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Abbreviations 

� Alpha 
AUC Area under the concentration time curve 
� Beta 
C Concentration 
CL Clearance 
CrCL Creatinine clearance 
Css Average concentration at steady state 
CV Coefficient of variation 
DGR Disease group 
EC50 Concentration achieving half of the maximum effect 
Emax Maximum effect 
F Bioavailability 
FFA Free fatty acid 
FI Fasting insulin 
FPG Fasting plasma glucose 
FOCE First order conditional estimation method 
FOCE INTER First order conditional estimation method with interaction 
� Gamma 
Hb Haemoglobin 
HbA1c Glycosylated haemoglobin 
HDL High-density lipoprotein cholesterol 
IS Insulin sensitivity 
LC-MS Liquid chromatography-Mass spectrometry  
MBDD Model-based drug development 
MDRD Calculated GFR (Modified Diet in Renal Disease1) 
NPC Numerical predictive check 
OFV Objective function value 
�OFV Difference in objective function value 
PD Pharmacodynamic 
PK Pharmacokinetic 
PPAR Peroxisome proliferator-activated receptor 
SD Standard deviation 
T2DM Type two diabetes mellitus 
VPC Visual predictive check 
V Volume of distribution 
� Difference between observation and individual prediction 



 

� Difference between population and individual parameter 
� Typical value of a parameter, fixed effects parameter 
	2 Variance of the �’s 

2 Variance of the �’s 
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1 Introduction 

A central aim in drug development is to ensure that the new drug is effica-
cious and safe in the patient population it is intended to be used in. Pharma-
cokinetic-pharmacodynamic (PK-PD) models describe the relationships be-
tween dose, drug exposure (in plasma), pharmacological response and clini-
cal endpoint. These relationships are important to understand when selecting 
optimal doses and dosing regimen in the target patient population2, 3. 
 

Today, the pharmaceutical industry is struggling with low productivity 
and high costs, and less than 10% of new compounds entering clinical de-
velopment makes it to the market4. In 2004, the Food and Drug Administra-
tion (FDA) in USA published the Critical Path initiative where they pre-
sented their view on how the pharmaceutical industry could improve and 
make drug development more productive5. FDA highlighted the need for 
more efficient use of the vast amount of data collected and emphasised the 
use of model-based drug development (MBDD). This approach, including 
pharmaco-statistical models for efficacy and safety integrating relevant 
(clinical) data, will increase the understanding of the drug and disease and 
consequently improve decision making6-8. Model-based analysis is likely 
most beneficial during the early clinical development phases (phase I-II), as 
the data and models can be used to address important questions like: has the 
drug the desired efficacy-safety profile, or what is the likelihood that the 
phase III study will succeed to meet the objectives? FDA has implemented a 
interaction called the End of Phase IIa meeting, to motivate MBDD and to 
support more effective us of early clinical data with the purpose to help 
pharmaceutical industry in design of phase IIb and III studies9, 10. 

 
This thesis presents mechanistic PK-PD models for safety and efficacy, that 
were derived during the clinical development of tesaglitazar, a peroxisome 
proliferator-activated receptor (PPAR) �/� agonist, which was intended to be 
used for treatment of type 2 diabetes mellitus (T2DM).   
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1.1 PK-PD modelling 
The reasons to model data can be summarised as: to describe, to understand, 
to predict and to support. The model can be used to describe data, which can 
be exemplified when using a PK model to characterise the pharmacokinetic 
properties of a drug in a specific study. This is often a demand from the 
regulatory authorities11, 12. The model can be used to increase the under-
standing of a drug and disease. This is the area where most research is done 
and different types of models will be discussed below. The model can be 
used to predict and to support, which relates to when models are used to 
inform decisions, i.e. dose selection and optimisation of study design13-15. 

A PK model describes the relationship over time between dose and drug 
concentration. A PD model describes the pharmacological response to a 
drug. The combination of the two, a PK-PD model, can be used to character-
ise the relationship between dose, drug exposure and response. There are 
also models that describe disease and disease progression, which can be ex-
tended to include impact of drug treatment. Population PK-PD models in-
clude estimation of variability at two or more levels, i.e. within and between 
individuals, and can be used to quantify and explain sources of variability in 
a population.  

