if 1

figure (100)
subplot (411);

plot (t_c_insulinl(:,1),c_interstitial_insulin_estimating, ': ');
xlabel (" 1w a1 ;
ylabel (' [ N "y ;
Title({'} [ : N
Vi I : ' | ' "1

drawnow; pause (. 3);

Stragure (1
subplot (412);
plot (t_c_insulinl(:,1),c_glucose_estimating,' ',t_c_insulinl(:,1), ...
datal, ' ');
xlabel (' 1. A I
ylabel (* @ o | = [ Sh ! Y
Title({'t '+ " C R R
. .
drawnow;pause (.3);

Prvgore- 00000
subplot (413);
plot (t_c_insulinl(:,1),c_glucose_labeled_estimating, '+ ', ...
t_c_insulinl(:,1),data3, " ');
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xlabel (" - : ")

ylabel (" . ‘ : R ; "y ;

Title ({"! i | : . R B
" ; . ' : ")

drawnow; pause (. 3);

Stoaogre (100

subplot (414);

1 NoMean==

plot (t_c_insulin2(:,1),c_interstitial_glucose_estimating2_mean, ' ', ...
t_c_insulin2(:,1),data2, "' '});

else

plot (t_c_insulin2(:,1),c_interstitial_glucose_estimating2,'. ', ...
t_c_insulin2(:,1),data2, ' ');

end

xlabel (' . P )

ylabel (" : ‘ i : )

Title({" ..
e : "1);

drawnow; pause (.3);

<o
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D.3 worstcase bias

worstcase_bias_ss.m

tunction [WorstCase_Bias,estimation]=worstcase_bias_SS ()

s0ral Minimel Moaol ot gluce s minet o
sThis =scrtwt colowlatos e wordt oo ol ol Manmad e loor

rlucos

25 08 Ue, sSalvador Almagro Frotoo, e

sPunct toa

s {WOorst wse Bras] - wor Sl cane o )
%

sloput: twrctd e

v NUWNE

AUUL el s T b o

AW sty | T ETE : L oot Pt Ldtent ! Lable

Bl AlCT L, g, 4 . ,
ot alrsanr e

clear 11

gluc_param_new;

Nparameters=length (p_true);

NoMean=0; tCalouldles Uhe meann over 0 Rt npai e, o0 Lt e st pal
ylucouse

Ssamples 1 NoMean O

diary (.
Dt b names, o thee oy e RN I S PR R SURTEIS S S B R S S I S FYR S TR RS P

filename="' . , "

B [T, by, oo, ook, Rer P S S O N Y B
ol liver, Sl g, NSRRI [ B S O R LT Il SR SUR
-

Lo XLUWIL ke sl leer

p_fix = [Ib Gb p2 DS Beta k p5S p6 SIcap SIliver Coeffl];

e b Gt el e

DS=75/10; « [t 1 oyt !

6 LU RDOWE It L et cne T L

p_init = [Kabs V p4 SIglut4d];
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t_insulinl_interpl = t_c_insulinl(1l,1):1:t_c_insulinl(end,1); =[]

c_insulinl_interpl=interpl(t_c_insulinl(:,1),t_c_insulinl(:,2), ...
t_insulinl_interpl);

t_c_insulinl_interpl (:,1)=t_insulinl_interpl;

t_c_insulinl_interpl(:,2)=c_insulinl_interpl;

t_insulinl =1:1:t_c_insulinl (end, 1)
Crnmnlas S T 200 20 30 s g0 Ln s e e TN 20 G0 120G 157 240 ;
Poaronlaoel [ R O A U E N H SRS T

for uuu=l:length(t_insulinl)

c_insulinl (uuu) = c_insulinl_interpl(t_insulinl (uuu)+1);

end

clear :

t_c_insulinl(:,1)=t_insulinl;

t_c_insulinl(:,2)=c_insulinl;

simulatron usina cat ol
[c_glucose_model, c_glucose_labeled_model, ...
c_interstitial_insulin_model, .. ..
c_interstitial_glucose_model, c_Ggut_model]=. ..
gluc_sim_new(LO,t_c_insulinl, p_true,plt,...
' [ R N I

if NoMean==
ol terre iyt e
t_insulin2_interpl = t_c_insulin2(1,1):1:t_c_insulin2(end,1); . im1 |
c_insulin2_interpl=interpl (t_c_insulin2(:,1),t_c_insulin2(:,2), ...
t_insulin2_interpl);
t_c_insulin2_interpl(:,1l)=t_insulin2_interpl;
t_c_insulin2_interpl(:,2)=c_insulin2_interpl;

BRI I B DI SR PER S
[c_glucose_model2_interpl,c_glucose_labeled_model2_interpl, ...
c_interstitial_insulin_model2_interpl, ...
c_interstitial_glucose_model2_interpl, ...
c_Ggut_model2_interpl,c_Ggut_model2_labeled interpl]....

=gluc_sim_new (LO,t_c_insulin2_ interpl,p_true,plt, ' b )
Caloalat tra che me b e e el At Ayt b Al e
S len
GIb=L0(4);
c_interstitial_glucose_mean(l,1)=GIb;
i=2;

for r=t_c_insulin2(2:end, 1)’
c_interstitial_glucose_mean(i,1l)=...
sum(c_interstitial_glucose_model2_interpl (r+l-t_exp:r))/t_exp;
i=1i+1;

end

else
simiulat ron asing et Al
[c_glucose_model2, c_glucose_labeled_model2, . ..
c_interstitial_insulin_model2, ...

117



c_interstitial_glucose_model2, c_Ggut_model2, c_Ggut_labeled_model2] . ..
=gluc_sim_new (LO,t_c_insulin2,p_true,plt, ' .o . Y
end

Adelriegy e
datat_new=t_insulinl;
datal_new=c_glucose_model;
atal Jnew ot gl et ey [ [ S I B U B A SR AR
1f NoMean==
data2_new=c_interstitial_glucose_mean;

bl dZ new de Uocd new i be e [ PR ST RN S B B U

else

data2_new=c_interstitial_glucose_model2;

Laaliad_ttew ot _new UL 2 o cndin (he st b G oes w1 s RUTSY

end

sGal ad_tiew awgil (e bt e e b o b b L, (1700 dn), Teanured !, oL
[ O B T T N S S G DS (PR B NI S R R AR A |

data3_new=c_glucose_labeled_model;

RS T 0 IV N S I I U Y
AU bt i Ul et o pinoe e L L S T A S A S A T R S SR S O $1
Slttett 1 g e Ly [ ' b, , b, N I
p_init_copy=p_init;
b=1;

estimation(l,:)=[-0.5 -0.4 -0.3 -0.2 -0.1 0.1 0.2 0.3 0.4 0.5 1;
estimationl (1, :)=estimation(l, :);
estimation2 (1, :)=estimation (1, :);
estimation3 (1, :)=estimation (1, :);
estimation4 (1, :)=estimation (1, :);

for kk=1l:length(p_init)
11=0;
for zz=estimation(1l, :);
p_init=p_init_copy;
11=11+1;

estimator=find (p_init (kk)==p_true);

estimatorl=find(p_init (1)==p_true);

estimator2=find(p_init (2)==p_true);

estimator3=find(p_init (3)==p_true);

estimatord4=find(p_init (4)==p_true);

Syt y g Uhie pdent Labile b ohete e 0y

p_True=p_true(estimator) it .t | sy 1 mwonitor

p_init (kk)=p_init (kk)+ zz*p_init (kk)

[p_model, LO_model, c_glucose_model,c_glucose_labeled_model, .. ..

c_interstitial_insulin_model, . ..

c_interstitial_glucose_model,
c_Ggut_model, resnorm, residual, varp. . .

