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Abstract
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Type 2 diabetes mellitus (T2DM) is a metabolic disorder characterized by consistently high
blood glucose, resulting from a combination of insulin resistance and reduced capacity of β-cells
to secret insulin. While the exact causes of T2DM is yet unknown, obesity is known to be a major
risk factor as well as co-morbidity for T2DM. As the global prevalence of obesity continues
to increase, the association between obesity and T2DM warrants further study. Traditionally,
mathematical models to study T2DM were mostly empirical and thus fail to capture the dynamic
relationship between glucose and insulin. More recently, mechanism-based population models
to describe glucose-insulin homeostasis with a physiological basis were proposed and offered a
substantial improvement over existing empirical models in terms of predictive ability.

The primary objectives of this thesis are (i) examining the predictive usefulness of semi-
mechanistic models in T2DM by applying an existing population model to clinical data, and
(ii) exploring the relationship between obesity and T2DM and describe it mathematically in a
novel semi-mechanistic model to explain changes to the glucose-insulin homeostasis and disease
progression of T2DM.

Through the use of non-linear mixed effects modelling, the primary mechanism of action of
an antidiabetic drug has been correctly identified using the integrated glucose-insulin model,
reinforcing the predictive potential of semi-mechanistic models in T2DM. A novel semi-
mechanistic model has been developed that incorporated a relationship between weight change
and insulin sensitivity to describe glucose, insulin and glycated hemoglobin simultaneously in a
clinical setting. This model was also successfully adapted in a pre-clinical setting and was able
to describe the pathogenesis of T2DM in rats, transitioning from healthy to severely diabetic.

This work has shown that a previously unutilized biomarker was found to be significant
in affecting glucose homeostasis and disease progression in T2DM, and that pharmacometric
models accounting for the effects of obesity in T2DM would offer a more complete
physiological understanding of the disease.
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Introduction 

The regulation of glucose homeostasis is dependent upon a myriad of fac-
tors, broadly classified into either nature (genetics) or nurture (environment, 
lifestyle). As glucose is the essential source of energy in humans as well as 
most organisms, dysregulation of glucose greatly affects the metabolism of 
the individual. 

Uncontrolled glucose, or more specifically excessive glucose levels are 
known as diabetes mellitus. While diabetes has been extensively studied, the 
full mechanisms and processes involved in its pathophysiology is complex 
and remain to be elucidated. There have been attempts to understand the 
disease through mathematical modelling, and those models with a physiolog-
ical basis are called mechanism-based or semi-mechanistic models. Existing 
semi-mechanistic models mostly focus on the relationship between glucose 
and insulin to describe the underlying processes involved in diabetes. Even 
though insulin is an important hormone for glycemic control and certainly a 
cornerstone when modelling diabetes, there may be other factors associated 
with the metabolic disorder that are yet to be investigated, and current mod-
els that do not account for such factors are incomplete. 

In this thesis, semi-mechanistic modelling of diabetes was explored. The 
predictive usefulness of an existing model was firstly evaluated, and then a 
novel model was developed based on the hypothesis that weight change 
plays a significant role in glucose-insulin homeostasis in both clinical and 
pre-clinical settings. It is hopeful that the work presented in this thesis could 
advance our knowledge of diabetes by filling in one more piece to the puzzle 
of this multifaceted disease. 

Diabetes Mellitus 
Diabetes mellitus, commonly referred to as diabetes, is a set of metabolic 
disorders characterized by high glucose levels in the blood over a sustained 
period of time. While the pathogenesis is not fully clear, the disease stems 
from either the β-cells from the pancreas not producing enough insulin, 
and/or the cells in the body are not responding appropriately to insulin. Indi-
viduals with diabetes are broadly categorized into the following three types 
of diabetes1: Type 1 diabetes mellitus, resulting from a sudden inability of 
the pancreas to produce insulin; Type 2 diabetes mellitus, resulting from 
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prolonged insulin resistance and gradual worsening of insulin production; or 
gestational diabetes, specifically occurring in pregnant women that usually 
resolves after pregnancy.2 The major complications of diabetes are related to 
damages to nerves and blood vessels due to chronic hyperglycemia, such as 
increased risk for cardiovascular diseases3, neuropathy4, nephropathy5, and 
retinopathy.6 According to the World Health Organization’s (WHO) esti-
mates, the global prevalence rate of diabetes in 2014 is about 9% of the adult 
population in the world. In 2012, diabetes was responsible for causing 1.5 
million deaths, and that by 2030, diabetes will be the 7th leading cause of 
death.2  

Pathophysiology of type 2 diabetes 
Of all the diagnosed cases, type 2 diabetes mellitus (T2DM) is by far the 
most prevalent, comprising about 90% of all diabetics in the world.1 Former-
ly called non-insulin-dependent or adult-onset diabetes, T2DM results pri-
marily from insulin resistance, which is defined as a reduced ability of cells 
to respond adequately to normal levels of insulin, as well as reduced insulin 
release or decreased β-cell function (BCF) from prolonged elevation of glu-
cose leading to glucotoxicity in the pancreas.7 As opposed to type 1 diabetes 
which occurs abruptly, the onset of T2DM is more gradual with a “sliding 
scale” relationship between insulin sensitivity (IS) and BCF. Worsening of 
IS usually precedes that of BCF, and as a result insulin release is increased in 
order to compensate for its lowered sensitivity, in an intermediate stage of 
disease progression known as impaired glucose tolerance (IGT) or pre-
diabetes which may last for years. Individuals with IGT is thought to be re-
versible back to normal8, but if is left untreated, prolonged elevation of insu-
lin production leads to β-cell exhaustion and subsequently failure, and the 
individual will progress to full blown T2DM, where it is irreversible and 
requires treatment for life (Figure 1).  
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Figure 1. The relationship between insulin sensitivity and the β-cell insulin release 
is non-linear. Regions delineating normal glucose tolerance (green), impaired glu-
cose tolerance (IGT; yellow) and type 2 diabetes mellitus (T2DM; red) are shown. 
In response to changes in insulin sensitivity, insulin release increases or decreases 
reciprocally (demonstrated as a hypothetical scale) to maintain normal glucose toler-
ance. In individuals who are at high risk of developing type 2 diabetes, the progres-
sion from normal glucose tolerance to type 2 diabetes transitions through impaired 
glucose tolerance. (reprinted with permission from Kahn et al.9)  

When describing the transition from healthy to fully diabetic, a disease pro-
gression system has been proposed by Weir & Bonner-Weir.10 The five-
stages of diabetes can be characterized by different changes in β-cell mass, 
phenotype, and function: Stage 1 is defined by compensation whereby insu-
lin secretion is increased in response to insulin resistance to maintain 
normoglycemia; Stage 2 is where glucose levels start to rise, entering a sta-
ble state of β-cell adaptation with loss of β-cell mass and a marked reduction 
of glucose-stimulated insulin secretion as seen in IGT; Stage 3 is the unsta-
ble transient period of early decompensation in which glucose levels rises 
relatively quickly; Stage 4 is where most T2DM diabetics remain for life, 
defined as a stable decompensation where β-cell mass is reduced by ~50% of 
normal11 but retaining enough endogenous insulin secretion to prevent ke-
toacidosis; Stage 5 is the final stage where severe decompensation leading to 
ketosis occurs, and it is typically found with T1DM but rare for T2DM, giv-
en proper treatment. 
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Biomarkers in diabetes 
The foremost essential biomarkers in diagnosing diabetes are measurements 
of glucose, which determines the severity of the disease, and also measure-
ments of insulin, which is an indicator of how far the disease has progressed. 
When describing time courses of glucose, the distinction is made between 
measuring short-term or dynamic states, versus long-term or stable states. 

Dynamic state  
The “gold standard” in diagnosing the disease is to check how the body re-
sponds to a sudden surge of glucose, as an indicator of insulin resistance. 
Such glucose provocations are called glucose tolerance tests (GTT)12. GTTs 
are variable in the method of glucose administration, such as orally, intrave-
nously, or be given as part of a meal. In the GTT, blood samples are collect-
ed at baseline and at 2 hours (intervals and number of samples may vary) 
after glucose administration, and the glucose levels are compared between 
the samples to determine how quickly it is cleared from the blood.  

In conjunction with GTTs, insulin secretion and resistance can be quanti-
fied using the glucose clamp technique, which consists of the hyperglycemic 
clamp and the hyperinsulinemic clamp.13 The hyperglycemic clamp is per-
formed by a continuous infusion of glucose and maintaining plasma glucose 
concentration at a consistently high level to test for maximum insulin secre-
tion capacity. Alternatively, the hyperinsulinemic (euglycemic) clamp 
measures IS by maintaining a high insulin level via a continuous insulin 
infusion while plasma glucose concentration is held constant at basal levels 
with an adjustable glucose infusion. 

Both GTTs and glucose clamps measure glucose and insulin in a dynamic 
state within a timescale of hours, which does not convey information about 
the individual’s long term prospects, and thus additional biomarkers are re-
quired when one is interested in investigating the rate of disease progression 
of T2DM.  

Stable state  
As glucose has a circadian rhythm and are influenced by meals throughout 
the day on top of the actions of metabolic hormones such as incretins14, 15, 
glucose concentrations are highly variable unless specifically controlled. To 
minimize these confounding factors, in long term studies glucose is typically 
collected after an overnight fast for at least 8 hours, known as fasting plasma 
glucose (FPG). The same applies to insulin where fasting serum insulin 
(FSI) is collected. 

To describe insulin resistance and BCF using FPG and FSI, Matthews et 
al. has devised a set of approximating equations, known as the homeostatic 
model assessment (HOMA).16 HOMA is developed based on data from 
physiological studies to form mathematical equations describing glucose 
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regulation as a feedback loop17, and is well correlated with the hyperinsu-
linemic clamp method. HOMA-IR describes the insulin resistance of the 
individual, where 1 would correspond to normal (Eq. 1), and HOMA-β de-
scribes the BCF in percent where 100% would correspond to a healthy per-
son (Eq. 2). The HOMA equations provided below have glucose in molar 
units (mmol/L) and insulin given in international units (mU/L). 
 
𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻 − 𝐼𝐼𝐼𝐼 = 𝐹𝐹𝐹𝐹𝐹𝐹∙𝐹𝐹𝐹𝐹𝐹𝐹

22.5
    (1) 

𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻 − β = 20∙𝐹𝐹𝐹𝐹𝐹𝐹
𝐹𝐹𝐹𝐹𝐹𝐹−3.5

%    (2) 

 

Apart from using glucose which is known to be highly variable within the 
day, glycated hemoglobin (HbA1c) can be used to identify the average plas-
ma glucose concentration over prolonged periods. HbA1c is formed in a non-
enzymatic glycation reaction by hemoglobin's exposure to glucose, and the 
fraction of HbA1c increases in response to higher glucose exposure. As the 
turnover of hemoglobin is dependent on the lifespan of red blood cells 
(RBC) which is about 3 months, HbA1c serves as an excellent biomarker for 
average blood glucose levels with good correlation18, 19, and therefore study-
ing the change in HbA1c is an indicator of how glucose changes over time. 

An alternative biomarker to HbA1c that recently has generated interest is 
the glycated albumin, which works on similar principles by measuring the 
fraction of albumin exposed to glucose, while being independent of the 
lifespan of RBC and may be useful for patients with chronic kidney diseas-
es.20, 21 

Body weight  
There is evidence suggesting that obesity is a major risk factor for develop-
ment of T2DM, with up to 83% of all diagnosed cases of T2DM being in 
individuals with BMI ≥ 35 kg/m2.22 When comparing the distributions of 
obesity (defined as BMI ≥ 30) and diabetes prevalence in the worldwide 
population, it can be observed that there is a link between body weight and 
likelihood of being diagnosed with the disease (Figures 2 & 3). 
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Figure 2. Worldwide prevalence of obesity (BMI ≥ 30) in 2014. Obesity appears to 
be less prevalent in sub-Saharan Africa and Asia. (Adapted with permission from 
WHO23) 

 
Figure 3. Worldwide prevalence of diabetes in 2014. Prevalence of diabetes is asso-
ciated with obesity and socio-economic factors in that it is more prevalent in devel-
oped countries. (Adapted with permission from International Diabetes Federation24) 

The quick rise of both obesity and diabetes in recent years has been infa-
mously referred to as a “twin epidemic”.25 While the relationship between 
weight and diabetes is well recognized, the exact underlying mechanism 
behind the cause is unclear, although it is suggested that weight change is 
linked to IS and regional depots of adipose tissue.26 Weight loss has also 
been found to improve glucose homeostasis through reduction in hepatic 
glucose output as the main driver for FPG decrease.27 

As body weight is a convenient measurement that does not requires any 
assays, it is of clinical interest to explore its potential usefulness as a bi-
omarker for T2DM, specifically regarding its disease progression.  
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Pharmacometrics 
Pharmacometrics is a multi-disciplinary science that involves mathematical 
models of biology, pharmacology, disease, and physiology used to describe 
and quantify interactions between xenobiotics and patients, including benefi-
cial effects and side effects resultant from such interfaces.28 This broad defi-
nition expanded the scope from just using population pharmacokinetics 
(PK), pharmacodynamics (PD) and biomarker-outcome models.29  

Traditionally, population parameters were estimated by either fitting the 
combined data from all individuals ignoring individual differences (the “na-
ive pooled approach”), or by fitting each individual’s data separately and 
combining individual parameter estimates to generate mean (population) 
parameters (the “two-stage approach”), which were both problematic. Popu-
lation PK modelling was first introduced by Sheiner et al.30 which allowed 
for pooling of sparse data from many subjects to estimate population means 
while being able to quantify variability between subjects and covariate ef-
fects. With the addition of population PD modelling31, simultaneous integra-
tion of PK and PD modelling32 allowed greater understanding of the dose-
exposure-response relationship and the use of pharmacometrics had rapidly 
evolved to become a critical component aiding the decision-making process 
in drug development.33  

Non-linear mixed effects models 
The population approach to modelling spearheaded by Sheiner et al. makes 
use of non-linear mixed effects (NLME) models, which comprises of fixed 
and random effects, hence the term “mixed”.34 Fixed effects are the structur-
al model which includes functions that describe time course of a measured 
response, and are often represented as algebraic or differential equations. 
Random or stochastic effects describe the variability in the observed data, 
which can be further subdivided to inter-individual variability (IIV), inter-
occasion variability, and within-individual or residual unexplained variabil-
ity (RUV). Characteristics specific to each individual such as age or gender 
are known as covariates, and could also be modelled to complement the 
fixed effects by reducing RUV.  

In NLME models, each individual parameter value is a function of popu-
lation mean parameter adjusted by the individual random effect. For a log-
normal distribution, the above can be written as: 
 
𝑃𝑃𝑖𝑖 = 𝜃𝜃𝐹𝐹 ∙ 𝑒𝑒𝜂𝜂𝑖𝑖𝑃𝑃     (3) 

 
Where Pi is parameter value belonging to individual i, θP is the population 
mean parameter value, and ηi

P is the random effect or individual variability 
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that denotes its deviation from the population mean. The distribution of the 
random effect is usually assumed to be normally distributed with a mean of 
zero and variance of ω2. In a NLME model, all individual parameters togeth-
er with the independent variables contribute to an individual prediction, 
which is offset by the RUV. RUV essentially includes all sources of other 
variability that are not accounted for in the model, such as model misspecifi-
cation, measurement or assay errors. The general equation for the jth observa-
tion of individual i can be expressed as: 
 
𝑦𝑦𝑖𝑖𝑖𝑖 = 𝑓𝑓�𝑥𝑥𝑖𝑖𝑖𝑖 ,𝑃𝑃𝑖𝑖𝑖𝑖� + 𝜀𝜀𝑖𝑖𝑖𝑖    (4) 

  
Where yij is the jth individual observation, f(…) is the individual prediction 
consisting of the independent variables xij, which includes study design char-
acteristics such as dose and time as well as covariates, and the individual 
parameters of the model Pi. εij is the residual error term describing the devia-
tion between the observed value and individual prediction. The distribution 
of ε is assumed to have a mean of zero and variance of σ2. Apart from addi-
tive, residuals can also be implemented as proportional or both additive and 
proportional error.  

Maximum likelihood estimation 
All NLME modelling in the projects used in this thesis is handled by the 
computer software NON-linear Mixed Effects Modelling® (NONMEM) 
(Icon development Solutions, Ellicot City, MD, USA).35 NONMEM has 
been the de facto standard used in pharmacometric modelling since its con-
ception by Sheiner and Beal in 1980. Parameter estimation in NONMEM is 
based on maximum likelihood, whereby the model parameters are estimated 
by maximizing the likelihood of the data given the model, which is calculat-
ed by minimizing the extended least squared objective function. The objec-
tive function value (OFV) is approximately proportional to minus twice the 
log likelihood of the data. When comparing nested or hierarchical models, a 
significant improvement can be concluded if the decrease in OFV is larger 
than predicted by the χ2-distribution with degrees of freedom given by the 
number of parameters differing between the models, acting as a likelihood 
ratio test. Assuming the models are nested, a difference of 3.84 in OFV cor-
responds to a p-value of 0.05 with one degree of freedom. 

Due to the nonlinear nature of the models with respect to the random ef-
fects, a closed-form analytical solution usually does not exist and the likeli-
hood has to be approximated. In NONMEM, the likelihood approximation is 
traditionally done with gradient-based linearization algorithms with the OFV 
converging towards a minima with each subsequent iteration. In this thesis, 
all analyses were performed using the first order conditional estimation 
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(FOCE) method with or without interaction (FOCE+I). Since NONMEM 
version 7, methods that do not rely on linearization by using the expectation-
maximisation algorithm have been introduced, which could improve bias 
and precision over FOCE+I at the cost of increasing computation time.36  

Semi-mechanistic models in diabetes 
As diabetes is a complex disease, simple empirical models such as a 1 or 2-
compartment model would fail to capture the interplay between glucose and 
insulin, and by extension, HbA1c. An ideal scenario would be to develop 
models with full mechanistic basis, which implies fully understanding the 
physiological, pathological and pharmacological processes within the sys-
tem. Such fully mechanistic models would also be by definition extremely 
detailed, and parameter estimation would become a problem since there is 
not enough information from a single set of data, on top of having perfect 
knowledge on the disease. Therefore, a practical solution is to develop 
mechanism-based or semi-mechanistic models, which aims to have a physio-
logically plausible structure, while being parsimonious enough in its parame-
ters to be identifiable, with the help of prior experiments or from the litera-
ture.37, 38    

The important advantage of semi-mechanistic models over empirical 
models is that while empirical models may fit well to a specific set of data 
from which it was developed, semi-mechanistic models offer better predic-
tions across a wider range of data, including both interpolation and extrapo-
lation, because semi-mechanistic models have an underlying physiological 
basis in its model structures and are less prone to biases that are specific to a 
subset of population,39 and mechanism-based PKPD models has even chal-
lenged the conventional definition of biomarkers.40 This characteristic of 
semi-mechanistic models is attractive for learning about system processes 
and hypothesis testing of potential mechanisms, and has found applications 
in guiding drug development.41, 42 

Several existing semi-mechanistic models related to diabetes are outlined 
below: 

Glucose-insulin models 
The original glucose minimal model by Bergman et al.43 was one of the first 
semi-mechanistic models for diabetes, and it described the effect of insulin 
action on glucose uptake through estimating IS and glucose effectiveness. As 
it was developed from intravenous GTT, it attempted to describe the short 
term glucose-insulin homeostasis. While it has since been adapted for use in 
a non-linear mixed effect model44, the minimal model suffered from an 
open-loop system which does not consider the dynamics between glucose 
and insulin at the same time, and had limited potential for predictive and 
simulation purposes.  
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A major breakthrough in modelling the dynamic state for glucose and in-
sulin was proposed by Silber et al.45, called the integrated glucose-insulin 
(IGI) model, which simultaneously fits both glucose and insulin by linking 
control mechanisms between them, using a model framework first suggested 
by De Gaetano and Arino.46 The IGI model has since been further evaluated 
in different settings such as oral GTT47, 48, circadian rhythms49, and identify-
ing the drug effect of a glucokinase activator50. The sound mechanistic basis 
of the IGI model provides applications involving glucose provocations 
commonly used in the early stages of clinical drug development. 

Glucose-HbA1c models 
In modelling stable state glucose homeostasis, a mechanism-based PD model 
for the FPG–HbA1c relationship was suggested by Hamrén et al.51, which 
first described the gradual glycosylation of hemoglobin into HbA1c with 
transit compartments. 

Other models have investigated the relationship between average or mean 
plasma glucose (MPG) and HbA1c. Lledó-García et al.52 has developed a 
model incorporating RBC aging which uses glycosylation rate constants, 
lifespan of RBC and its precursor to explain the non-proportional relation-
ship between MPG and HbA1c. Møller et al.53 has described the MPG-HbA1c 
relationship in a more straightforward approach following various antidia-
betic treatments, and proposed a model that could predict HbA1c at end-of-
trial (24–28 weeks) based on 12-week data with high accuracy that could be 
useful for late-stage drug development. 

Disease progression models 
Earlier models that described disease progression in T2DM were empirical 
and without physiological consideration, such as using a simple linear rela-
tionship54. In a similar manner to the IGI model, the work by de Winter et 
al.55 demonstrated the importance of semi-mechanistic models by describing 
FPG, FSI and HbA1c simultaneously through changes to IS and BCF, func-
tionally comparable to the HOMA16 equations.  

Another mechanistic approach by Ribbing et al.56 focused on using β-cell 
mass to affect glucose and insulin, expanding on an earlier model framework 
of Topp et al..57 De Gaetano et al.58 has also described a mathematical model 
structure that reflects pancreatic islet compensation which may be a further 
improvement, but has not been evaluated on clinical data.   

Disease progression in T2DM also includes the transition between healthy 
and diabetic, which could take decades to develop in humans and would be 
difficult, if not impossible to obtain sufficient data for analysis.59 Animals 
with a shorter lifespan has historically been used as a substitute to study the 
pathogenesis for diabetes, and more recently Gao et al.60, 61 has presented a 
disease progression model of Goto-Kakizaki rats that describes glucose, 
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insulin and HbA1c using insulin resistance and BCF through transit com-
partments and an indirect response model. 
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Aims 

General aim 
The overall aim of this thesis is to develop pharmacometric models with a 
mechanistic basis to adequately explain changes in glucose homeostasis and 
other associated biomarkers, and from that gain an understanding of disease 
progression in type 2 diabetes. 

Specific aims 
• To validate the predictive usefulness of semi-mechanistic models 

in T2DM by applying an established model to real clinical data. 
• To evaluate a semi-mechanistic population model that uses weight 

change to describe insulin sensitivity and β-cell function inter-
relationship with a physiological basis.  

• To develop a novel population model capable of using the major 
biomarkers associated with diabetes to describe its pathogenesis, 
specifically its disease progression from healthy to overtly diabet-
ic. 
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Methods 

The overall study designs of the projects included in the thesis varied in size 
and scope, as summarized below:  

Table 1. Summary of the study designs of the projects presented in the thesis. 

Paper No. of 
subjects Duration Drug 

treatment Demographic 

I 8 5 hrs Yes Healthy volunteers 
II 181 66 wks No Newly diagnosed diabetics 
III 167a 3-32 wks No Type 2 diabetics 
IV 23 24 wks No Pre-clinical healthy ratsb 
a The number of subjects in Paper III was modelled as 12 study arms in analysis. 
b The rats were originally healthy, and transitioned to diabetic over the duration of the exper-
iment. 

Data and prior developed models 
Meal tolerance test and glibenclamide (Paper I) 
Eight non-smoking, non-diabetic caucasian healthy volunteers (4 men, 4 
women) took part in a single-blinded, placebo-controlled, randomized cross-
over study.62, 63 The subjects had a mean ± standard deviation (SD) age of 
25.4 ± 4.1 years at inclusion, a mean weight of 69.7 ± 8.4 kg and mean body 
mass index (BMI) 22.8 ± 1.7 kg m-2. All subjects were healthy according to 
clinical status, and routine laboratory analyses of hematologic, hepatic, and 
renal functions were within normal range. The study comprised of five arms: 
3.5 mg intravenous (IV) glibenclamide (Gb), 3.5 mg IV 4-trans-
hydroxyglibenclamide (M1), 3.5 mg IV 3-cis-hydroxyglibenclamide (M2), 
IV placebo and 3.5 mg oral Gb, administered 3 months apart. All treatments 
were administered in the fasting state at time 0800, and at 30 minutes post 
dose a standardized breakfast with energy content of 1,800 kJ (430 kcal) was 
consumed. Since the diet composition was unknown, it was assumed to be 
the same as a typical cereal breakfast with 15 g protein, 62 g carbohydrates, 
6 g fat, 12.4 g dietary fiber, and 6.6 g soluble fiber.64 Apart from the meals, 
there were no additional sources of food or liquid intake during data collec-
tion period. Venous blood samples for analyses of serum drug concentra-
tions, blood glucose and insulin concentrations were drawn between 0 and 
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10 h, although in the analysis only the first 5 h of data were used. Sample 
times were: 0.083, 0.17, 0.33, 0.50, 0.67, 0.83, 1.0, 1.25, 1.5, 1.75, 2.0, 2.25, 
2.5, 2.75, 3.0, 3.5, 4.0, and 5.0 h. 

Integrated glucose-insulin model 
The IGI model for oral glucose tolerance tests in healthy volunteers devel-
oped by Silber et al. was used.48 This model contains an empirical flexible 
input function to characterize the complex absorption profile of glucose, 
following ingestion of glucose solution. A flexible function was used to di-
vide the absorption into intervals of time with different estimated absorption 
rates. In Paper I, the glucose provocation was a meal test and samples were 
taken less frequently than in the data used by Silber et al., thus differences 
were expected and adaption of the model to the current data was needed. 
During the first 2 h after the meal, 15-min steps were used with one excep-
tion. From 1 to 1.5 h postprandial, frequency of sampling only allowed for 
one 30-min interval. For later time intervals 30-min steps were used, with a 
last step of 60 min for absorption between 3.5 and 4.5 h postprandial. The 
absorption rates for the defined intervals were modelled using only the pla-
cebo data. 

Pharmacokinetic model of glibenclamide and metabolites 
The pharmacokinetics (PK) from this study has previously been modelled by 
Rydberg et al.65 based on the available serum and urine data related to the 
PK of Gb and its metabolites. The PK of Gb was described using a two-
compartment model with a first order absorption and first order elimination 
with a lag time. The PK of M1 and M2 was described using a three com-
partment model with bolus input and first order elimination. The formation 
of M1 and M2 are restricted due to a slow elimination rate from Gb in com-
parison. As serum measurements of M1 and M2 were not collected follow-
ing Gb administration, the individual predicted Gb and metabolites concen-
tration were used assuming the disposition and excretion characteristics of 
M1/M2 are equivalent independent of whether they are administered intra-
venously or formed from Gb. The predictions from the PK model for Gb, 
M1 and M2 was subsequently used to develop the PD model. 

Diet and exercise (Paper II) 
The data used in the diet and exercise (D&E) project came from the placebo 
arm of a randomized, double blind, placebo-controlled, multicenter, parallel-
group study (ClinicalTrails.gov identifier: NCT00236600) to determine the 
efficacy and safety of topiramate, an anticonvulsant drug which induces 
weight loss as a side effect. For the purposes of developing a model which 
investigates the effects of D&E, only placebo arm data was used. The place-
bo arm consisted of 181 (67 males, 114 females) Swedish, obese, newly 
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diagnosed T2DM, treatment naïve patients. The studied population ranged 
from 18-75 years of age with a BMI ≥27 kg/m2 and <50 kg/m2, median base-
line weight of 104 (72-159) kg, median baseline FSI of 17.8 (3.3-79.5) 
µU/mL, median baseline FPG of 7.6 (5-14.2) mmol/L and median baseline 
HbA1c of 6.7 (5.3-9.1) %.  