,stdp]=gluc_omm_mls_new(datal_new,data2_new,data3_new, L0, ...

t_c_insulinl,t_c_insulin2,a, ...

b,c,sigmal,sigma2, sigma3,p_£fix,p_1init,t_exp,Nparameters,NoMean, plt);

estimator
p_Model=p_model (estimator) oy e, e st
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estimation (kk+1,11)=p_model (estimator);

estimationl (kk+1,11)=p_model (estimatorl);
estimation2 (kk+1l,11)=p_model (estimator2);

estimation3 (kk+1l,11)=p_model (estimator3);
estimationd (kk+1,11)=p_model (estimatord);

=nd

SCalon st g wors e

estimation
WorstCase_Bias (b, :)=[p_true(estimator)

max (abs (p_true (estimator)-estimation(kk+1l,:)))];
b=b+1;

end

TARGET=fopen (filename, * )

fprintf (TARGET, . ..

. oL ',estimationl');
fprintf (TARGET, ...
' I . .
P oo ‘,estimation2');
fprintf (TARGET, . ..
o b P N R L
fprintf (TARGET, . ..

; N 1 ' Yo,
[ [ i oL oL B [ S

‘,estimation3"');

oL o ',estimationd’);
fclose (TARGET) ;
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D.4 A priori parameter sensitivity

param_sens_new.m

tunction [varp_matrix]=param_sens_new ()

o

“0ral Minimal Moael ot g lucose 1
LIhis rtenct 1o analyvye s e o i
TUUL bira thie et 1o ot e
it varren the o Ll pa e s

5
%
AHLstory
TO7-quly 06, Calvaaor Altagro b o,
%, \h %

shunction:
L varp et 1 Af —paraun_Sens _feew ()
AUt s raunct vor
NONE
TOutput s tunctron:
ZVALD WA TR Dot b st LT [T

SR LOI L fuatd afll=t st oty v, T, i,

Toct bl i
clear [
gluc_param_new;
Nparameters=length (p_true);
NoMean=0; " alculat —s Ul nean o0
glucase

Suamples 11 NoMean §)

% St e, the roamees ol e mar ]
filename="': K w i
diary . - 1.__ . :

SN 11,

b, i/, DL, Rt s, Fer oy, 1,
Slalutd,  toertl; s 1Y e o

voliiver,

Ao KInuwsr Joa o et er s
% ULy Opl Linal 1wt
DS=T75/10; ¢ DG T out Lo piwos 1y

EOLLEKIT Wt Motie ! 1 '

e
Prie-{ et
Wt h
.
[
i
r

[ AR

p_init = [1.4*Kabs 1.4*V 1.5%*pd 1.5*STglutd];

5 salple  soteedulens wrth o Do

e 1=t

il praloe

al L.
1
[P
LI«

1
(0

ahdd

[

LDter |

s

Il

Vot

50

ot

e

preal dlllelet s 2

’

S, e

[N

p_fix = [Ib Gb p2 DS Beta k p5 p6é SIcap SIliver Coeff];

dat

1
t_insulinl_interpl = t_c_insulinl(1l,1):1:t_c_insulinl(end,1l);x|lmin]
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c_insulinl_interpl=interpl(t_c_insulinl(:,1),t_c_insulinl(:,2), ...
t_insulinl_interpl);

t_c_insulinl_interpl(:,1)=t_insulinl_interpl;

t_c_insulinl_interpl(:,2)=c_insulinl_interpl;

simular ron norna catal

[c_glucose_model_interpl,c_glucose_labeled_model_interpl, ...
c_interstitial_insulin_model_interpl, .. ..
c_interstitial_glucose_model_interpl, c_Ggut_model_interpl]=...
gluc_sim_new (L0, t_c_insulinl_interpl, p_true,plt, ...
' : )i

1 f NoMean==

Tnterpolat ina dat 4.

t_insulin2_interpl = t_c_insulin2(1,1):1:t_c_insulin2(end,1);>{m1n}
c_insulin2_interpl=interpl (t_c_insulin2(:,1),t_c_insulin2(:,2), ...
t_insulin2_interpl);
t_c_insulin2_interpl(:,1)=t_insulin2_interpl;
t_c_insulin2_interpl(:,2)=c_insulin2_interpl;

simulAr o aEint et 1S
[c_glucose_model2_interpl, c_glucose_labeled_model2_interpl, ...
c_interstitial_insulin_model2_interpl, ...
c_interstitial_glucose_model2_interpl, ...
c_Ggut_model2_interpl,c_Ggut_model2_labeled_interpl]....
=gluc_sim_new (LO,t_c_insulin2_interpl,p_true,plt,’ N PN D I 1

ST
GIb=L0(4);
c_interstitial_glucose_mean(1l,1)=GIb;
i=2;
for r=t_c_insulin2(2:end, 1)’
c_interstitial_glucose_mean(i,1l)=...
sum(c_interstitial_glucose_model2_interpl (r+l-t_exp:r))/t_exp;
i=i+1;

end

else
! arroalat ron N1 na Al e

[c_glucose_model?2, c_glucose_labeled_model2, ...
c_interstitial_insulin_model?2, ..

c_interstitial_glucose_model2, ¢c_Ggut_model2, c_Ggut_labeled_model2]. ..
=gluc_sim_new (LO,t_c_insulin2,p_true,plt, ' ")
end

(SR IR RS I A B
datat_new=t_insulinl_interpl;
datal_new=c_glucose_model_interpl;
datal_new=datal_new+0.05 * randn(length(datal_new),1);>*5- RUIS
if NoMean==
data2_new=c_interstitial_glucose_mean;
data2_new=data2_new+0.10 * randn(length(data2_new),1); % FIS5
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else

data2_new=c_interstitial_glucose_model2;

data2_new=data2_new+0.10 * randn(length(data2_new),1l); -t4% hkilu%
end

data3_new=c_glucose_labeled_model_interpl;
BPnGoLe L Lallrot 1ot

AU e Ul e e rrnan o of b b e b ba o v bl Lo

Bd LI LCLL parAmeteor o by <, Si, Fo, Ly

p_fix_copy=p_£fix;

estimation(l,:)=[-0.3 -0.20 -0.1 -0.05 0.05 0.1 0.20 0.301;
estimationl (1, :)=estimation(l, :);
estimation2 (1, :)=estimation (1, :);
estimation3 (1, :)=estimation(l, :);
estimationd (1, :)=estimation (1, :);
tor kk=1l:length(p_£fix)
11=0;
p_fix=p_fix_copy;
for zz=estimation(1l, :)
p_init_saved = [Kabs V p4 SIglutd];
estimatorl=find(p_init_saved(l)==p_true)

estimator2=find(p_1init_saved(2)==p_true)
estimator3=find(p_init_saved (3)==p_true)
estimator4=find(p_init_saved(4)==p_true)

11=11+1;

R N I P I B Y R S A S N SN B SPE N GRS R O [ AR

p_fix(kk)=p_fix(kk)+ zz*p_fix(kk)

¥

[p_model, LO_model, c_glucose_model, c_glucose_labeled_model, .. ..

c_interstitial_insulin_model, ...
c_interstitial_glucose_model,
c_Ggut_model, resnorm, residual, varp. . .

, stdpl=gluc_omm_mls_new(datal_new,data2_new,data3_new,LQ, ...

t_c_insulinl_interpl,t_c_insulin2,a,b,c, sigmal, sigma2,sigma3, ...
p_fix,p_init, t_exp,Nparameters,NoMean, plt);

estimationl (kk+1,11)=p_model (estimatorl);
estimation2 (kk+1,11)=p_model (estimator2) ;
estimation3 (kk+1l,11)=p_model (estimator3);
estimationd (kk+1,11)=p_model (estimatord);

varp_matrix (kk,1ll)=det (varp) VUL, ol ILOn L o

end
enct
TARGET=fopen (filename, ' Y
fprint £ (TARGET, . ..
[ ',estimationl');
fprintf (TARGET, ...



' [ 1
I o . . o

',estimation2');
fprintf (TARGET,
',estimation3');
fprlntf(TARGET

v 1 . A

',estimation4');
fclose (TARGET) ;
varp_matrix=[p_fix' varp_matrix]
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D.5 Optimal Input

opt_input_new.m

function [DS_T_opt,DS_matrix]=opt_input_new/()

o
Bl Wiiiime L M | SN B FTOREN [ :
NI Thloiet | [ by pot t [ [ TR N P TR
: I Ly t i ! ! i
ALt ory
LU july 06, “alvador almagro brovo o, LU
L% %
Sbhunct Ton:
SIBS_T_opt,US _ matrix) Gl 1hpal e O

Lrviovdb = eyt e

HONE

sl put s bt o

EIZETID M St i U L

T R L O S S (R A N oo b At T S Lo shee o maat e ba
(il vow)

[STR U
gluc_param_new;
Nparameters=length (p_true);
NoMean=0; st lonil ot e P he o oat cve s 0 a0 g nd e, o rnterorat ral o glucose
LsampLes

plt=0; =make o e

5 oSels Uhe e ot b syt s e est tated pardmet e s
filename=".: P . . . '

diary - L ‘ <

spro- e, shy, ez, LS, Robe, b, -, w0 e, b o, Shoap, oL,
eI b yver, Dlaglat 4, oottt ]y Poo o r s b e s et el ade

sRIITOWI A e e
p_fix = [Ib Gb p2 DS Beta k p5 p6 SIcap SIliver Coeff];
SRV W T de ] g e ot

p_init = [1.4*Kabs 1.4*V 1.5*p4 1.5*SIglutd];

sample schedules with a 1Treagueney olomannt e Tor data |
t_insulinl_interpl = t_c_insulinl(1,1):1:t_c_insulinl(end,1); ¢ [m1:]
c_insulinl_interpl=interpl(t_c_insulinl(:,1),t_c_insulinl(:,2), ...
t_insulinl_interpl);
t_c_insulinl_interpl(:,1l)=t_insulinl_interpl;
t_c_insulinl_interpl(:,2)=c_insulinl_interpl;
RSP chie e N SRR . s [ A N
t_insulin2_interpl = t_c_insulin2(1l,1):1:t_c_insulin2(end,1l); «{mi]
c_insulin2_interpl=interpl (t_c_insulin2(:,1),t_c_insulin2(:,2),...

¢
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t_insulin2_interpl);
t_c_insulin2_interpl(:,1)=t_insulin2_interpl;
t_c_insulin2_interpl(:,2)=c_insulin2_interpl;

Pl Tt erart value o ton Do iy at g it e 1)
DS_vector=[1:100]./10; . «ic i, oo 10 (sec cpfinrent 1al

St rons)

kkz=0;

for z=1l:length(DS_vector)
kkz=kkz+1
p_init_saved = [Kabs V p4 SIglut4];
estimatorl=find(p_init_saved (l)==p_true)
estimator2=find(p_init_saved (2)==p_true)
estimator3=find(p_init_saved (3)==p_true)
estimator4=find(p_init_saved (4)==p_true)

“har age 105
DS=DS_vector (z)
p_true (4)=DS;
p_fix = [Ib Gb p2 DS Beta k p5 p6 SIcap SIliver Coeff}];
[ I R B T T T T s 1 e ot gl et h o b e ey o manat e,

DO A A I

[c_glucose_model_interpl,c_glucose_labeled_model_interpl, ...
c_interstitial_insulin_model_interpl, ....
c_interstitial_glucose_model_interpl, c_Ggut_model_interpl]=...
gluc_sim_new (L0, t_c_insulinl_interpl, p_true,plt,...

i R A W

1 { NoMean==
Interpola 1na clas

Sonimilat ron using et Al

[c_glucose_model2_interpl, c_glucose_labeled_model2_ interpl, ...
c_interstitial_insulin_model2_interpl, ...
c_interstitial_glucose_model2_interpl, ...
c_Ggut_model2_interpl, c_Ggut_model2_labeled_interpl]....

=gluc_sim_new (LO,t_c_insulin2_interpl,p_true,plt, "’ D I
calevilat i s he e ot e Gt it A gl the At A
samp e
GIb=L0 (4);
c_interstitial_glucose_mean(l,1)=GIb;
i=2;

for r=t_c_insulin2(2:end, 1)’
c_interstitial_glucose_mean(i,l)=...
sum(c_interstitial_glucose_model2_interpl (r+l-t_exp:r))/t_exp;
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i=i+1;
end
else
R (IR TS GRS T R PR P B O N
[c_glucose modelZ,c_glucose labeled_model2,
c_interstitial_insulin_model?2,

c_interstitial_glucose_model?2,c_Ggut_model2,c Ggut labeled_model2].
=gluc_sim_new (LO,t_c_insulin2,p_true,plt, ' - ")
end

Hoaddariig nc N

datat_new=t_insulinl_interpl;
datal_new=c_glucose_model_interpl;
datal_new=datal_new+0.025 * randn(length(datal_new),1l);
11 NoMean==

data2_new=c_interstitial_ glucose_mean;
data2_new=dataZ2_new+0.05 * randn(length(data2_new),1);
else

dataZ2_new=c_interstitial_glucose_model2;
data2_new=data2_new+0.05 * randn(length(data2_new),1l);
end

data3_new=c_glucose_labeled_model_interpl;

plots o dala with oo ten
makoe plorooat e
it plt==
wplors
figure;
Gb=p_true (2);
subplot (311); plot (datat_new,datal_new,' ', ' . P, 2);
hold r.1;
plot (t_c_insulinl_interpl(:,1),c_glucose_model_interpl,' -',
Cldew ot ', 2)
hold .i;;
plot ( [datat_new(l) datat_new(end)], [Gb Gb], ' S, S, 1.5)
Hasel tiee Teve ]
xlabel (' b ")
ylabel (' i ; ' ! )
Tltle(