The subjects underwent 6 weeks of placebo run-in prior to a randomized 
treatment phase (continued placebo treatment) with a duration of 60 weeks. 
The following data were used in the analysis: Weight (up to 22 observations 
per subject), FSI (up to 4 observations per subject), FPG (up to 19 observa-
tions per subject), and HbA1c (up to 17 observations per subject). 

The D&E therapy consisted of a combination of individualized energy de-
ficient diet, a behavioral modification program, and a physical activity pro-
gram explained by trained counselors. This non-pharmacological therapy 
was provided for all subjects from enrolment through to the final visit. 

The prescribed energy deficient diet for each subject was 600 kcal (2500 
kJ) less than the individual subject’s total energy expenditure (TEE), which 
was calculated as 1.3 times the individual’s basal metabolic rate.66 A diabetic 
diet with a maximum of 30% fat content was designed for each subject, and 
TEE was re-evaluated for all subjects six months (32 weeks) into the 
maintenance period and the diet is adjusted accordingly. 

Very low calorie diet (Paper III) 
Summary level data were extracted from the publications of studies as refer-
enced from a meta-analysis review by Anderson et al..67 In total, the data 
consisted of summary measurements from 167 subjects in 12 arms (median 
number of subjects per arm was 8, ranging from 6-62) originating from 8 
different studies. 68, 69, 70, 71, 72, 73, 74, 75 Overall, repeated measurements of 
weight and FPG were recorded within a period ranging from 20 to 224 days. 
The studies had varying baseline weight (median = 105 kg; range = 93-118 
kg) and baseline FPG (median = 254 mg/dL; range = 191-321 mg/dL). Addi-
tional covariate information were recorded if provided. 

All the articles sourced had FPG after weight loss as the primary end-
point, but study designs and focus were different (Table 2). One study con-
tained a control arm consisting of healthy obese subjects (n=8). This arm 
was excluded from the data for the analysis to keep only data from obese 
patients with T2DM.68 All the studies had VLCD treatment, varying between 
300-909 kcal/day and in all studies the patients had minimal exercises. Data 
was provided in the form of either tables or graphs, or directly incorporated 
in the text. The software GetData Graph Digitizer76 v2.25.0.32 was used to 
digitalize graphical data from plots and charts. 
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Pre-clinical disease progression (Paper IV) 
The data used in the pre-clinical disease progression project came from a 
descriptive study77 using 24 male ZDSD rats, sourced at 7 weeks of age, 
(PreClinOmics Inc., Indianapolis, IN, USA) housed 2 per cage with ad libi-
tum diet and water over 24 weeks. Measurements of body weight, FSI and 
FPG were collected every 2 weeks (13 measurements in total for each bi-
omarker). The animals were fasted for 6 hours prior to the collection of FSI 
and FPG samples. 

Model development 
Pharmacodynamic modelling of glibenclamide (Paper I) 
A hypoglycemic agent could lower glucose by either affecting glucose pro-
duction/elimination or through effects on insulin. Using the IGI model, five 
possible mechanism of actions (MoA) were identified in which Gb and its 
metabolites could exert their hypoglycemic effects (Figure 4): (A) inhibiting 
glucose production, (B) stimulating insulin-independent glucose elimination, 
(C) stimulating insulin-dependent glucose elimination, (D) stimulating insu-
lin secretion, and (E) amplifying the incretin effect. To evaluate whether the 
design and model were sensitive enough for identifying the site of action of 
Gb and its metabolites, the hypoglycemic effect has been tested on each 
pathway. 

Competitive Emax function 
For the intravenous and oral administration of Gb, since it is metabolized 
into M1 and M2, it was necessary to model how the drug and its metabolites 
interact with each other. As Gb and its active metabolites were thought to 
compete for the ATP-sensitive potassium channels in pancreatic β-cells78, 79, 
a competitive Emax model (Eq. 5) was used to characterize the competitive 
interaction of the three agonists.80 For the other drug arms where only M1 or 
M2 was administered, the concentrations of Gb and the other metabolite are 
zero, and the competitive Emax model would collapse into an ordinary 
Emax model. The Emax and EC50Gb/M1/M2 was then used to relate the glu-
cose-lowering effect to the concentration of Gb, M1 or M2 as a direct effect 
on each pathway. 
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Figure 4. The semi-mechanistic, integrated insulin–glucose model.48 Drug effect of 
Gb and its metabolites were investigated on several pathways indicated by the ar-
rows, where A inhibitory effect on glucose production, B stimulatory effect on insu-
lin-independent glucose elimination, C stimulatory effect on insulin effect on glu-
cose elimination, D stimulatory effect on total insulin secretion, and E stimulatory 
effect on incretin effect on insulin secretion. Glucose absorption (ABSG) time inter-
vals are modified in this study. A more detailed description of the parameters are 
found in Table 4. 

𝐸𝐸𝐹𝐹𝐺𝐺+𝑀𝑀1+𝑀𝑀2 = 𝐸𝐸𝐸𝐸𝐸𝐸𝑥𝑥 ∙  �𝐶𝐶𝐺𝐺𝐺𝐺
𝑋𝑋𝐺𝐺𝐺𝐺

+ 𝐶𝐶𝑀𝑀1
𝑋𝑋𝑀𝑀1

+ 𝐶𝐶𝑀𝑀2
𝑋𝑋𝑀𝑀2

�    (5) 

Where 
 
𝑋𝑋𝐹𝐹𝐺𝐺 = 𝐸𝐸𝐸𝐸50𝐹𝐹𝐺𝐺 ∙ �1 + 𝐶𝐶𝑀𝑀1

𝐸𝐸𝐶𝐶50𝑀𝑀1
+ 𝐶𝐶𝑀𝑀2

𝐸𝐸𝐶𝐶50𝑀𝑀2
� + 𝐸𝐸𝐹𝐹𝐺𝐺  (6) 

𝑋𝑋𝑀𝑀1 = 𝐸𝐸𝐸𝐸50𝑀𝑀1 ∙ �1 + 𝐶𝐶𝐺𝐺𝐺𝐺
𝐸𝐸𝐶𝐶50𝐺𝐺𝐺𝐺

+ 𝐶𝐶𝑀𝑀2
𝐸𝐸𝐶𝐶50𝑀𝑀2

� + 𝐸𝐸𝑀𝑀1  (7) 

𝑋𝑋𝑀𝑀2 = 𝐸𝐸𝐸𝐸50𝑀𝑀2 ∙ �1 + 𝐶𝐶𝐺𝐺𝐺𝐺
𝐸𝐸𝐶𝐶50𝐺𝐺𝐺𝐺

+ 𝐶𝐶𝑀𝑀1
𝐸𝐸𝐶𝐶50𝑀𝑀1

� + 𝐸𝐸𝑀𝑀2  (8) 
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Emax is the maximal effect of the drug, which could either be stimulatory or 
inhibitory depending on which pathway the drug acts on. CGb/M1/M2 is the 
plasma concentration of Gb, M1 or M2. EC50Gb/M1/M2 is the plasma concen-
tration of Gb, M1 or M2 at half maximal effect. 

VLCD effect models (Paper III) 
Three models were investigated in the VLCD analysis, with all models hav-
ing the same basic structure of two turnover models – one for body weight 
(WGT), and one for FPG. The baseline values of WGT and FPG were esti-
mated (BLWT and BLFPG) as log-normally distributed parameters with 
mean of θBLWT and θBLFPG and standard deviation of ωBLWT and ωBLFPG, re-
spectively. At steady state, rate constants for the production of WGT and 
FPG were defined according to the following equations (Eq 9-10). 

 
𝐾𝐾𝐾𝐾𝐾𝐾𝑊𝑊𝐹𝐹𝑊𝑊 = 𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝑊𝑊𝐹𝐹𝑊𝑊/𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵    (9) 

 
𝐾𝐾𝐾𝐾𝐾𝐾𝐹𝐹𝐹𝐹𝐹𝐹 = 𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐹𝐹𝐹𝐹𝐹𝐹/𝐵𝐵𝐵𝐵𝐵𝐵𝑃𝑃𝐵𝐵                         (10) 

 
In which KoutWGT/FPG were fixed to literature values.55, 81 The effect of diet on 
WGT and FPG was implemented using a stepwise inhibitory effect on the 
production of the turnover models. 

 

 
Figure 5. Schematic picture of the different models investigated in Paper III. Weight 
and FPG are each modelled as a single compartment turnover model, and with the 
production being affected by different mechanisms, in response to very low caloric 
diet treatment. Model 0 is the reference model where the treatment effect is split into 
two separate effects therefore weight and FPG are completely unrelated. Model 1 
assumes that FPG production is inhibited as a consequence of weight loss adjusted 
by a scaling factor. Model 2 assumes a common underlying process that inhibits 
both inputs of weight and FPG simultaneously, with the magnitude scaled for FPG. 
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Reference model 
A model with separate effect for weight and FPG was used as the reference 
model (Figure 5; Model 0). The overall treatment effect of consuming 
VLCD were split into two separate stepwise effects (EffectWGT and EffectFPG) 
for each turnover model. This represented the most flexible hypothesis as 
WGT and FPG were completely independent of each other. 

 

𝑑𝑑𝑊𝑊𝐹𝐹𝑊𝑊
𝑑𝑑𝑑𝑑

= 𝐾𝐾𝐾𝐾𝐾𝐾𝑊𝑊𝐹𝐹𝑊𝑊 ∙ 𝐸𝐸𝑓𝑓𝑓𝑓𝑒𝑒𝐸𝐸𝐾𝐾𝑊𝑊𝐹𝐹𝑊𝑊 − 𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝑊𝑊𝐹𝐹𝑊𝑊 ∙ 𝐵𝐵𝐵𝐵𝐵𝐵                       (11) 

𝑑𝑑𝐹𝐹𝐹𝐹𝐹𝐹
𝑑𝑑𝑑𝑑

= 𝐾𝐾𝑖𝑖𝐾𝐾𝐹𝐹𝑃𝑃𝐺𝐺
𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑑𝑑𝐹𝐹𝑃𝑃𝐺𝐺

 − 𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐹𝐹𝐹𝐹𝐹𝐹 ∙ 𝐵𝐵𝑃𝑃𝐵𝐵                        (12) 

 
Baseline WGT and FPG were estimated with a log-normal distribution. Each 
effect was log-normally distributed with mean of θEffect and standard devia-
tion of ωEffect. EffectFPG was implemented as a denominator of KinFPG be-
cause the effect is presumably affecting IS, therefore as IS increases, FPG 
would decrease as a result.  

Hypothesis 1 - Weight change on FPG 
The first candidate model was developed based on the hypothesis that weight 
change as a result of consuming VLCD was the driver of improving IS, lead-
ing to lowering of FPG (Figure 5; Model 1). Change in weight can be de-
fined by either the study arm’s absolute weight change from baseline (Eq. 
13), or relative change from baseline (Eq. 14). Both approaches were inves-
tigated in the analysis. Essentially, EffectFPG was replaced by an arm’s 
change in weight (ΔWGT), adjusted with a scaling factor. A larger weight 
loss would translate to a larger EffectFPG, resulting in lower FPG. 

 
∆𝐵𝐵𝐵𝐵𝐵𝐵𝑎𝑎𝐺𝐺𝑎𝑎 = 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 −𝐵𝐵𝐵𝐵𝐵𝐵(𝐾𝐾)                        (13) 

∆𝐵𝐵𝐵𝐵𝐵𝐵𝑟𝑟𝐸𝐸𝑟𝑟 = 𝐵𝐵𝐵𝐵𝑊𝑊𝑊𝑊−𝑊𝑊𝐹𝐹𝑊𝑊(𝑑𝑑)
𝐵𝐵𝐵𝐵𝑊𝑊𝑊𝑊

                         (14) 

𝐸𝐸𝑓𝑓𝑓𝑓𝑒𝑒𝐸𝐸𝐾𝐾𝐹𝐹𝐹𝐹𝐹𝐹 = 1 + (∆𝐵𝐵𝐵𝐵𝐵𝐵 ∙ 𝜃𝜃𝐹𝐹𝐸𝐸𝑎𝑎𝑟𝑟𝐸𝐸)                        (15)

      

Hypothesis 2 - Common underlying effect 
The second candidate model was developed based on the hypothesis that 
both WGT and FPG are affected by a common underlying mechanism relat-
ed to the VLCD. The common effect θEffect was log-normally distributed with 
standard deviation of ωEffect, and inhibited the production of WGT leading to 
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weight decrease, and also inhibited the production of FPG via its inverse, 
adjusted with a scaling factor, leading to decrease in FPG. 

 

𝐸𝐸𝑓𝑓𝑓𝑓𝑒𝑒𝐸𝐸𝐾𝐾𝑊𝑊𝐹𝐹𝑊𝑊 =  𝜃𝜃𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑑𝑑 ∙ 𝑒𝑒𝜂𝜂𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸                        (16) 

𝐸𝐸𝑓𝑓𝑓𝑓𝑒𝑒𝐸𝐸𝐾𝐾𝐹𝐹𝐹𝐹𝐹𝐹 =  𝜃𝜃𝑆𝑆𝐸𝐸𝑆𝑆𝑆𝑆𝐸𝐸
𝜃𝜃𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸∙𝐸𝐸

𝜂𝜂𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸                         (17) 

Covariate model building 
The best candidate model from the VLCD analysis was further investigated 
for possible covariate relationships. The covariates are implemented using a 
linear relationship, whereby the covariate of an arm was subtracted by the 
median value of the population, and then scaled with an unbounded parame-
ter θcov. The covariate effect was then multiplied with the typical value of the 
parameter of interest. An example implementation of the covariate relation-
ship using baseline BMI is shown below. 