L

by )

O O I N
1 NoMean==0

subplot (312); plot(t_c_insulin2(:,1), data2_new,’' ', ' 1 o1 : Ii',2)
hold .
plot (t_c_insulin2(:,1),c_interstitial_glucose_mean, ' : ', ...
it s it ,2);
else
subplot (322); plot(t_c_insulin2(:,1), data2_new,' ', '  .i . u',2)
hold
plot(t c 1nsulln2( ,1),c_interstitial_glucose_model2,' ', ...
1 2);
ena
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xlabel (! Lo ')Y; ylabel. ..
("1 : ")

Title (...
Pl . v, [ P H i
")
subplot (311); plot (datat_new,data3_new, ', ' : b, 2);
hold ;
plot (t_c_insulinl_interpl(:,1),c_glucose_labeled_model_interpl,’ 'y
' 2)
hold ;
plot( [datat_new(1l) datat_new(end)], [Gb Gb]l, ' L, e ', 105)
TRase ] pne Lo 1
Xlabel (" . ")
ylabel (' ! ; : ")
Title (...
' . : { 5, . ‘ .
I I
end

oestamat ana the omode Loy ame e

[p_model, LO_model, c_glucose_model, c_glucose_labeled_model, ...
c_interstitial_insulin_model, ...
c_interstitial_glucose_model, c_Ggut_model, resnorm,residual,varp, ...
stdp]l=gluc_omm_mls_new(datal_new, data2_new,data3_new, L0, ...

t_c_insulinl_interpl,t_c_insulin2,a,b,c,sigmal,sigma2, sigma3,p_£fix, ...

p_init, t_exp,Nparameters,NoMean, plt);

1 z==1
varp_old=varp - A1t i | I S S TR S R
DS_T_opt=DS_vector (z)

»lsert det (varp)<det (varp_old) ' Tt he b e e
varp_old=varp; AT e e I B AT S AE I MR
det (varp) Troae I
DS_T_opt=DS_vector (z)

end

det (varp)

DS_matrix(z,:)=[DS, det (varp)];

estimationl (kkz)=p_model (estimatorl);
estimation?2 (kkz)=p_model (estimator?2);
estimation3 (kkz)=p_model (estimator3);
estimationd (kkz)=p_model (estimatord);

ond
TARGET=fopen (filename, ' I
fprintf (TARGET, = ' . ‘,estimationl');
fprintf (TARGET, ' | . ',estimation2');
fprintf (TARGET, = : . ,estimation3');
fprintf (TARGET, ' ‘,estimationd');

fclose (TARGET) ;
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D.6 Optimal Sample Schedule

opt_sample_schedule_new.m

function [opt_SS_datal,opt_SS_data2,opt_datal,opt_dataZ2...
,opt_data3]=opt_sample_schedule_new()

TEoah M 11 A i i . i

| R O P S A c ot . ATO eyt R TR Pt (59 ) Tor 1 bie
roa) Miuvrmal Moo [ T oo e CoTor e et ol phe T shieer
AL LA

AT gor et hms ased o st b Wit b et 1ol Lamp e soheaule whers
seach rnarc rdu el wample v L Gpt ns oy CCapar i tbowith o ats

el ghboar 1y
ssamples 1 thy convent i ol e L b gL,

Lol oS dar =1, e e, . o P S S T A Y 0 S T S O A
> Ol _aradt 2t wpt et b Cow)
2)

sinput s tuncl Lo

5 NONE
%
SOUT UG tunor son:

OpL_Sh_Jdat sl [T SR g b I ! [

S SR Lett o RIS e ! i i

oWl oS bl et r o LLn st g tee ey B

Sopt _datal s opr gl e b s e . A i

Sopl _dat o/ cp ol sarny g s o : . coa

CRU At ass ot sl g Le o e [ A N

it lalisat 1on

clear |
NoMean=0; sCalonlar =t e Aan ve N Pittale 5ot rnt et ot nadl

glucone

Max_Exp_Dur=240; Pl miiaania] stiee b e eape DTecDt o ke
Sudmples 11 hoMean -0
gluc_param2_new;

Nparameters=length (p_true);

diary .. AN o i U

PN - 3 < PR < s I P 5 .
[ 1, [ ST PO O L O Y

Sl rver, sle by, S A [ R D I LR T S TR

BOoUSIIg optlmel Thour
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DS=75/10; " ["S_1_cpt ]-ont _imat ()

TUOatIt4h g pinest oo o
D A i T [N poy .
[N i it ;

p_fix = [Ib Gb p2 DS Beta k p5 p6 SIcap SIliver Coeff];

[ R I O S DR A R | TR PR L B s
IREANE [ S S S ] P P, IR R
p_init = [1.4*Kabs 1.4*V 1.4*p4 1 4*STIglutd];
Laaminlat poeg mede s rag a0 samp e T R A LR T ARV g
fad e Inags opt e Al rnpat
R O N T A U A
plt=0;
samp e scohean i e et b ey Iy TS T B O
t_insulinl_interpl =
t_c_insulinl(1,1):1:Max_Exp_Dur;“:_. i: o lini{ont, 1);

“lmin

c_insulinl_interpl=interpl (t_c_insulinl(:,1),t_c_insulinl(:,2), ...
t_insulinl_interpl);

t_c_insulinl_interpl(:,1)=t_insulinl_interpl;

t_c_insulinl_interpl(:,2)=c_insulinl_interpl;

Simid At ing dat ool
[c_glucose_model_interpl,c_glucose_labeled_model_interpl,
c_interstitial_insulin_model_interpl, .
c_interstitial_glucose_model_interpl,c_Ggut_model_interpl]=...
gluc_sim_new (L0, t_c_insulinl_interpl, p_true,plt,

o i

»osamp e schadinles tor data s w0 ey b L mannte
t_insulin2_interpl =

t_c_insulin2(1,1):1:Max_Exp_Dur; AR AR IR S TR U I

c_insulin2_interpl=interpl (t_c_insulin2(:,1),t_c_insulin2(:,2), ...
t_insulin2_interpl);

t_c_insulin2_interpl(:,1)=t_insulin2_interpl;
t_c_insulin2_interpl(:,2)=c_insulin2_interpl;

coamitleat toan s At o
[c_glucose_model2, c_glucose_labeled_model2,
c_interstitial_insulin_model2,

c_interstitial_glucose_model2, c_Ggut_model2, c_Ggut_ labeled _model2].
=gluc_sim_new (LO,t_c_insulin2_interpl,p_true,plt,’ S

Acdling noase
datat_new=t_insulinl_interpl;
At Aal_new=awan (C_ulucosa_made 1ot oy, (173.008) ) Ymeanony sl
AL RIS
datal_new=c_glucose_model_interpl;
At A2 _new Awon (c_tnterat it Al rhuee e e de b (120 e LTRSS

T ar Yy At RIS ooy

, Planear?

Y

).
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data2_new=c_interstitial_glucose_model2;

Pl S v W U s b e b boer e kel

IR S B T P L S N G T

; B : [ :
data3_new=c_glucose_labeled_model_interpl;

Covd ottt rala o

it 1

Ccaloulat trg the e D Linp b -0 e it
DALJOrrthies Dasedd Or SUart aia Wit b Loves b1l
teeach rndivictnr ol sampbe 1o b SO 0 T
Treerghbour g ainpte 5ot b c Lot g e
Tanrtralrzata o Glive tUp o [N I NI
opt_datal=datal;
opt_data3=data3;
opt_SS_datal=t_c_insulinl_interpl(:,1);
datacl_using=t_c_insulinl_interpl (:,2);
aa=l:1:(2*t_exp-1);
endvalue=leb;
r=1;
for g=1*t_exp:t_exp:endvalue
for z=[aa]l
qZ=q+Z ",,‘,I‘;Eli Ly Tl
Lotz o Wt h o sptar s i e dnp ooy
SneLahronur ndg sargs o t ' Pk it
T U I S ) N B A TS et ol dup it

datatl_using=opt_SS_datal;
datatl_usinggg=opt_SS_datal' 1 1 , ;
datal_using=opt_datal;
data3_using=opt_data3;
datatl_using_old=datatl_using'

[ N

datatl_using{(qg/t_exp+1)=opt_SS_datal (q/t_exp) +z;

ot by
datatl_using_new=datatl_using' oo,

Aprocediare v the horprson o

SOt cat e Pl b Dy [T

% Uhe ttiradl amprl- o b /I ST TR
1f datatl_using(g/t_exp+1)>=Max_Exp_Dur. ..

Lo b

display ('

O

aa=1:1:(2-r)*t_exp-1 T TR SRR Ui
N s  REE SRS ST R NI PEo

U

t

Soteeectu Tee

Erpeut

B

Sy, T
| i
v s
oWt hon
e g

ER O TR I

RV I AR S|

2

3

wilh

LLs

cohiedu e

Fela

BEEE S IRt

S

whe o

Lo
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r=r+1;
1f numel (aa)==
display (' . . : S o | R TR
Salefanana thie ot e s opt _mamv e s heaule__new
e LT R SR E I T (RS RRTATE
opt_SS_dataz2=0
opt_data2=0
return
end
e

datal_using_old=datal_using'; ol ol en

datal u51ng(q/t exp+1)—datal new (opt_SS_datal (g/t_exp) +z+1);
ANV D e fone oy e

data3 u51ng(q/t exp+l) =data3_new (opt_SS_datal (gq/t_exp) +z+1);

?schedile

datal_new_neww=datal_using'; i

data3_new_neww=data3_using'; ‘.:

Trol oy

roaargt ooy

datacl_using_old=datacl_using; .1+t .y o omongtoe

datacl_using(q/t_exp+l)=t_c_insulinl_interpl (opt_SS_datal {(gq/t_exp) +z+1,
2);
AEATITG rew Amp ] i elas ot cm b 0 cher il
datacl_using_new=datacl_using'; i s 1y 0 omennt o
datatl_c_using=[datatl_using datacl u51ng],

L Rl I ol g LT N RE PR S TRTA ' LR bt s ke At s EREE
chan »n R T O . '
if (g/t_exp+2)<= length(datatl u31ng)

1f datatl_using(qg/t_exp+l)==datatl_using(g/t_exp+2)

pause

ww=1;

while (g/t_exp+l+ww)<=length(datatl_using)-
datatl_using{(g/t_exp+l+ww)= datatl_using(g/t_exp+l+ww)+t_exp
datacl_using(gq/t_exp+l+ww)= datacl_using(g/t_expt+l+ww)+t_exp
datal_using(q/t_exp+l+ww)=datal_using(q/t_exp+1l+ww+1l)
data3_using(q/t_exp+l+ww)=datal3_using(q/t_exp+l+ww+l)
wWw=ww+1;
end
datatl_using=datatl_using(l:length(datatl_using)-1)
datacl_using=datacl_using(l:length(datacl_using)-1)
datal_using=datal_using(l:length (datal_using) -
data3_using=data3_using(l:length (data3_using)-1)
datatl_c_using=[datatl_using datacl_using];
opt_SS_datal=datatl_using . i:i-0 th cnprent 8
opt_datal=datal_using " savana the cdata of the curven
opt_data3=data3_using © ©savae the dara of the current 085

end
end
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TR SR T A A SRR B T A T S A s ottty tashe:

U1l ¢ LA

[p_model, LO_model, c_glucose_model, c_glucose_labeled _model,
c_interstitial_insulin_model,
c_interstitial_glucose_model, c_Ggut_model, resnorm, residual, varp, ...

stdpl=gluc_omm_mls_new(datal_using,data2,data3_using,L0,datatl_c_using,
t_c_insulin2,a,b,c,sigmal,sigma2, sigma3,p_£fix,p_init,t_exp, ...

Nparameters, NoMean, plt);

1t z==aa(l)

varp_old=varp; BT O L T AL BN
optimumDET=det (varp) o, TR I
opt_SS_datal=datatl_using oo e oS
opt_datal=datal_using o b S L Uhe curreent Ou
opt_data3=data3 u51ng ot e <o ol e current 5u
SAVED=1« 115} |- L
elsens det(varp)<det(varp old) .« -~ 1 che o s 1A
varp_old=varp; o ol v L bt i nan. b1 he
11 sl
IR N
SAVED=1 1 i . o
optimumSample=qz :: - » [
opt imumDET=det (varp) Ssp b, b duontr o
opt_SS_datal=datatl_using -s.ving “he current 58
opt_datal=datal_using °~ = (viae C e ddata of the currenc
DU
opt_data3=data3_using et T he At L cp the carrent
5
elses
det (varp) rroela, 0w e
NOTSAVED=1 «t1splay, o ot o
end
end
end
=nd
1t 0
wCaloulat gt opt 1 ol tee B Lo Taput 2
HLLAT Lal 174t v b comnee it on el Lot e ohiectin ]
sAlyor It iy ases ol gt sr s w0 vt Lohias samplee schedule where
Heach tndreyanal o sampls RSN [ R wilthoan s
shelahbour chg Lo o L T e v ! U sap e st i e
Sl Lt Lerd by At coags b e g L R e by
opt_data2=data2;

opt_SS_dataZ2=t_c_insulin2(:,1);
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aa=t_exp:t_exp:5*t_exp;
endvalue=leb;
r=1;

for g=l*t_exp:t_exp:endvalue
for z=[aal

gz=g+z i) ay e mannt e
SRR S R R O S A LR SR R S U S P SNIES 11 RS SR H (O SR I
faec gl s s e ! e Toeedo) v b b

A AR e
datat2_using=opt_SS_data2;
data2_using=opt_data2;

At 1 me ’~(1TW5>1V Lo e T

elenslat ara the moan oot v he ot rne et o
o

SumOfData=0;