 
𝐸𝐸𝐾𝐾𝐶𝐶𝐵𝐵𝐵𝐵𝐵𝐵𝑀𝑀𝐹𝐹 = �1 +  𝜃𝜃𝐸𝐸𝑐𝑐𝑐𝑐 ∗ (𝐵𝐵𝐵𝐵𝐵𝐵𝐻𝐻𝐼𝐼 −  𝐵𝐵𝐵𝐵𝐵𝐵𝐻𝐻𝐼𝐼𝑚𝑚𝐸𝐸𝑑𝑑𝑖𝑖𝑎𝑎𝐾𝐾)�                       (18) 

 
All estimated parameters except the residual errors were tested with five 
possible covariates, which were age, caloric content in diet, baseline BMI, 
disease duration, and washout period. When using diet as a covariate, the 
effect from the diet was calculated as the ratio between the amount of calo-
ries provided per day during the study and the basal metabolic rate (BMR), 
with conversion of units from kcal to kJ. BMR was calculated based on the 
baseline weight of each arm taking into account the fraction of men and 
women in each study arm.66 The other covariates were used as provided in 
the publications. Missing covariates were imputed with the median value of 
the covariate. 

The covariate search process was evaluated with the stepwise covariate 
model building (SCM) procedure available in Perl-speaks-NONMEM82. The 
SCM was first performed with a forward inclusion with a significance level 
of 5%, corresponding to 3.84 drop in OFV, and afterwards with a backward 
elimination with significance level of 1%, corresponding to 6.63 OFV gain. 
Covariates that remained after the backward elimination were included in the 
final model. 
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Semi-mechanistic disease progression models (Paper II & IV) 
The semi-mechanistic model developed in the diet and exercise (D&E) pro-
ject (Paper II) and the pre-clinical project (Paper IV) were extensions of the 
de Winter model55 which quantified IS and BCF functionally similar to the 
homeostatic model assessment formulae. 16 The novel component for the 
semi-mechanistic model as investigated in this thesis is based on using 
change of weight as an effector for IS (Figure 6). According to the basic 
energy flux balance equation, all weight change can be described by energy 
intake subtracted by energy expenditure.83 When the total weight input ex-
ceeds its output, an individual would be expected to gain weight, or vice 
versa. In Paper II, the patients underwent a net weight loss and the effects of 
the weight loss on their glucose-insulin homeostasis were modelled. 
Knowledge gained from Paper II & III was used to adapt the model for use 
in a pre-clinical setting, during which the rats experienced a net weight gain. 

 

 
Figure 6. The Weight-HbA1c-Insulin-Glucose (WHIG) Model. EFW is the combined 
treatment effect of diet & exercise (D&E), placebo (P), and an upwards counter-
effect dependent on time acting on the input of weight (WGT). Effect on insulin 
sensitivity (EFS) is a function of change in weight (ΔWGT), which changes insulin 
sensitivity (IS). EFB is the treatment effect on β-cell function, which is a composite 
function consisting of its increase (EFBI) and decrease (EFBD) over time. EFB to-
gether with the natural progressive loss on β-cell function (B), determines the pro-
duction rate of fasting serum insulin (FSI). The homeostasis of FSI and fasting 
plasma glucose (FPG) is described with FSI inhibiting FPG production, while FPG 
stimulates FSI production. FPG and post-prandial glucose (PPG) drive the produc-
tion of HbA1c, which is described using three transit compartments. 
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Weight-HbA1c-Insulin-Glucose model 
Weight change 
In Paper II’s study design, weight change from energy flux imbalance was 
achieved from a combination of diet (restricted energy intake) and exercise 
(increased energy expenditure), together known as D&E. Although D&E 
should ideally be separated into two effects acting on the input (diet) and 
output (exercise) of weight as described above, multiple D&E effects would 
be unidentifiable and therefore they have been combined as a single effect 
(EFD&E). 
 
𝐸𝐸𝐵𝐵𝐷𝐷&𝐸𝐸+𝐹𝐹𝑖𝑖 = 𝐸𝐸𝐵𝐵𝐷𝐷&𝐸𝐸𝑖𝑖 + 𝐸𝐸𝐵𝐵𝐹𝐹𝑖𝑖                         (19) 

 
EFD&E+P is the sum of the parameters describing D&E and placebo (EFP) for 
each individual (i). These parameters, normally distributed with mean of 
θD&E and θP and standard deviation of ωD&E and ωP, are modelled as step 
functions with the effect setting in at week 0 and week 6, respectively. 
EFD&E+P is therefore the total negative contribution to the overall effect on 
weight. 

Over time, there was also a constant positive contribution on weight, at-
tributed to the lack of motivation to continue D&E and/or placebo effect 
wearing off, EFUP. EFUP is assumed to be a normally distributed parameter 
with mean θUP and standard deviation ωUP; thus EFUP, even though having a 
positive median, could take both positive and negative values on an individ-
ual level, indicating a weight loss or gain, respectively. 

The net effect on weight input (EFW) is therefore the product of EFUP and 
EFD&E+P, both normalized to 1 at time 0. Assuming a steady-state, weight 
input was equal to weight output, so EFW below one will result in weight 
loss. Baseline weight (BLWT) was estimated with a log-normal distribution 
with a mean of θBLWT and a standard deviation of ωBLWT. 

 

𝐸𝐸𝐵𝐵𝑊𝑊 = 100+𝐸𝐸𝐹𝐹𝑈𝑈𝑃𝑃,𝑖𝑖∙𝑑𝑑/365
100

∙ 100−𝐸𝐸𝐹𝐹𝐷𝐷&𝐸𝐸+𝑃𝑃,𝑖𝑖
100

                        (20) 

𝑑𝑑𝑊𝑊𝐹𝐹𝑊𝑊
𝑑𝑑𝑑𝑑

= 𝐸𝐸𝐵𝐵𝑊𝑊 ∙ 𝑘𝑘𝑖𝑖𝐾𝐾 𝑊𝑊𝐹𝐹𝑊𝑊 − 𝑘𝑘𝑐𝑐𝑜𝑜𝑑𝑑 𝑊𝑊𝑊𝑊 ∙ 𝐵𝐵𝐵𝐵𝐵𝐵                        (21) 

Insulin sensitivity 
Baseline insulin sensitivity (IS0) was estimated with a normal distribution 
with a mean of θIS0 and a standard deviation of ωIS0 which is then expressed 
as an inverse logit to constrain it between 0 and 1. Changes in IS were mod-
elled as inversely proportional to an individual’s absolute change in weight 
(ΔWGT). Effect on insulin sensitivity (EFS) is then expressed as a fraction 
that is scaled (ScaleEFs) linearly to ΔWGT (Eq. 22). ScaleEFs was estimated 
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with a log-normal distribution with a mean of θScaleEFs and a standard devia-
tion of and ωScaleEFs,i. The more an individual loses weight, the higher the IS 
and conversely, the more an individual gains in weight, the lower the IS. 

 

𝐸𝐸𝐵𝐵𝐹𝐹 = 1 + 𝑆𝑆𝐸𝐸𝐸𝐸𝑆𝑆𝑒𝑒𝐸𝐸𝐹𝐹𝑎𝑎  ∙  ∆𝐵𝐵𝐵𝐵𝐵𝐵                        (22) 

β-cell function and disease progression 
The rate of natural disease progression of β-cell function deterioration (RB) 
was modelled as a logistic decline from baseline β-cell function (B0) per 
year, and were normally distributed with a mean of θB0 and θRB with a stand-
ard deviation of ωB0 and ωRB, respectively. 

 

𝐵𝐵 = 1
1+𝐸𝐸𝐵𝐵0,𝑖𝑖+𝑅𝑅𝐵𝐵𝑖𝑖∙𝐸𝐸 365⁄                          (23) 

An empirical treatment effect (EFB) was multiplied with the natural β-cell 
function to mimic the natural response of the β-cells to stimulate insulin 
release in order to compensate for reduced IS in early stages of T2DM. EFB 
is a composite function comprising of a logistic increase (EFBI) using the 
start of treatment date (tTRT) as the half increase time with a steepness pa-
rameter (SEFBI), and a logistic decline (EFBD) that eliminates the effect 
with both the time at half decline (EFB50) and steepness (SEFBD) estimated. 
EFB increased from 1 and then back to 1 over the course of the study dura-
tion. 

 

𝐸𝐸𝐵𝐵𝐵𝐵𝐹𝐹 = � 𝐸𝐸𝐹𝐹𝐵𝐵,𝑚𝑚𝑆𝑆𝑚𝑚,𝑖𝑖

1+� 𝐸𝐸
𝐸𝐸𝑇𝑇𝑅𝑅𝑇𝑇,𝑖𝑖

�
𝑆𝑆𝐸𝐸𝐹𝐹𝐵𝐵𝑆𝑆�                         (24) 

𝐸𝐸𝐵𝐵𝐵𝐵𝐷𝐷 = � 𝐸𝐸𝐹𝐹𝐵𝐵𝑆𝑆,𝑖𝑖

1+� 𝐸𝐸
𝐸𝐸𝐹𝐹𝐵𝐵50,𝑖𝑖

�
𝑆𝑆𝐸𝐸𝐹𝐹𝐵𝐵𝐷𝐷�                         (25) 

𝐸𝐸𝐵𝐵𝐵𝐵 = 1 + 𝐸𝐸𝐵𝐵𝐵𝐵𝐷𝐷                         (26) 

The maximal relative increase of β-cell function (EFB,max.i) and the time of 
half decline (EFB50,i) are log-normally distributed with a mean of θEFBmax and 
θEFB50 and a standard deviation of ωEFBmax and ωEFB50, respectively. 
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FSI-FPG homeostatic feedback model 
The homeostasis between FSI and FPG is biologically complex and involves 
many processes, and could become even more complicated with an active 
treatment. In the WHIG model, the relationship between FSI and FPG are 
described with the following differential equations55: 

 
𝑑𝑑𝐹𝐹𝐹𝐹𝐹𝐹
𝑑𝑑𝑑𝑑

= 𝐸𝐸𝐵𝐵𝐵𝐵  ∙ 𝐵𝐵 ∙ (𝐵𝐵𝑃𝑃𝐵𝐵 − 3.5) ∙ 𝐾𝐾𝐾𝐾𝐾𝐾𝐹𝐹𝐹𝐹𝐹𝐹 − 𝐵𝐵𝑆𝑆𝐼𝐼 ∙ 𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐹𝐹𝐹𝐹𝐹𝐹                        (27) 

𝑑𝑑𝐹𝐹𝐹𝐹𝐹𝐹
𝑑𝑑𝑑𝑑

= 𝐾𝐾𝑖𝑖𝐾𝐾𝐹𝐹𝑃𝑃𝐺𝐺
𝐸𝐸𝐹𝐹𝑆𝑆 ∙𝐹𝐹𝐹𝐹0 ∙𝐹𝐹𝐹𝐹𝐹𝐹

− 𝐵𝐵𝑃𝑃𝐵𝐵 ∙ 𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐹𝐹𝐹𝐹𝐹𝐹                         (28) 

The production rate of FSI is stimulated by FPG, but also negatively affected 
by natural disease progression leading to the loss of β-cell function (B). FSI 
production could be further modified by a treatment effect (EFB) (Eq 26). 
For consistency with the HOMA equations, a lower physiological limit of 
3.5 mmol/L for FPG-stimulated insulin secretion was used.84, 85  

To speed up the modelling of these computationally intensive processes, 
short-term dynamics for both FSI and FPG are assumed to be at steady-state 
(SS), i.e. dA/dt = 0, and FSI production can be linearized with the quadratic 
equation (See Choy et al.81 Appendix 1). KinFSI / KoutFSI is a constant 7.8, 
corresponding to a healthy FSISS of 7.8uU/mL, which according to the up-
dated homeostatic assessment model (HOMA2) is defined as the concentra-
tion of insulin that will have approximately 100% insulin sensitivity.85 
KinFPG / KoutFPG is a constant with value 35.1, calculated as a product from 
healthy FPGSS of 4.5mmol/L given a FSISS of 7.8uU/mL. 

 

HbA1c model 
The total amount of HbA1c was given by the sum of three transit compart-
ments. The rate of hemoglobin glycation was driven by FPG, in addition to a 
residual rate that is independent of FPG, which was best explained as the 
contribution from post-prandial glucose (PPG) as well as assay error.52, 86 
The PPG effect was log-normally distributed with a mean of θPPG and a 
standard deviation of ωPPG. At times greater than 0, PPG contribution is re-
duced by an estimated scaling parameter (ScalePPG) that represents a PPG-
lowering effect from D&E (Eq. 29). The population KinHbA1c is estimated, 
and KoutHbA1c is expressed as the total number of transit compartments (3) 
divided by the population mean transit time (MTT). 

 
𝑑𝑑𝐻𝐻𝐺𝐺𝐻𝐻1𝐸𝐸𝐸𝐸𝑚𝑚𝐸𝐸 1

𝑑𝑑𝑑𝑑
=  𝑃𝑃𝑃𝑃𝐵𝐵𝑖𝑖 ∙ 𝑆𝑆𝐸𝐸𝐸𝐸𝑆𝑆𝑒𝑒𝐹𝐹𝐹𝐹𝐹𝐹 + 𝐾𝐾𝐾𝐾𝐾𝐾𝐻𝐻𝐺𝐺𝐻𝐻1𝐸𝐸 ∙ 𝐵𝐵𝑃𝑃𝐵𝐵 − 𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐻𝐻𝐺𝐺𝐻𝐻1𝐸𝐸 ∙

𝐻𝐻𝐻𝐻𝐻𝐻1𝐸𝐸𝐸𝐸𝑚𝑚𝑑𝑑 1                          (29) 
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𝑑𝑑𝐻𝐻𝐺𝐺𝐻𝐻1𝐸𝐸𝐸𝐸𝑚𝑚𝐸𝐸 2
𝑑𝑑𝑑𝑑

= 𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐻𝐻𝐺𝐺𝐻𝐻1𝐸𝐸 ∙ 𝐻𝐻𝐻𝐻𝐻𝐻1𝐸𝐸𝐸𝐸𝑚𝑚𝑑𝑑 1 − 𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐻𝐻𝐺𝐺𝐻𝐻1𝐸𝐸 ∙ 𝐻𝐻𝐻𝐻𝐻𝐻1𝐸𝐸𝐸𝐸𝑚𝑚𝑑𝑑 2        (30) 

𝑑𝑑𝐻𝐻𝐺𝐺𝐻𝐻1𝐸𝐸𝐸𝐸𝑚𝑚𝐸𝐸 3
𝑑𝑑𝑑𝑑

= 𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐻𝐻𝐺𝐺𝐻𝐻1𝐸𝐸 ∙ 𝐻𝐻𝐻𝐻𝐻𝐻1𝐸𝐸𝐸𝐸𝑚𝑚𝑑𝑑 2 − 𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐻𝐻𝐺𝐺𝐻𝐻1𝐸𝐸 ∙ 𝐻𝐻𝐻𝐻𝐻𝐻1𝐸𝐸𝐸𝐸𝑚𝑚𝑑𝑑 3        (31)  

Preclinical disease progression model 
Weight change 
In the pre-clinical model, weight change of the ZDSD rats was described 
with a turnover model (Eq. 32), with production stimulated by the natural 
growth rate (Kgrowth) of SD rats, according to the Brody growth function87 
transformed as a differential equation, the excess growth rate (Egrowth) 
related to the ZDSD rat strain’s natural tendency for obesity, and at extreme 
glucose concentrations, inhibited by FPG (EFG,WGT). Extreme glucose is 
defined as FPG being over 3.5mmol/L above its baseline. 

 
𝑑𝑑𝑊𝑊𝐹𝐹𝑊𝑊
𝑑𝑑𝑑𝑑

= 𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾ℎ (𝐵𝐵𝐵𝐵𝐵𝐵𝑚𝑚𝑎𝑎𝑚𝑚 ∙ 𝐸𝐸𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾ℎ ∙ 𝐸𝐸𝐵𝐵𝐹𝐹,𝑊𝑊𝐹𝐹𝑊𝑊 −𝐵𝐵𝐵𝐵𝐵𝐵)                   (32)             

The population baseline weight (BLWT) was log-normally distributed with a 
standard deviation of ωBLWT. The observed population BLWT was used with 
the reported birth weight of 6.1g and maximum weight (WGTmax) of 840g of 
SD rats from literature88 to derive Kgrowth for ZDSD rats, which was ap-
proximately 0.043 per week. 

The excess growth describes the additional growth seen in ZDSD rats 
compared to healthy SD rats and was also used to drive changes in insulin 
sensitivity. The excess growth function, Egrowth, is described with an inhib-
itory sigmoidal Emax function with an asymptote of 1, multiplied with the 
natural growth. This function has an initially strong stimulatory effect on 
weight, which decreases over time until there is no additional effect of ex-
cess growth as the rats continued to progress into advanced diabetes. 

 

𝐸𝐸𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾ℎ = 1 +  𝐸𝐸𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾ℎ𝑚𝑚𝑎𝑎𝑚𝑚 �1 − 𝑑𝑑𝐸𝐸𝐸𝐸

𝐸𝐸𝐸𝐸𝑟𝑟𝑐𝑐𝐸𝐸𝑑𝑑ℎ50𝐸𝐸𝐸𝐸 + 𝑑𝑑𝐸𝐸𝐸𝐸
�                           (33) 

Egrowthmax is the maximum excess growth, Egrowth50 is the time in weeks 
for Egrowth to be half its initial value, and Eγ is the shape factor. Egrowth50 
is log-normally distributed with a mean of θEgrowth50 and a standard deviation 
of ωEgrowth50. 

The glucose effect on weight (EFG,WGT) represented weight loss associated 
with the toxicity of elevated glucose in uncontrolled diabetes and the insulin 
deficiency in extremely advanced diabetes.89, 90 It is described as a switch 
function coming into effect when FPG being greater than 3.5mmol/L over its 
baseline (Figure 7). EFG,WGT represents the fraction multiplied to the overall 
production to the weight turnover model, and is less than 1 when ΔFPG > 
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3.5mmol/L, enabling weight loss as weight production becomes lower than 
its elimination. 
 

 
Figure 7. The semi-mechanistic model used to describe diabetes progression in 
ZDSD rats. Changes in weight (WGT) is defined by the natural growth of SD rats 
according to the Brody growth function (kgrowth) and excess growth (Egrowth) 
unique for ZDSD rats, as they have a natural tendency for obesity. At extreme glu-
cose concentrations (baseline corrected FPG > 3.5), weight production is inhibited 
(EFG,WGT). The effect on insulin sensitivity (EFS) is related to excess growth, which 
leads to changes to insulin sensitivity (IS). β-cell function (BCF) is affected by the 
disease progression (EFB(t)), and the time of β-cell failure is estimated. The produc-
tion of FSI is stimulated by FPG, while FSI inhibits the production of FPG. When 
baseline corrected FPG exceeds 3.5, elimination of FPG is increased (EFUrine) with 
increasing FPG, describing increased renal glucose elimination at high glucose con-
centrations. 

 

Insulin sensitivity 
Baseline insulin sensitivity (IS0) is estimated with a mean of θIS0 and a stand-
ard deviation of ωIS0 which was log-normally distributed. Unlike humans 
who stop the natural growth at adult age, the rats grew throughout life indef-
initely. Assuming the natural weight growth of rats does not change IS, 
weight change per se could not be used as the driver for the change in insulin 
sensitivity (EFS), as was done in the previous published clinical model of 
disease progression.81 Instead, EFS is in the current implementation de-
scribed using the excess growth of the rats; modelled as a shifted Egrowth 
from baseline 1 (Eq. 34). This has the shape of an inhibitory Emax function. 
 

𝐸𝐸𝐵𝐵𝐹𝐹 = 𝐸𝐸𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾ℎ − 𝐸𝐸𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾ℎ𝑚𝑚𝑎𝑎𝑚𝑚 = 1 − 𝐸𝐸𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾ℎ𝑚𝑚𝑎𝑎𝑚𝑚 �
𝑑𝑑𝐸𝐸𝐸𝐸

𝐸𝐸𝐸𝐸𝑟𝑟𝑐𝑐𝐸𝐸𝑑𝑑ℎ50𝐸𝐸𝐸𝐸 + 𝑑𝑑𝐸𝐸𝐸𝐸
�

                                               (34) 
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β-cell function and disease progression 
Baseline β-cell function (BCF0) is estimated as a parameter θBCF0. During the 
progression from healthy to overtly diabetic via impaired glucose tolerance, 
BCF changed radically, with a steady initial increase to compensate de-
creased insulin sensitivity followed by the rapid onset of β-cell failure. The 
function describing changes in BCF (EFB) is, in the current model, described 
by a product of an early relatively slow rise in BCF, BCrise, and a late rapid 
decline, BCdecline. BCrise is the compensatory secretion of insulin by β-cell, to 
compensate for the loss of insulin sensitivity with a sustained glycemic con-
trol. This function is a re-parameterized logistic function91 with a lower as-
ymptote, in which BCmax is the maximum BC, BC50 is the time at half maxi-
mum BCF, and BCγ as the shape factor. 

 

𝐵𝐵𝐸𝐸𝑟𝑟𝑖𝑖𝑎𝑎𝐸𝐸 = 𝐵𝐵𝐸𝐸𝑚𝑚𝑎𝑎𝑚𝑚 +  1−𝐵𝐵𝐶𝐶𝑚𝑚𝑆𝑆𝑚𝑚

�1+�(21/𝐵𝐵𝐵𝐵𝐸𝐸−1)∙� 𝐸𝐸
𝐵𝐵𝐵𝐵50

�
𝐵𝐵𝐵𝐵𝐸𝐸

��
                       (35) 

The time for when BCF switches from rising to declining is estimated as the 
inflection point (IP) in days, which was log-normally distributed with mean 
θIP and a standard deviation of ωIP.  IP defines the time when BCrise reaches 
its maximum, such that when time is greater than IP, BCrise is equal to the 
constant BClimit, which is defined as BCrise at time IP. 

 

𝐵𝐵𝐸𝐸𝑟𝑟𝑖𝑖𝑚𝑚𝑖𝑖𝑑𝑑 = 𝐵𝐵𝐸𝐸𝑚𝑚𝑎𝑎𝑚𝑚 +  1−𝐵𝐵𝐶𝐶𝑚𝑚𝑆𝑆𝑚𝑚

�1+�(21/𝐵𝐵𝐵𝐵𝐸𝐸−1)∙� 𝑆𝑆𝑃𝑃
𝐵𝐵𝐵𝐵50

�
𝐵𝐵𝐵𝐵𝐸𝐸

��
                       (36) 

The declining part of BCF is described with a logistic decline function with a 
lower asymptote BCfloor, with its rate of decline estimated with a steepness 
parameter (steep) in weeks, and it is 0.5 at time IP. 

 

𝐵𝐵𝐸𝐸𝑑𝑑𝐸𝐸𝐸𝐸𝑟𝑟𝑖𝑖𝐾𝐾𝐸𝐸 = 1 −  � 1−𝐵𝐵𝐶𝐶𝐸𝐸𝑆𝑆𝑓𝑓𝑓𝑓𝑓𝑓
1+ 𝐸𝐸−𝑠𝑠𝐸𝐸𝐸𝐸𝐸𝐸𝑠𝑠∙((𝐸𝐸−𝑆𝑆𝑃𝑃)/7)�                        (37) 

𝐵𝐵𝐸𝐸𝐸𝐸𝑟𝑟𝑐𝑐𝑐𝑐𝑟𝑟 =  𝜃𝜃𝐵𝐵𝐶𝐶𝐸𝐸𝑟𝑟𝑐𝑐𝑐𝑐𝑟𝑟                         (38) 

When Time > IP, 

𝐵𝐵𝐸𝐸𝐸𝐸𝑟𝑟𝑐𝑐𝑐𝑐𝑟𝑟 =  𝜃𝜃𝐵𝐵𝐶𝐶𝐸𝐸𝑟𝑟𝑐𝑐𝑐𝑐𝑟𝑟 ∙  �
𝐹𝐹𝐹𝐹
𝑑𝑑
�                         (39) 

BCfloor continued to decrease after onset of β-cell failure, inversely propor-
tional to time. The use of a time-dependent BCfloor mimics the disease pro-
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gression of diabetes reflected as a continued slower decrease in BCF after 
the initial rapid onset of β-cell failure. 

 

FSI-FPG homeostatic feedback model 
The homeostasis between FSI and FPG in the pre-clinical model was mod-
elled based on the de Winter model55, whereby the differential equation de-
scribing FSI change is exactly the same as the clinical WHIG model81 (Eq 
27). KoutFSI is in the model fixed to 1 while KinFSI is 7.8, corresponding to a 
healthy FSI of 7.8uU/mL, which according to the updated homeostatic as-
sessment model (HOMA2) is defined as the concentration of insulin that will 
have approximately 100% insulin sensitivity.85  

For changes in FPG, it is similar to the WHIG model except for the addi-
tion of an effect on the output of glucose elimination. KoutFPG is fixed to 
0.021 from the literature55, and KinFPG is fixed to 0.7371 which is derived 
from healthy FPG of 4.5mmol/L given a FSI of 7.8uU/mL (4.5×7.8×0.021), 
assuming 100% clinical insulin sensitivity for the rats at the start of the ex-
periment. The renal glucose elimination (EFurine) effect is multiplied with 
KoutFPG when FPG exceeds a threshold past its baseline. The threshold FPG 
value is defined as 3.5mmol/L over its baseline in the model, which translat-
ing to human terms would be categorized as stage 3/4 diabetes.10 EFurine is 
implemented as a slope (θUrine) scaled by a power parameter Uγ. As FPG 
increased past the threshold, renal glucose elimination also increased non-
linearly. 

 

𝐸𝐸𝐵𝐵𝑜𝑜𝑟𝑟𝑖𝑖𝐾𝐾𝐸𝐸 = 1 +  ��𝐵𝐵𝑃𝑃𝐵𝐵 − (𝐵𝐵𝑃𝑃𝐵𝐵0,𝑖𝑖 + 3.5)� ∙ 𝜃𝜃𝑜𝑜𝑟𝑟𝑖𝑖𝐾𝐾𝐸𝐸�
𝑈𝑈𝑈𝑈
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Data analysis and model evaluation 
In Paper I, the glucose and insulin baseline and the parameters relating to the 
glucose absorption profile were first estimated from the placebo data alone. 
From this base model, the input of the drugs was added, including individual 
predictions of plasma concentrations from the PK model. Drug effect was 
estimated using the competitive Emax function following drug input. A large 
drop in OFV in the competitive Emax model when compared to the base 
model with no drug effects would result in a statistically significant fit. In-
travenous data (Gb, M1, and M2) alone were used to estimate final drug 
effect parameters. All models, with different mechanism of action, were 
evaluated using an external validation dataset (oral Gb), while fixing all the 
parameters to estimates from intravenous data. All models, with different 
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mechanism of action, were evaluated using an external validation dataset 
(oral Gb), while fixing all the parameters to estimates from intravenous 
data. 

For Paper III, all subjects belonging to each study arm were treated as a 
single individual during analysis. As the different studies included in the 
data consisted of different number of participants in each arm, the residual 
error was in estimation scaled by dividing its magnitude with the square root 
of the number of participants for each arm.  

For all projects, model selection was based on mechanistic plausibility of 
parameter values, parameter precision, goodness-of-fit tests using OFV and 
predictive performance, assessed graphically using visual predictive checks 
(VPC).92 

VPCs can be used to assess model fit by overlaying simulated datasets 
created from the model onto actual observations. In this way, discrepancies 
between the model and the data can be easily identified. Similar profiles 
between the simulated datasets and the observations indicate an adequate 
model. For Paper I, the VPCs were prediction-corrected to normalize the 
concentrations of all drug compounds to allow comparisons between differ-
ent drug arms.93 The prediction and variance-corrected median and the 80% 
(10-90%) prediction intervals (PI) based on 1,000 simulated datasets from 
the model were compared to the corresponding median of the observed data. 
In Paper II, the median and 95% PI based on 1,000 simulated datasets from 
the model were compared to the corresponding median, 2.5th and 97.5th per-
centiles of the observed data. For Paper III, the 95% PI based on 500 simu-
lated datasets were compared to the corresponding median of the observed 
data. For Paper IV, the 95% PI based on 500 simulated datasets from the 
model were compared to the corresponding median, 10th and 90th percentiles 
of the observations. Different percentiles were used in each project based on 
the number of individuals available in their respective datasets, with less 
extreme percentiles being more appropriate for smaller datasets.94 

Model precision was assessed with relative standard errors (RSE). In Pa-
per I, RSEs were obtained from non-parametric resampled bootstrap datasets 
(n=200). In Paper II, RSEs were obtained from a non-parametric bootstrap 
resampling of the dataset (n=500). In Paper IV, RSEs were obtained from 
the Sampling-Importance-Resampling (SIR) method95, using the variance-
covariance matrix as the initial input for SIR, with the stopping criteria being 
defined as when the change in OFV distribution is stable for 2 consecutive 
iterations. 