1 f NoMean==

for pp=1:1l:t_exp

SumOfData=SumOfData+data2_new (opt_SS_data2 (g/t_exp) tz+1-

RS o INR TS SRS P S B AT S S I

end

Meandata=1/t_exp*SumOfData; -+ - St | e
data2_using (g/t_exp+1l)=Meandata;
else

cpvier et

data2_using(g/t_exp+l)=data2_new(opt_SS_data2 (q/t_exp)+z);

ol [T iy

end

datat2_using_old=datat2_using' v [

datat2_using (q/t_exp+1)=opt_S8S_data2 (g/t_exp) +z; ERIMN RS
chrecnn b

datat2_using_new=datat2_using'

dataZ_new_neww=dataZ2_using' i .1 . : ;Mmoo

R e AR AL TR SO | U EEE Tt A arp

1

i AR bt he ] ! o N e s 16
Lhee oot ival amy e noohie b 00 0 o hedd

1f datat2_using(g/t_exp+l)>=Max_Exp_Dur - om le o

o

Breac e
display(': - o Sy
aa=t_exp:t_exp: (5-r) *t_exp; S i o b Coithe hooasoe
At least o onsd o oar the Ja o b ke
r=r+l;
1Y numel (aa)==
display ('
der e the oniipat o st et e ops . amn e neh

whirh

CAlen At e 1t thir
opt_SS_datal=0

opt_SS_data3=0

opt_datal=0

AAare niot

Adatas At the

Wl 1
A ad
(pp)):

Sl e

TeaAaving

e e _new
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D.7 White Noise test

whnoisetest_new.m

tunction [datacov,mean_datal,mean_data2,mean_data3]l=. ..
wnoisetest_new(datal,data2,data3, residual)

mal Minimal Modet of alucsse kaynet o Too]
$This function analyzes tho proapirties o1 dara used on residuals lelt

Yduring the estimation proccodire

SHi1istory
207 suly 06, Salvador Almagro Frutos, Ti/o
9 .0

et ion:

Cldstacov_dat al, mean_datal, mean_daraZ | —wneasetest (dat al,dat 42, re sichial)

sinpats function:
| data of anterstitaial nsualin [BM]
data of 1nterstatial glucose [mM

cdata of labeled plasma alucose [mM] .

“Sresidual s the value of 1the residual of the estimatior algorihm.
TOutput s fuanct ion:

Sdatacov_cdatal: crosscorrelarion of the data.

Fmean_dat 41 caleniating rhe mean of the data. Must bhe zera,

tmean_dataZ: calcenlating the mean of the At a. Muast be z2aore.

N
+

Smean_datal: calenlating the mean 4 th dat 4, Mast bhe wora

SOTEST: calculating the mean. Must b oo
mean_datal=mean (datal);
mean_data2=mean (data?2);
mean_data3=mean(data3);

TEST: Statistical propertaes: ganssi-» Jdaistribntion with cera mean
pp=-1:0.01:1;
yy=hist (residual, pp) ;

figure;

plot (pp,yy)ititle (’ : )i
xlabel (' o ")

ylabel (' i ")

*orormalizing residuals

residual=residual./max (residual) ;

% THST: crosscorrelation. Mast be ot he

timeshift:

for m=0:(length(residual)-round(0.4*length(residual)))
sum=0;

wrmoof oA pulse at uer o
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for n=1:(round(0.4*length(residual)))

part=residual (n) *residual (n+m) ;

sum=sum+part;

end
datacov(m+1)=(1/(round(0.4*1length(residual)))) .*sum;
end

figure

plot ((0: (length (residual) -round(0.4*length (residual)))),datacov);
title(' : Y

xlabel (' - Y

ylabel ('~ | . ")
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D.8 Worst case bias Si-cap
D.8.1

worstcase_bias_steil.m

20ral Minimal Model of aglncose kinet s,

[

3This script estimates the 1dentiafiable parameters ir Steirl's
SModnl ot insnlin kKinetics nsinng Mazimun eas

!
“Saguares Est imat 1on

SH1story
%28 July-06, Salvador Almagro Fruros, T/

2initializes all parameters of Steal’s Model ~f insalain kinrics

r

Sand all o tame samples of plasma dnosinln.

clear

gluc_param_new;

Nparameters=length(p_true);

NoMean=0; *Calculates the mean over t_oxp minutes ot irterstitial
alncose

“samples 1 NoMean=0

diary | ) L.
Sers o the nmames of the mat {1les cont aaning the estimated parameters:
filename=""1 v LT

mave plets 1f plt-]
plt=1;

1!t NoMean==0
Intecrpolating dataz
t_insulin2_interpl = t_c_insulin2(1,1):1:t_c_insulin2(end,1);%[irin]
c_insulin2_interpl=interpl (t_c_insulin2(:,1),t_c_insulin2(:,2), ...
t_insulin2_interpl);
t_c_insulin2_interpl(:,1)=t_insulin2_interpl;
t_c_insulin2_interpl(:,2)=c_insulin2_interpl;

simulat 1on using dataz?
[c_glucose_model2_interpl, c_glucose_labeled_model2_interpl, ...
c_interstitial_insulin_model2_interpl, ...
c_interstitial glucose_model2_ interpl, ...
c_Ggut_model2_interpl, c_Ggut_model2_labeled_interpl]....
=gluc_sim_new (LO,t_c_insulin2_interpl,p_true,plt, "¢ & i+ -~ 1+ ")y
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% calculat 1hg the mean ol the 1nitervolate-l datasd at the watald
samples

GIb=L0 (4);

c_interstitial_glucose_mean(l,1)=GIb;

i=2;

for r=t_c_insulin2(2:end,1)"';

c_interstitial_glucose_mean(i,1l)=...

sum(c_interstitial_glucose_model2_interpl (r+l-t_exp:r))/t_exp;

i=i+1;

end

else

2 osimulation usinyg data”

[c_glucose_model2, c_glucose_labeled_model2,
c_interstitial_insulin_model2,

c_interstitial_glucose_model2, c_Ggut_model2, c Ggut labeled_model2] .
=gluc_sim_new (LO,t_c_insulin2,p_true,plt, ' . . ")
end

% addinyg noise

1f NoMean==

dataZ_new=c_interstitial_insulin_model2_interpl;

sdataZ_new-dataZ _newi0. 10 * racdnol-nat h(dat ald _new), 1);%18% RUIS
alse

data2_new=c_interstitial_insulin_model2;

sdata? new=cdalad_newtO 10 2 o lengrhi{clat s new), L) F48% RUTSS
ena

% make plots 17 plt-1
plt=1;

steil_param;
Nparameters=length(p_true);
% End 1nitialisat lon

% Z-dimensioral parameter space
3p: = [Ib Slcap p2];

51 known parémeters:

p_fix = [Ib p2];

%1 unknown model parameters:
p_init = [SIcap]

p_init_copy=p_init;
estimation(1,:)=[-0.5 -0.4 -0.3 -0.2 -0.1 0.1 0.2 0.3 0.4 0.5 1;
estimationl (1, :)=estimation (1, :);

for kk=1l:length(p_init)
11=0;
for zz=estimation (1, :)
p_init=p_init_copy;
11=11+1;

estimator=find(p_init (kk)==p_true);
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estimatorl=find(p_init (1) ==p_true);
p_True=p_true(estimator) :d1splay on moniror
p_init (kk)=p_init (kk)+ zz*p_init (kk)

Festimatrion of parameter:

[p_model, LO_model,c_interstitial_insulin_model, resnorm, residual, varp, ..

stdpl=gluc_omm_mls_steil (data2_new,L0,t_c_insulin2_interpl, a,sigmal, ...
p_fix,p_init,Nparameters,plt);

p_Model=p_model (estimator) %display »n monitor
estimation (kk+1,11)=p_model (estimator);
estimationl (kk+1,11)=p_model (estimatorl);
end
end
TARGET=fopen (filename, ' ")
fprint f (TARGET, . ..
R R P AT N B KO RAT R I B
[ oo ',estimationl’);
fclose (TARGET) ;
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D.8.2

steil_param.m
% Steil's Model of 1nsulin kinetics.

o

$This script 1nitializes all paranerets of sSteil's Model of iInsulin
tkinetics and the time samples of plasma 1tnhsulin.

<9

G o

o¢

g

sHistory
29-Jan-04, Natal van Riel, TU/e
$L7-Jdun-03, Natal van Riel, TuU/e

°

528 -July-06, sSalvador Almagro bFrutos, [Uie
%2

s

smode | parameterg:

sValues rTrom: 272727027
Ib = Ib; *|pM! baselline 1nsull: concontration 1n lasma
SIcap = Slcap; s(l/min] transerdothellal insulin transport parametey

p2 = p2; sil/win)] ~otal rractyonal rasclin cledranae trom the
sinterstitral rluid

p_true = [Ib, SIcap, p2];% ¥ tlrensl il parabeler Spoce

SFixed rnitial conditions
clear (.J;
LO(l) = 0; s |eM] insulin concentration 1n 1nterstitium

“Input tnsulin concentrat 1on L plasme [pMl; assuwnea to be known at
cach

ssimulat ton Lime sample from inear 1aterpolatlcon of 1ts mMieasSuroed
Samples

o0 o

Time and amplitude samples ¢! plasind tnsulin:
1-»> blcod ylucose data

t_insulinl = t_c_insulinl(:,1);

c_insulinl = t_c_insulinl(:,2);
t_c_insulinl(:,1) = t_insulinl’;
t_c_insulinl{(:,2)=c_insulinl"';

% squared Z-norm of the error-function resciuals
a=l; %output welghting factor o! plasma glucese concentration (st
cutput)

sigmal=1; %varlance <rf ulasma  Jglucos— concent rat1on(lst output)

SPLlot s

% make plors 11 plt=1
L f plt==1;

tPlots
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figure; plot(t_c_insulinl(:,1), t_c_insulinl(:,2), ' '); hold
“PRaseline jevel:
plot ( [{t_c_insulinl(1l,1) t_c_insulinl{end,1)], [Ib Ibl,

. |

’ | S

,1.5)
xlabel ('] P "); ylabel (' ! I L ")
title (" ~ ‘ : ")

end
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D.8 3

steil_sim.m

functvior [c_interstitial_insulin}=steil_sim
(LO,t_c_insulin, p,plt, TITLE)

Fs5rell's Model of 1nsulin Kinetios.
%
“This tunction makes a simuldat 1on 51 " he Sterl', Mouel of itnsulin

tkinetics using the partameters defines 10 Sterl _param.m.

%% %

SEunction:

le_interstitial _insulinf=sterl_sum (LO,t_c_insulinl,t_c_insulinZ,p, ...
¢ple, TITLE)

5l

% Inputs tuncticn:
%1.0: Fixed initial conditions, LO(1) - [pM] insuline concentration in
Linverst ot Ly,

Pt_c_dnsulin: |[pM] fmin} Time snd aoeplitude sampl malrix of plasma

>

tansulin 1 - blood glucuse data 2 interstitial glucose data

Ypr o= | STaap, p2l;% 2 dimensiohal parameter space

sple: plots are made 1n this tunct 1o 0 f plusl.

STITLE: set the title-name ot plot s are— made 15 this tunction (plt=1).
.

<

zOutputs ftunctiron:

interstitial insulin: [pM] Interstatlal rosulin concentrat 1on.

SHistory
$28-July-06, &

~lvador Almagro Frutos, TU/e

%29-Jan-04, Narvral van Riel, TU/e
17 Jun 03, Natal van Riel, TU/e

smodel parameters:

tS1cap [1/min] transendothel lal insulin {r4nsport parameler
Yp2 [1/man] toral fractional nsulin clearance foon the
“interstatial fluld

sD1ffercentaal equations solver: ode-lbs
ode_options =odeset ('t | ~',le-6,' + : |',le-12);%* parameters Z-end

P

tt%20de_opt lons =odeset ("RelTol', le-v, "AbsTel ', le le);

[t,L] = oded45(@steil_ode,t_c_insulin(:,1),L0,0de_options,
t_c_insulin,p);

20Ut put
c_interstitial_insulin=L(:,1); = [eM] tnt=rst ial tnsulin concentration

o make plots 10 plt -1
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it plt==1

TP1s

figure (333);

Ib=p(1);

subplot (221) ;plot (t_c_insulin(:,1),t_c_insulin(:,2), "’ .,
ot b, 2);

hold - ;

*Raseline level:

plot ( [t_c_insulin(l) t_c_insulin(end)], [Ib Ib],

;o b, 1.5)
ylabel (" i - : Y
xlabel (' ")
Title (' S - s . Y

tironre
subplot (222); plot(t_c_insulin(:,1), c_interstitial_insulin,
' i b, 2)
xlabel (' : ')y; ylabel. ..

(' P ‘ i ")

Title (TITLE);

endd
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D.8.4

steil_ode.m
function dLout = steil_ode(t,Lin,t_c_insulin,p)
3STELIL_ODE OD='s of STEIL'S Model of 1nsulya Rine 1os.

o

$This runctio1l sets STELL_ODE ODE's ot STRIL'S Model or o
“kilnetlics using the parameters detite-d n stell param.m.

<

Gl

<
)
sEPunction:

vdlout - gterl_ode(r,Lin,t_c_tnsulinl,p).

g
¢lnputs tunctiron:

Lol state values at previous Urme sample Lk 1) - [X(K

nsulin

1))

St_c_wnsulin: c_wnsulin(k) (input sraacl At samp = k) UK malr1x
L_c_1nsulin

tp: = [Slcap, 2);3% 2 dimensional paratiet e Lpade

3

2Outputs functilon:

cdl.out: new state derivat ives dlL (k) [dX (k) ;i

%

9y

2% %

"

41 .