Software 
Nonlinear mixed effects modelling was performed for all projects using 
NONMEM (version 7.1.2 for Paper I, 7.2 for Paper II, 7.3 for Paper III & 
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IV) with first order conditional estimation method with interaction 
(FOCE+I) was used for data analysis (FOCE for Paper I). 
Perl-speaks-NONMEM (PsN)82 (version 4) was used to assist covariate 
model building with SCM, bootstrapping of datasets, SIR and VPC simula-
tions. The R package Xpose496 was used to generate goodness-of-fit plots 
and VPC graphs.  
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Results 

Application of the integrated glucose-insulin model 
(Paper I) 
Glucose absorption following meal tolerance test 
The rate of glucose absorption following a meal was well described using an 
empirical flexible input function for the placebo arm. Inter-individual varia-
bility (IIV) was initially allowed for the first 90 min following meal inges-
tion in the model, but the IIV for the first peak was estimated to be very 
small so it was omitted in the final model. The highest IIV was estimated 
around 1 h (ranging from 0.75 to 1.5 h) after the meal. The amount of total 
glucose absorbed reached a plateau after approximately 2 h (Figure 8). 
 

 
Figure 8. The glucose absorption profile in healthy volunteers following a meal 
tolerance test. Left panel shows the glucose absorption rate in incremental steps of 
time; Right panel shows the cumulative amount of glucose absorbed over time. 
Thin lines are the individual profiles and the thick line shows the absorption of a 
typical individual. 

Determining mechanism of action of glibenclamide 
Stimulation of insulin secretion (Figure 4; Pathway D) as a drug effect 
showed by far the largest drop in objective function value (∆OFV) compared 
to their respective baseline model (no drug effect) in the intravenous arms of 
the study (Table 3). Pathway D was also the best candidate when considering 
parameter precision (Table 4) and predictive performance. Stimulatory effect 
on insulin-independent glucose elimination (pathway B) also showed a sig-
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nificant drop in OFV, although not as strong as pathway D. After adding the 
primary drug effect to the model, pathway B was also investigated as a pos-
sible drug effect additional to pathway D. However, there were no further 
improvements in ∆OFV after the primary drug effect was considered. Simi-
larly, pathway D was identified as the most appropriate also when the three 
active intravenous treatment arms were fitted simultaneously. As external 
validation, the final model for each MoA was used to predict the oral Gb arm 
without parameter re-estimation, and the ∆OFV on insulin secretion was 
consistent. The estimated Emax and EC50 of the drug effect are listed in 
Table 4. 

Table 3. Change in objective function value (∆OFV) of the drug effect pathways for 
glibenclamide and its metabolites, relative to their respective base model (no drug 
effect). A = glucose production; B = Insulin-independent glucose elimination; C = 
Insulin-dependent glucose elimination; D = Insulin secretion; E = Incretin effect. 
 Inhibitory 

effect 
 Stimulatory effect 

Treatment arms A  B C D E 
Intravenous Gb 0  -1 -135 -348 0 
Intravenous M1 -2  -29 0 -99 -3 
Intravenous M2 -1  -66 -35 -163 0 
All intravenous arms 0  -242 -183 -655 -5 
Oral Gb  -  -4 -33 -180 -26 
 

Table 4. Final parameter estimates with relative standard errors (RSE; %) and their 
respective inter-individual variability expressed as coefficients of variation (CV) 
from the intravenous model with the drug effect on stimulating insulin secretion 
(pathway D). 

Parametera 
Typical 
Value 
(RSE) 

CV % 
(RSE) 

Glucose   
VG (L) Volume of distribution, central 9.33 30 
VP (L) Volume of distribution, peripheral  8.56 30 
CLG (L/min) Clearance, insulin-independent 0.0894 59 
CLGI 
(L/min/(mU/L)) Clearance, insulin-dependent 0.00874 53 

Q (L/min) Inter-compartmental clearance 0.442 85 
kGE1 (/min) Rate constant, delay for effect on insulin secr. 0.0573 - 
KGE2 (/min) Rate constant, delay for effect on glucose 

prod. 
0.0289 85 

GPRG (-) Shape of glucose effect on glucose produc-
tion 

-2.79 - 

GSS (mg/dL) Steady-state glucose concentration 73.4 (2) 4 (22) 
SINC (min/mg) Slope of incretin effect 0.238 (33) 20 

(223) 
ABSG(30-45) (g) Absorbed glucose 30-45 min after drug 0.0006 

(110)  
41 
(94) 

ABSG(45-60) (g) Absorbed glucose 45-60 min after drug 4.167 (2) - 
ABSG(60-75) (g) Absorbed glucose 60-75 min after drug 1.874 (30) 17 
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(175) 
ABSG(75-90) (g) Absorbed glucose 75-90 min after drug 1.95 (11) 18 

(41) 
ABSG(90-120) (g) Absorbed glucose 90-120 min after drug 1.149 (66) 96 

(64) 
ABSG(120-150) (g) Absorbed glucose 120-150 min after drug 0.197 (79) - 
ABSG(150-180) (g) Absorbed glucose 150-180 min after drug 0.129 (81) - 
ABSG(180-240) (g) Absorbed glucose 180-240 min after drug 0.206 (78) - 
ABSG(240-300) (g) Absorbed glucose 240-300 min after drug 0.0055 

(2000) 
- 

Insulin   
VI (L) Volume of distribution 6.09 41 
CLI (L/min) Clearance 1.22 29 
kIE (/min) Rate constant, delay for effect on CLGI 0.0213 58 
IPRG (-) Shape of glucose effect on insulin secretion 1.42 35 
GPRI (-) Shape of insulin effect on glucose production -3.24 - 
ISS (mU/L) Steady-state insulin concentration 3.485 (10) 18 

(91)  
Corr VG-Q (-) Correlation VG and Q -0.192 - 
Corr VG-VI (-) Correlation VG and VI 0.0855 - 
Corr Q-VI (-) Correlation Q and VI -0.12 - 
Drug Effectsb   
Emax (-) Maximal effect on insulin secretion 4.23  - 
EC50G (ng/mL) Gb concentration giving half of maximal 

effect 
169.1  - 

EC50M1 (ng/mL) M1 concentration giving half of maximal 
effect 

151.4  - 

EC50M2 (ng/mL) M2 concentration giving half of maximal 
effect 

267.1 - 

Residual Error Glucose, % 11 (20) - 
 Insulin, % 52.7 (11) - 
a Estimated parameters are in bold. Other system-specific parameters were based on the final 
estimates from Silber et al. 48 
b RSEs for drug effect parameters were omitted due to a high number of estimates in the linear 
range from the bootstrap samples. 

Visual predictive checks 
From the final model with stimulation of insulin secretion as the MoA of Gb 
and its metabolites, the VPCs demonstrated that a typical individual will 
experience a glucose surge after a meal (Figure 9; top left), which triggers 
insulin secretion (Figure 9; bottom left) that lowers the glucose concentra-
tion over a period of two hours. Glucose concentrations may even drop be-
low baseline due to the over-compensation of produced insulin, which slow-
ly returns to baseline within 5 h. In the intravenous treatment arms (Gb, M1, 
M2), glucose concentrations are initially decreased due to the drug-induced 
increase in insulin secretion (Figure 9; middle column). Following a meal at 
30 min, absorption of glucose would further trigger insulin secretion. This 
double-peak characteristic was well captured in the model. When the model 
was used for predicting the external dataset without parameter re-estimation 
(after oral Gb administration), the pronounced drop in glucose following a 
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meal at 30 min was also well characterized by the model (Figure 9; right 
column). Since the tablet was administered orally 30 min prior to the meal, 
the maximum concentration coincided with the endogenous regulatory insu-
lin-secretion triggered by ingestion of a meal, which led to a larger dip in 
glucose. The VPC of the external validation dataset suggested that the pre-
sent model could well predict the response in insulin-secretion of Gb regard-
less of the route of drug administration. 
 

Figure 9.  Prediction- and variance-corrected visual predictive checks (VPC) of the 
final model with stimulation of insulin secretion (pathway D) as the main MoA for 
glibenclamide and its metabolites. Circles indicate observations; solid lines indicate 
the median observations; grey bands indicate the 80 % (10–90 %) prediction inter-
vals. The vertical dotted line indicates breakfast intake at 30 min after drug admin-
istration. 
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Effects of diet and exercise (Paper II) 
Weight change  
The estimated baseline weight (BLWT) of the study population was 104 kg. 
At the end of the study, the subjects on average had a 4% decrease in body 
weight. Predicted weight was affected by EFW, which had an overall weight 
loss effect (Figure 10). The model fit was assessed with VPCs, which indi-
cated an adequate fit of weight over time (Figure 11A). Estimated parameter 
values for the D&E effect, placebo effect and the weight gain counter-effect 
is shown in Table 5. 

 

 
Figure 10. The estimated overall treatment effect on weight (EFW). Black dots are 
post hoc estimations from the WHIG model corresponding to an observation at that 
time point, joined by a grey line representing each individual. The blue line repre-
sents the median value per 20-day bins. D&E effect (EFD&E) was modelled as an 
immediate step effect starting from time = 0, and the placebo effect (EFP) comes in 
later at the commencement of the active treatment phase around week 6-7. There is 
also a counter-effect (EFUP) that determines the slope over time. 
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Figure 11. Visual predictive check of the biomarkers measured in the D&E study 
population using the WHIG model. Blue dots indicate observations; red solid line 
indicate the median observations; dashed lines indicate the 97.5th and 2.5th percen-
tiles of the observations; shaded areas indicate the 95% confidence intervals for the 
median (red), 97.5th and 2.5th percentiles (blue) from 1000 simulated datasets. A) 
Weight (kg) over time. B) FSI (µIU/mL) over time. C) FPG (mmol/L) over time. D) 
HbA1c (%) over time. 
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Table 5. Final parameter estimates with relative standard errors (RSE; %) and their 
respective inter-individual variability (CV, %) of the WHIG model. 
Parameter 
 

Description Typical 
Value 
(RSE) 

CVa,b   
(RSE)c 

Weight    
t½, WGT (days) Half-life of weight compartment 96.9 (27.1) - 
BLWT (kg) 
 

Baseline weight 104 (1.1) 14.6 (5.2) 

Insulin sensitivity    
IS0 Baseline insulin sensitivity, logistic scale 1.1 (4.3) 0.305 (6.4) 
Scale EFS Scaling factor of change in weight on 

insulin sensitivity 
0.0514 
(11.9) 

67 (11.7) 

    
β-cell Function    
B0 Baseline β-cell function, logistic scale -0.446 

(25.1) 
1.4 (7.6) 

EFB,max Maximal relative increase of β-cell func-
tion 

0.171 (12.4) 49.9 (20.9) 

SEFBI Shape parameter for logistic increase of 
β-cell function 

-3.69 (25.9) - 

SEFBD  Shape parameter for logistic decrease of 
β-cell function 

8.05 (28.0) - 

EFB50 (days) Time at half of EFB logistic decline  190 (6.0) 34.9 (11.4) 
RB (/year) 
 

Rate of baseline β-cell function decrease 
per year, logits 

0.209 (34.9) 0.21 (18.3) 

HbA1c    
MTT (days) Mean transit time of HbA1c 38.9 (8.7) - 
Kin, HbA1c 
(%/days L/mmol) 

Rate constant, HbA1c compartments 
production 

0.0129 
(10.2) 

- 

PPG (%/days) Residual HbA1c production rate inde-
pendent of FPG 

0.0709 (9.9) 15.4 (9.0) 

Scale PPG 
 

Scaling factor on PPG when time > 0 0.963 (0.9) - 

Treatment Ef-
fects 

   

EFDE (%) Effect of D&E at run-in phase on weight 
input 

4.08 (29.1) 35.6 (28.9) 

EFP (%) Effect of placebo at active treatment 
phase on weight input 

2.28 (28.9) 40.2 (35.3) 

EFUP (%/year) 
 

Counter-effect on weight input per year 2.99 (52.3) 74.4 (34.7) 

Residual Errors    
Weight  Proportional residual error for weight 0.00919 

(4.2) 
- 

FSI  Proportional residual error for FSI 0.262 (5.4) 31.5 (16.3) 
FPG  Proportional residual error for FPG 0.0688 (2.8) 25.6 (9.2) 
HbA1c  Proportional residual error for HbA1c 0.0241 (2.3) 16.1 (23.7) 
a Correlations between inter-individual variabilities are found in Appendix II, Choy et al.81. 
b CVs for IS0, B0, RB, EFDE, EFP, and EFUP are reported as absolute values. 
c RSEs were obtained from a non-parametric bootstrap resampling (n=500) of the final model. 
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Insulin sensitivity 
The estimated baseline IS (IS0) was 25% of normal (1.1 on logit scale). At 
the end of the study, the population IS increased from 25% to 30.1% of nor-
mal as a result of weight change (mean ΔWGT = 4.1kg) (Figure 12). 

 

 
Figure 12. The relationship between weight loss and insulin sensitivity. Black dots 
are post hoc estimations from the WHIG model corresponding to an observation at 
that time point, joined by a grey line representing each individual. The blue line 
represents a linear regression of all points. In the WHIG model, weight loss and 
insulin sensitivity are linearly proportional. For each kilogram lost, an individual is 
expected to regain about 1.5% IS. 

β-cell function and disease progression 
The estimated baseline β-cell function (B0) in the study population was 61% 
of normal (-0.446 on logit scale) and the natural disease progression rate was 
estimated to be 5% reduction of starting BCF per year. The shape of the 
empirical treatment effect EFB is seen in (Figure 13A). 
The overall trend in BCF, which is the natural disease progression of BCF 
modified by treatment effect EFB, shows a small initial increase at the start 
of the study and returning to the baseline around day 300. The flexibility of 
the function allows for highly variable individual profiles of the BCF, shown 
in bottom panel in (Figure 13B). 
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Figure 13. The predicted β-cell function of the D&E study population using the 
WHIG model. Black dots are post hoc estimations from the WHIG model corre-
sponding to an observation at that time point, joined by a grey line representing each 
individual. The blue line represents the typical individual profile from the parameter 
estimates. A) The empirical treatment effect EFB produces a surge in β-cell function. 
B) The net effect of β-cell function over time, which is the product of the treatment 
effect EFB and natural β-cell function. 

Glucose-insulin homeostasis 
The estimated baseline FSI was 19.2 µIU/mL and at the end of the study, the 
mean decrease of FSI was 3.3 µIU/mL. Observations of FSI were sparse and 
highly variable with some outlying FSI measurements being physiologically 
implausible (Figure 11B). If subjects did not adhere strictly to fasting prior 
to their measurements, high FSI excursions to post-prandial levels may occur 
due to non-compliance and may affect FPG levels. The correlation between 
high FPG and FSI was investigated for observations of FSI > 40 µIU/mL. 
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Since the correlation was weak (R2 = 0.0051), the high FSI observations 
were included in the analysis. 

The estimated baseline FPG was 7.8 mmol/L. At the end of the study, the 
mean decrease of FPG was 0.4 mmol/L. This apparently small difference is 
related to the opposing actions of weight loss (which led to increased insulin 
sensitivity) and β-cell function decline (which led to decreased insulin pro-
duction). The maximal decrease in FPG coincides with maximal IS around 
day 120, after which it returns back to near baseline levels at the end of the 
study (Figure 11C). 

HbA1c change 
The estimated baseline HbA1c was 6.7%. At the end of the study, the esti-
mated mean decrease of HbA1c was 0.3 %. If FPG is assumed as being the 
only factor driving HbA1c change, the change of FPG was expected to be 
quicker than and precede the change in HbA1c. However, this is not what 
was observed in the data (Figure 11D). To account for the similar rate of 
change in HbA1c and FPG and the less than expected delay in HbA1c change, 
an additional effect was added to the input of HbA1c glycation, which was 
modelled as the PPG contribution factor, and was estimated to be 0.0709% 
per day, corresponding to ~40% contribution from PPG with a baseline FPG 
of 7.8mmol/L. At times after 0, PPG is further reduced by about 4% due to 
the reduced PPG contribution as a result of D&E efforts. MTT across the 
HbA1c compartments was estimated to be 38.9 days. 

The collected measurements of HbA1c values were rounded to 0.1%, 
which can be seen in (Figure 11D) as semi-discrete HbA1c values. To ensure 
the predictions in simulated datasets were similar to observed, predictions 
were also rounded to the closest 0.1%. 

Effects of very low calorie diet (Paper III) 
Discrimination between competing hypotheses 
Comparisons of the competing models indicated that Model 2 was superior 
to Model 1 independent of using relative or absolute weight in fitting the 
data based on OFV (Table 6). BLFPG estimates of Model 1 appeared to be 
under-predicted compared to the baseline FPG of the data. When implement-
ing EffectWGT and EffectFPG for Model 0, different effect relationships were 
explored, such as Emax or inhibitory Emax functions, in addition to imple-
menting the effect on production or elimination. However, none of the alter-
natives were an improvement over the stepwise inhibitory effect in the cur-
rent model.  
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Table 6. Final parameter estimates of the candidate models. Inter-arm variability 
(CV, %) are shown in brackets. 
Parameter 
 

Model 0 Model 1  
(absolute) 

Model 1 
(relative) 

Model 2 Model 2 
+ covariate 

Relative OFV 0 +89.2 +89.4 +7.6 -0.2 
      
Weight      
BLWT (kg) 103 (7) 103 (7) 103 (7) 103 (7) 103 (7) 
KoutWGT (/day)1 0.00717 0.00717 0.00717 0.00717 0.00717 

      
Glucose      
BLFPG (mg/dL) 258 (12) 224 (29) 222 (28) 261 (16) 263 (14) 
KoutFPG (/day)1 0.378 0.378 0.378 0.378 0.378 

      
Treatment 
effects 

     

EffectWT 0.573 (28) 0.571 (29) 0.571 (28) - - 
EffectFPG 2.01 (15) - - - - 
Scale - 0.102 10.3 1.2 1.18 
Common Effect - - - 0.583 

(22) 
0.583 (23) 

      
Covariate ef-
fects 

     

Baseline BMI on 
Scale 

- - - - 0.0601 

      
Residual 
Errors 

     

Weight 0.0206 0.0207 0.0207 0.0219 0.0216 
FPG  0.333 0.581 0.586 0.347 0.342 
1 KoutWGT and KoutFPG were fixed to literature values.55, 81 
 

Covariate models 
SCM was performed for Model 0 and Model 2. Model 1 was omitted from 
the covariate analysis as it was deemed clearly inferior to Model 0 and Mod-
el 2 in terms of OFV, goodness-of-fit plots, baseline FPG estimates and 
VPCs. For Model 0, none of the covariates were found to be significant. This 
indicated that given the flexibility of Model 0, covariates did not contribute 
additional information for the model. For Model 2, baseline BMI on scaling 
factor was found to be significant with a drop of 7.7 OFV when included in 
the model, corresponding to a significance level of less than 1%. To visual-
ize the impact of the covariate effect, a simulation was performed to see how 
a different starting BMI (BMI = 30/40) could affect FPG change. As BMI is 
related to weight through height, a height of 1.70 m was assumed to calcu-
late the corresponding BLWT for the simulation. The typical profile from 
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the simulation (without variability) demonstrated that study arms with a high 
baseline BMI would be expected to perform better in lowering FPG, com-
pared to study arms with a lower baseline BMI (Figure 14b). The parameter 
estimates of the final Model 2 with the included covariate relationship is 
shown in Table 2. The inclusion of baseline BMI to the model reduced the 
inter-arm variability from 16% to 14% and the residual error from 34.7% to 
34.2%. 
 

 
 
Figure 14. Simulation from Model 2 depicting the impact of baseline BMI as a co-
variate on the scaling factor for FPG. Typical profiles are shown for populations 
with median BMI=30 (red line), BMI=40 (blue line), and BMI=36 (black line) as-
suming a population average height of 1.70 m and baseline FPG of 254 mg/dL. 
Panel A) depicts weight versus time and panel B) FPG versus time. Populations with 
higher median BMI are predicted to have more pronounced drop in FPG compared 
to populations with lower median BMI, although the absolute change in weight is 
similar. 

Goodness-of-fit
Comparisons of the VPCs of each model are shown in Figure 15. The weight 
profiles are well described for all models, but FPG is poorly described for 
Model 1. Both Model 2 and the reference model are able to describe FPG 
change adequately. The OFV of the final Model 2 is also slightly better than 
the reference model, suggesting that the model with an underlying common 
effect performs better than the model with unrelated WGT and FPG. 
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Figure 15. Visual predictive check comparison of all models showing weight (top 
panels) and FPG (bottom panels) versus time up to day 50. Black circles indicate 
observations; black solid line indicates the median observations; red solid line indi-
cates the median of the simulations; shaded areas indicate the 95% confidence inter-
vals for the median of the simulations from 500 simulated datasets. Absolute weight 
change was used for the VPC of Model 1. 

Transition between healthy and overtly diabetic in rats 
(Paper IV) 
Weight change  
The median weight profile of the rats resulting from its natural growth, ex-
cess growth and glucose effect on weight is summarized in (Figure 16). The 
excess growth was largest at the start of the experiment, estimated to be 81% 
higher than the natural growth rate of healthy SD rats. This excess growth 
reduced to half at around 5 weeks (4.74 weeks). The glucose effect on 
weight (EFG,WGT) decreased the weight production by 39% when glucose 
was over 3.5mmol/L above its baseline, which is reflected as weight loss 
observed beginning at around day 100, when weight elimination is more 
rapid than its production. The VPC indicates that the data is well described 
by this weight model (Figure 17A). Final estimates of all parameters are 
listed in Table 7. 
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Figure 16. Observed and predicted population weight compared to natural growth 
and excess growth. Black solid line is the median population weight over time, dot-
dashed red line is the Brody growth model, dashed blue line is the Brody growth 
model with excess growth and long-dashed black line is the predicted population 
weight from the model, including feedback from FPG on weight at extreme glucose 
levels. 

Insulin sensitivity 
Baseline insulin sensitivity of the ZDSD rats was estimated to be 41.4% of 
healthy humans, with CV of 16%. The disease progression of insulin sensi-
tivity (EFS) gradually increased due to increased excess growth. The reduc-
tion in insulin sensitivity reach a maximum of 81% at the onset of β-cell 
failure, resulting in an overall insulin sensitivity of 8% of healthy humans 
(Figure 18B). Insulin sensitivity was assumed not to change after the onset 
of β-cell failure. 

β-cell function 
Baseline BCF of the rats was estimated to be 40.5% of healthy humans. At 
the onset of BCF, i.e. the inflection point, the median BCF increased to 
155% (Figure 18A). The median inflection point was 93 days, which had 
considerable variation in the population and ranged from day 62-156. After 
the onset of β-cell failure, BCF decreased rapidly to a new floor of 3%, and 
continued to decrease slowly and proportional to the time past IP. 
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Glucose-insulin homeostasis 
The model prediction of median baseline FSI was 11.6 µIU/mL. For the first 
30 days FSI increased relatively slowly, with a more rapid increase around 
day 30 to onset of β-cell failure with a median peak FSI value of 50.4 
µIU/mL. At times past IP, FSI decreased immediately and the estimated 
median FSI was 4.6 µIU/mL at the end of experiment which was below its 
initial value at baseline. Model assessment from VPCs indicates that the 
model can capture the main trend of FSI despite high variation in the ob-
served data (Figure 17B). 

The median baseline FPG was predicted to be 7.2 mmol/L. FPG was 
mostly unchanged until the onset of β-cell failure, at which it increased 
quickly within a span of 2-3 weeks to a new median plateau of 27 mmol/L, 
and remained stable until the end of experiment (Figure 17C). Final estimat-
ed parameters are listed in Table 7. 
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Table 7. Final parameter estimates of the disease progression model for ZDSD rats; 
with relative standard errors (RSE; %) and inter-individual variabilities (CV, %). 
Parameter 
 

Description Typical 
Value 
(RSE) 

CV   
(RSE)a 

Weight    
BLWT (kg) 
WGTmax (kg) 
Kgrowth (/week) 
Egrowthmax  
 
Egrowth50 (weeks) 
Eγ 
EFG,WGT 

Baseline weightb  
Maximum weight, from literaturec 
Growth rate per week, derived 
Maximum excess growth, modifier of 
Kgrowth 
Time of half maximum excess growth  
Shape factor of excess growth function 
Glucose effect on weight, fraction of 
total weight input 

0.22 FIX 
0.84 FIX 
0.043 FIX 
0.81 (0.9) 
 
4.74 (2.4) 
3.69 (5.0) 
0.389 (2.1) 

4.4 (7.5) 
- 
- 
- 
 
13.6 (14.9) 
- 
- 

β-cell Function    
BC0 (%) Baseline β-cell function, % of healthy 

humans 
40.5 (4.7) - 

BCmax Maximal relative increase of β-cell 
function 

4.25 (5.6) - 

BC50 (weeks) Time at half maximal BC during its 
increasing period 

5.23 (4.1) - 

BCγ Shape factor for BCrise function 5.89 (13.6) - 
IP (days) Time of β-cell failure 93.1 (3.5) 22.9 (11.3) 
BCfloor 
 
Steep 
 

Asymptote of remaining β-cell function, 
fraction 
Steepness of logistic function for β-cell 
function decline 

0.0254 (5.5) 
 
1.58 (9.6) 

- 
 
- 

Insulin    
IS0 (%) Baseline insulin sensitivity, % of 

healthy humans 
41.4 (4.5) 15.5 (23.1) 

Kin, FSI (/day) 
Kout, FSI (/day) 
 

Rate constant of FSI productiond 
Rate constant of FSI eliminatione 

7.8 FIX 
1 FIX 
 

- 
- 

Glucose 
Kin, FPG (/day) 
Kout, FPG (/day) 
Gthresh (mmol/L) 
 
 
Urine 
Uγ 

 
Rate constant of FPG productiond 
Rate constant of FPG eliminatione 
Threshold in FPG above its baseline for 
activating glucose effect on its own 
elimination and on weight 
Renal glucose elimination effect, slope 
Power term for scaling renal glucose 
elimination 

 
0.7371 FIX 
0.021 FIX 
3.5 FIX 
 
 
0.0756 (3.3) 
4.55 (13.6) 

 
- 
- 
- 
 
 
- 
- 

    
Residual Errors    
Weight  Proportional residual error for weight 0.0261 (4.0) - 
FSI  Proportional residual error for FSI 0.489 (5.1) 22.0 (28.3) 
FPG  Proportional residual error for FPG 0.103 (5.3) - 
a RSEs were obtained from the SIR method95 with 8 iterations total. 
b Population baseline weight was fixed to derive Kgrowth. 
c Maximum weight was fixed to the value reported from Lewis et al.88 
d Fixed to the value reported from Choy et al.81 
e Fixed to the value reported from de Winter et al. 55 
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Discussion 

Predictive usefulness of semi-mechanistic models in 
T2DM 
The work in this thesis primarily deals with developing semi-mechanistic 
models for use in understanding T2DM. Before engaging in such a task, it is 
imperative to examine whether the mechanism-based approach to modelling 
is actually beneficial at predicting glucose homeostasis over empirical mod-
els. In Paper I, the predictive usefulness of an existing semi-mechanistic 
model was evaluated by applying the IGI model to identify the mechanism 
of action of the antidiabetic drug glibenclamide. The IGI model successfully 
identified what is thought to be the correct primary mechanism of action for 
glibenclamide and its metabolites — it described a drug effect acting on the 
stimulation of insulin secretion, which is consistent with the literature.97, 98 
Determining the drug effect pathway using the IGI model was straightfor-
ward as there was only one pathway that had a large OFV drop, clearly 
pointing to the primary mechanism of action. Additional model-based inves-
tigation supported that glibenclamide is unlikely to have multiple sites of 
action. When the same model was applied to the external validation data 
with glibenclamide administered orally without any further parameter esti-
mation, the prediction was also highly satisfactory, highlighting the predic-
tive power of the IGI model is not limited by the route of administration of 
the drug. 