ZHLstOry

¢28-July-06, Salvador Almag:o birutos, TU/e

£29-Jan-04, Natal van Riel, Ure

£217-Jun-03, Natal van Riel, TU/e

)

t5%

% deifining the row were each stdte 10 5" alevecur Lin is present
idX = 1; 3interstitial 1nsulin concentration [pM]

% model parameters:
Ib = p(l); %[pM| baseline insulin concentration in plasma
SIcap = p(2); %[l/min] transendctheliral insulin fransport

paramet er

p2 = p(3); %(1/min}] total fractional 1tnsulin clearance trom the

tainterstitial flurd

%calculate c_1nsuliln by 1nterpolation of t_¢_lnsulin
u = interpl (t_c_insulin(:,1),t_c_insulin(:,2), t);

rode's
dX = SIcap/le3*(u-Ib)"2-p2*Lin (idX);

dLout = [dX];

144



D.85

gluc_omm_mls_steil.m

function [p_model,L0_model, c_interstitial_insulin_model, ...
resnorm, residual, varp, stdp]=gluc_omm_mls_steil. ..
(datal,LO,t_c_insulinl,a,sigmal,p_fix, ...
p_init,Nparameters, plt)

29
5% %
SSTETL_MM_MLS Maximum LOAST Suiares rmat1on of Steil's Model of

“1nsulin kinetica

o

0. ¢

a
o

'his function estimates the parameters using Maximum Least Saquares
SFatimation ot Sterl's Model of insulir kinet ics usinag t he
SParameters ool ined in osterl_param.m,

P

SFunction:

Slp_model, . 0_madelas_interst iti1al _insulin_model, ...

o

cresnorm, varp, stAaplEaglae_ommomls_ster oL

(cdatal, 1.0, t _c_inmsnlinl,p_tix, p_1nit,Nparamet ers, plt)

-

Slnpnts function:
Sadtals o data of anterstataal insulin [pM])

1xed initial conditaons, L0O(1) - [pM] insulin concens ration in
titium.

-

nsulin: [pM] [min] Time and amplitnae samples matrix of plasma
“ansulin 1-> blood alvcose dat g

- [Sleap, pl2lid 2-odimensicnal araro Sy npace
p_Ti1x: parameteor space which s Daxen,
it o initialisation of parameter srace which will be estimated.

ampleaint crval [min] of dat o 2.

SNparamtors: number of dimensional pararmnaet or space .
tplt s plors are made an this tanctian o0 ol -1,
“Ontput s fancrion:

Sr_madel s [STeap, pll; T 2 dimensional parametor space

To_1ntors

G
o

itial_insulin_model: [pM imtaystiti1al ansulain concenbration,

resporm: squared Z-norm ot the error function resicnal.,

tresidual: the value of the residunal ot the ostimat
tvarp: variance

1on alagor thi.

wstdp: The standard deviation 1s the sguare root of tho varitance.

2 Q0

50

SHistory

06, Salvador Almagro Frutos, 77/
~-04, Natal van Riel, TU/a

, Natal van Riel, Tl e

t lower (1b) and upper (ub) bennds, o k4t the solution of the
est imat od

c

¢ parameters 13 always in the tanags i vAarameter < - 1,
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Ib = [];%0*0nes (s1ze(p_1nit));s[0 G 0 0]

ub = [];%ones(size(p_Ltniv)); %],

% provides the tunction specitic detatls for the options values
% lsgnonlin

options =optimset (' : ;1 .. ',"' Yy i "y le-10, ... %'1ter’
detault :1e-4

o' ,1e=-20, ... sdetault s e d

il BEeolt, [800], ... %300 detfaulr

N F T S SR R ! Yy. .. hdet it on

! ' . "y o usderault ooon

T e T P P U S B S B I

%'Jacobian', 'on');

SLSONONLIN: objective function shoula return the model erro:
sp_estimated: estimated parameters

Sresnorm: sguared 2-norm of the residual

tresidual: reiurns the vecrol ! the residuals

$racoblan: re_urns the Jacobiar of ot Al the solution a,

for

[p_estimated, resnorm, residual, exitflag, output, lambda, jacobian]. ..

=lsgnonlin(@obj_£fn_steil,p_init,1lb,ub,options,p_fix,L0,datal,

t_c_insulinl, a,sigmal, Nparameters);

11 exitflag==0
STOP=1;
end

TAcCcuracy:
$lsgnonlin returns the Jacobran dn A spdl Se ndl DX

varp = resnorm*inv(jacobian'*jacobian)/length(t_c_insulinl(:,1));%

vVar Ldahdw
stdp = sqgrt(diag(varp)); %The Standard w-viilion 15 the square
%0t the wva:liance

p_model = [p_fix(1l) p_estimated(l) p_£fix(2)1];
LO0_model = [LO(1)];
% make plots with new 2 dimensional varametsr space 11 plt=1

[c_interstitial_insulin_model]= steil_sim (LO, ...
t_c_insulinl,p_model, plt, ' ‘ "Y;

root
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D.8.6

obj_fn_Steil. m

function error = obj_fn_Steil(p_var, p_fix, L0, datal,t_c_insulinl...
,a,sigmal, Nparameters)

20bhective function Maximum Least Saquare s Estimation of Sterl's

el of insulia kinet 1oa,

oo
2%

=This ftunction 1s used as objoctive turctron tor LEONONLIN.

o9

5%

sFunc-tion:

£ obj_fn_stell(p_var, p_fix, L0, “tatal, _o_insulini, ...
* Npat amet e

Pinputs tunction:

*p_vAar: patameter space which will bhe est imated

Ap_tix: parameter space which 1g {ixed.

$1.0: Fixed 1nitial conditions, 1L0O(1}- [pM] insulin concenfration in ...
Pinterstitium,

Fdatal: dara of interstivial insulain [pM].

“r_o_insulin: [pM] [minr] Time and amplatade samples mat rix of plasma
Tansolan.,

~ar ontput weraht ing tactor ob 1asr out pat

siamal:s varirance ot Tat out ot
ANparamiers: numbrr ot dimensional params=ter space p.
festimat nv: defines the paramets1 which is ased 1n the model to model

<
Y

adijustment identification.

tput s fan

ctron:

or: o pinimizat ton varitable ot MLS (ool o orvor)

St ory
July-06, Salvador Almagre Fruatos, [H/e
Jan-04, Natal van Riel, T/ e

Jun DR, Natal van Riel, T e

p_estimating=[p_fix (1) p_var(l) p_£fix(2)];

e
]
0N
—

mati1ng 2-dimensional paramereor space

N
—_—
5

—
—

e = [(Te,STeap, pll;

simmlataing Ste1] model of insulin kinet 108 using the <5t imating

“Z-chimensional parameter space and the interpolated insuiban
concont rati1on
“samples tor datal.

plt=0; % make NO plots
[c_interstitial_insulin_estimating]=...
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steil_sim(LO,t_c_insulinl, p_estimating, 0, ...
T

errorl = c_interstitial_insulin_estimating-datal;

error=errorl;
p_var
1t plt==

N=length (t_c_insulinl{:,1));
figure (100)

plot (1:N,c_interstitial_insulin_estimating, ': ',1:N,datal,
xlabel (' [ Y
ylabel (' oo i : Y

Title({'t + « 1 . = .
' b .
drawnow;pause(.3);

end

B
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