The findings of Paper I further supported the validity of the IGI model as 
it complimented an earlier study50 that also investigated identifying the pri-
mary mechanism of action of a separate antidiabetic drug in T2DM patients. 
Despite numerous study design differences, the IGI model was able to cor-
rectly identify the primary mechanism of action in both studies as well as 
describing effects of the compound on glucose and insulin concentration 
profiles. This evidence reinforces the flexibility of the IGI model, and sup-
ports its application in early stages of drug development by demonstrating its 
usefulness regardless of differences in study design. 

The maximal combined drug effect of glibenclamide and its metabolites 
were estimated to exert a fourfold stimulatory effect on endogenous insulin 
secretion in the IGI model. A previous PKPD analysis of glibenclamide65 has 
employed an empirical approach, describing the drug effect with an Emax as 
a percentage reduction of glucose. A semi-mechanistic approach such as the 

 62 



IGI model is advantageous in that it allows a mechanistic interpretation of 
results and thus the identification of mechanism of action. Rather than fitting 
the model to the data as with empirical models to merely describe their time 
profiles, mechanistic models offer an explanation to the phenomenon that is 
observed, and can be used for predictions. 

Effects on glucose from very low calorie dieting 
The effects of restricting diet on T2DM patients were modelled using sum-
mary level data in Paper III. It is shown that a model-based approach sup-
ported the hypothesis that a common underlying mechanism affecting both 
weight and FPG in parallel (Model 2) better described the data compared to 
the hypothesis that assumes weight change drives changes in FPG via an 
intermediary effector (Model 1). The reference model with completely unre-
lated weight and FPG effects represented a best-case scenario in terms of 
model fit, and the results indicated that Model 2 was close in fit to the best-
case scenario model, and even surpasses it in terms of OFV when a covariate 
was included, namely baseline BMI on scaling factor for FPG. 

The modelling approach in Paper III differed from a typical population 
model analysis in that the data used in the analysis consisted of 12 study 
arms where each arm contained population information assumed to be a 
single individual. As the studies differed in how often the measurements 
were collected ranging from 4-55 observations per arm, by scaling each ob-
servation with the number of subjects it represents, an arm with higher num-
ber of participants but with sparse sampling is still able to contribute infor-
mation to the model fit. Although differences in study design were some-
what mitigated, this condensed approach of modelling meant that the analy-
sis was effectively performed with 12 individuals, so future investigations 
involving a bigger dataset would be beneficial to further reduce these inher-
ent biases in study design.  

While only a single covariate relationship was identified in the final mod-
el of our study, several mechanistically plausible covariate relationships 
were tested. The caloric content of the diet in the studies did not appear to 
affect the weight change, which was surprising. However as all included 
studies were of VLCDs and all studies showed large average weight losses, 
the caloric content of the included studies may have been too homogenous 
(300-900 kcal/day), resulting in no discrimination between the studies. Had 
data been included from studies of more traditional diets, generally recom-
mending higher caloric intake (around 2000 kcal/day), it could be easier to 
detect this covariate relationship. Disease duration of the effect on FPG was 
another covariate relationship not found to be statistically significant, even 
though patients with a longer disease duration, probably also more pro-
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gressed in their disease, would be less likely to respond to a diet therapy in 
terms of FPG.68  

Unlike Paper II where weight loss acts to decrease FPG indirectly through 
changing insulin sensitivity, Model 1 was found to be a bad fit in this analy-
sis. However, it does not imply that the hypothesis was refuted; it merely 
means that within the context of VLCD treatment, weight loss is not the 
primary driver of FPG decrease. In fact, our included covariate relationship 
of baseline BMI on scaling factor for effect on FPG strongly suggests that 
the amount of visceral adipose tissue (VAT) is associated with FPG, where-
by patients with higher baseline BMI (more VAT) experienced a greater 
benefit of weight loss on FPG, confirming with literature that VAT plays an 
important role in T2DM.99, 100 Hence, the reality of glycemic control is most 
probably a combination of both hypotheses, with a common underlying pro-
cess, e.g. free fatty acids being the primary effect for FPG in an acute weight 
loss scenario, augmented by a secondary effect related to VAT.  

In all the studies used in our analysis, the subjects were advised not to ex-
ercise, which is not typical for recommendations to T2DM patients. It is 
possible that under normal circumstances where patients have relatively 
slower weight loss and larger changes to VAT as a result from exercising 
(e.g. Paper II), the VAT effect could be more predictive for FPG. 

Clinical and preclinical disease progression models in 
T2DM  
In Papers II & IV, the concept of using weight change as a driver for insulin 
sensitivity was evaluated in a semi-mechanistic model; and subsequently 
using it to describe changes to FSI and FPG.  

In the WHIG model which was developed from clinical data, the mecha-
nism-based relationship between body weight change and insulin sensitivity 
was implemented as a linear function scaled to absolute weight change, 
which could be problematic if a patient had instead gained more than 10 kg 
in weight, as this would result in a negative IS. Although this was not an 
issue in Paper II, a non-linear function such as an Emax function, would be 
more fitting to ensure a non-negative IS when extrapolating beyond the data 
used for modelling. Several different implementations were also investigat-
ed, such as other non-linear relationships between ΔWGT and IS, as well as 
using absolute versus proportional weight change, or using weight change to 
affect β-cell function. However, due to model stability and runtime concerns, 
using a linear function was found to be most appropriate. 

There were also other adaptations for the WHIG model compared to the 
de Winter model55 apart from weight. In the original model, HbA1c was es-
timated as a single compartment. Recent advances in red blood cell and 
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HbA1c modelling has suggested that using between 4-12 transit compart-
ments51, 52, 86 was more suitable to model the lifespan of HbA1c. To reflect 
this finding, the WHIG model incorporated transit compartments for HbA1c. 
The number of optimal transit compartments for HbA1c was investigated but 
it was found that having more than three transit compartments were not sig-
nificantly better OFV-wise but had a drastically increased run time. Other 
structural models for HbA1c were also investigated in the model building 
process, which included a transitional glycosylation RBC model51, a MPG-
RBC model52, and a MPG-HbA1c model53, in addition to other unpublished 
models such as fractional and flexible glycation rates, but none of these can-
didate models offered an improvement in model fit. 

In other aspects of the WHIG model, there was an apparent lack of delay 
between the times when HbA1c starts to decrease compared to FPG. Even 
though the model tried to account for this discrepancy with a post-prandial 
glucose effect, there could be other confounders that were not identified, 
such as the patients not being at steady state of glycation at the start of study. 
This is reasonable since the patients are newly diagnosed which would lead 
to HbA1c change from changes in FPG preceding the start of the study, such 
as drastic lifestyle changes immediately post-diagnosis. Another possible 
factor is the effect of exercise which is known to contribute to hemolysis by 
mechanical stress101, which would also reduce the average lifespan, making 
HbA1c respond quicker to changes in glucose and reduce HbA1c overall. This 
possibility of hemo-destruction was explored during model development as 
an additional first-order elimination on HbA1c but it was not included in the 
final model due to lack of improvement. 

During model development for the preclinical disease progression model 
in Paper IV, it was clear that the linear relationship between body weight and 
insulin sensitivity does not apply, as the rats were increasing in weight from 
their natural growth at the start of study. Instead, the preclinical model used 
an excess growth function to drive the effect on insulin sensitivity; hence an 
underlying pathophysiological process affects both weight and insulin sensi-
tivity, meaning that weight per se does not affect insulin sensitivity. This is 
in line with current knowledge of the link between diabetic disease progres-
sion and obesity, where adipose tissue, in particular VAT as an endocrine 
organ is linked to insulin sensitivity.102, 103 The insight gained from Paper III 
suggests that the underlying pathophysiological process affecting both 
weight and insulin sensitivity could be related to adipose tissue. 

When comparing the function used for describing β-cell function between 
the clinical WHIG model and the preclinical model, the main difference is 
that instead of empirically using start of placebo treatment date as the 
switching point, the time of β-cell decline was an estimated parameter in the 
preclinical model. Along with using more flexible logistic functions, the 
overall β-cell function as described in the preclinical model is more mecha-
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nistic than the one used in the clinical counterpart, which is possible thanks 
to the accelerated timeframe of disease progression of the ZDSD rats. 

Another important adaptation of the WHIG model to the preclinical dis-
ease progression model was the addition of a feedback mechanism of high 
FPG on weight production. This was essential to describe weight loss of the 
rats towards the end of experiment. Since the rats had no active treatment, all 
weight loss therefore can be attributed to the disease progression, with the 
causes being a combination of dehydration via excess urination, together 
with muscle breakdown90, and cells being “starved” to death from absence of 
insulin to facilitate glucose uptake.104 Although this type of unintentional 
weight loss (UWL) related to extremely high glucose levels is a recognized 
phenomenon in type 1 diabetes, it is rare in clinical T2DM due to the slow 
onset of disease with other symptoms revealing the disease before UWL is 
observed and thereafter treated to stabilize the disease. This study is, to the 
authors’ knowledge, the first attempt to describe UWL in diabetes using a 
feedback mechanism from FPG in a semi-mechanistic model. 

One more novel aspect of the preclinical model is the implementation of 
an urine effect to reflect increased glycosuria in advanced stages of diabetes. 
A previous hyperglycemic glucose clamp study has suggested the relation-
ship between blood glucose and glucose excretion is approximately linear up 
until 13mmol/L.105 In the preclinical model, a linear urine effect was initially 
investigated, but it was found that a power relationship is more appropriate 
to describe the apparent maximum FPG around 30mmol/L. It is possible that 
at extreme glucose levels as observed in the ZDSD rats, the relationship 
between FPG and glucose excretion rate becomes non-linear, however such 
extreme glucose concentrations are for safety reasons never studied clinical-
ly. 

There were two key assumptions made during the preclinical model de-
velopment, which should be taken into account when interpreting parameters 
and considering the limitations of the model. The first assumption was that 
the physiological lower limit of FPG value as given from the homeostatic 
model assessment are the same between humans and rats. As rats have a 
relatively higher metabolic rate than humans, the derived insulin sensitivity 
and β-cell function from the model does not necessarily represent the true 
insulin sensitivity and β-cell function of the rats, and therefore should be 
used as a reference relative to healthy humans only. The second assumption 
was that the natural growth rate of the ZDSD rats is assumed to be the same 
as SD rats, which may or may not be true. Since the magnitude of excess 
growth depends on the natural growth, deviations in natural growth would 
change the size of the effect on insulin sensitivity as well. 

While the physiology of rats are different from humans, research has 
shown that the endocrine systems of diabetic Sprague-Dawley (SD) rats can 
be scaled up to be comparable to humans106, although a direct scaling of 
ZDSD rats to humans with T2DM have not been studied. However, since the 
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ZDSD strain is developed based on the SD strain, it is reasonable to assume 
that the endocrine systems are similar. This is promising because although 
the time scales for the transition from healthy to overtly diabetic is shorter 
for rats, the underlying mechanisms of progressive insulin resistance leading 
to β-cell dysfunction are probably alike between the species, and thus the 
improved structure of the model could be applied back on the clinical dis-
ease progression.  

Perspectives 
By validating the predictive usefulness of semi-mechanistic models in 
T2DM in an established model, the thesis provides additional evidence that 
semi-mechanistic models such as the IGI model can be used for not only 
describing glucose challenges, but is also suitable for predictive purposes, 
including reacting to xenobiotics that affect the pathways contributing to 
glucose-insulin homeostasis, finding potential applications in drug develop-
ment. 

Our understanding on the relationship between body weight and FPG was 
made clearer through applying population models to existing literature. It is 
demonstrated that the use of pharmacometric modelling have the capability 
to describe physiological processes despite just using summary level data. 
With a vast sea of literature yet to be tapped, there are practically unlimited 
opportunities to uncover knowledge not just in diabetes but across a wide 
range of therapeutic areas. 

The WHIG model was developed using data from an obese population 
that was newly diagnosed with T2DM, which is only a part of the entire 
T2DM population. The natural extension of model development would be to 
apply the model on different demographics, such as non-obese patients or 
patients with a long history of T2DM. Comparing the differences in the 
structural parameters between various demographics would be valuable to 
both validate the model as well as providing insight to how the disease pro-
gression of T2DM differs between subpopulations. 

A potential direction of research for the preclinical disease progression 
model would be translating the preclinical model and quantify how ade-
quately it scales on a clinical population to describe the transition from 
healthy to severely diabetic in humans. In addition to translational research, 
this model may also benefit from being used as a framework for drug devel-
opment, discerning a symptomatic versus disease-modifying effect of up-
coming antidiabetic drugs.  
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Conclusion 

In this thesis, novel pharmacometric models with a mechanistic basis were 
developed that could adequately explain changes in glucose homeostasis and 
other associated biomarkers as well as disease progression, and knowledge 
has been gained regarding the influence of body weight in diabetes model-
ling. 

 
Specifically: 

 
• The predictive usefulness of a semi-mechanistic modelling in 

T2DM model was successfully validated by applying the integrat-
ed glucose insulin model to clinical data. The model was able to 
correctly identifying the primary mechanism of action of an anti-
diabetic drug and its metabolites. 

• Weight change has been successfully evaluated in a mechanism-
based model pharmacometric model to explain glucose-insulin 
homeostasis and disease progression of T2DM. The main ad-
vantage of the WHIG model is that it is able to utilize a previously 
unused biomarker to predict how it will affect FSI, FPG and 
HbA1c with a physiological basis, through changing insulin sensi-
tivity and β-cell function. 

• The WHIG model has been adapted in a preclinical setting and 
was successful in describing the glucose-insulin homeostasis dur-
ing the transitional state from healthy to overtly diabetic in ZDSD 
rats. 
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