PK-PD models can be divided into those describing direct relationships 
between drug exposure and effect, and models for delayed relationships. The 
latter models are applied when the pharmacological response is delayed in 
relation to changes in plasma drug concentrations. The majority of drug re-
sponses may be considered indirect by nature. There are many types of mod-
els for indirect PK-PD relationships of which some will be described below. 

The effect-compartment model accounts for the lag-time in response by 
assuming a delayed distribution of drug into a hypothetical effect compart-
ment where the drug acts16. More commonly used PK-PD models for de-
layed effects are the so called indirect response models17. They can be ap-
plied when the drug affects either the production or removal of response. 
The models assume that the response is produced and lost by zero- and first-
order rate processes, respectively. These models have been used to describe 
drugs affecting endogenous substances18. A similar type of model is the tran-
sit models, which consist of a number of, in series coupled, compartments. 
Examples of where transit models have been used are to describe signal 
transduction processes19 and effects of anti-cancer treatment on haemato-
logical cell maturation20. Transit models allow the lifespan of a cell to vary 
between cells within an individual. A fourth type of indirect models are the 
lifespan models, and they have been applied for drugs that alter the genera-
tion of natural cells 21. These models differ from the indirect response mod-
els in the assumption that the elimination is not a first-order process. Here 
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the loss is assumed to be a consequence of aging or conversion to another 
cell type. All cells live for the same period of time (lifespan) before disap-
pearing. 

The science of PK-PD modelling is gradually evolving from empirical to 
mechanistic models. Mechanistic models are favourable since they aim to 
characterise physiology in a meaningful manner, as well as impact of disease 
and/or drug on the system. Thus, mechanistic models should separate bio-
logical system-specific parameters from drug-specific parameters. Mechanis-
tic models allow merging of heterogeneous information from various sources 
into a single quantitative framework which enables in depth insight into 
physiology, disease and drug effects. They could also be of high value to 
support decision making in drug development by more accurate model ex-
trapolation22. 

1.2 Type 2 Diabetes Mellitus 
Diabetes mellitus is estimated to be the fifth leading cause of death globally 
and the risk of cardiovascular disease is higher in diabetic subjects compared 
to non-diabetics23, 24. Diabetes is a growing problem, in 2003 it was esti-
mated that approximately 194 million people had diabetes, in 2007 the total 
was 246 million. Of these, the majority (90%) had type 2 diabetes mellitus 
(T2DM). By 2025, the number is expected to rise to 380 million25. 

T2DM is a progressive metabolic disorder characterised by continuous 
worsening of glycemic control. Figure 1 schematically describes the gradual 
process from normal glucose haemostasis to overt T2DM. 

 

 
Figure 1. Gradual development from normal glucose haemostasis to overt type 2 
diabetes mellitus (Adapted from Norberg26) 
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Major components of T2DM are reduced peripheral insulin sensitivity and 
decline in pancreatic �-cell function. This process is coupled with distur-
bances in fat and protein metabolism and is often accompanied by obesity, 
dyslipidemia and hypertension.  

Blood glucose is normally maintained by a fine-tuned balance between 
carbohydrate ingestion, production by the liver, and uptake and utilisation as 
storage or energy in muscles, brain and other tissues. When blood glucose 
increases, �-cells in pancreas release insulin which reduces glucose levels 
through inhibition of endogenous hepatic glucose production, and stimula-
tion of peripheral glucose uptake and storage. Insulin is also important in 
lipid homeostasis as it stimulates lipid storage and inhibits lipolysis.  

Prior to developing T2DM, most pre-diabetic patients experience loss of 
insulin sensitivity, but have sufficient �-cell function to maintain glucose 
control. This state is often called the metabolic syndrome or the insulin resis-
tance syndrome (IRS)27, 28. Obesity is associated with increased levels of free 
fatty acid (FFA) and triglycerides. Increased FFAs are thought to be crucial 
for the development of peripheral insulin resistance29.  

 The pancreatic �-cells overcompensate with increased insulin secretion to 
maintain normoglycaemia in insulin resistant subjects, but will eventually 
fail with hyperglycaemia as the result. The reason for the deteriorating �-cell 
function is poorly understood, but it is likely that several factors, including 
lipotoxicity, glucotoxicity, insulin resistance within the �-cells, inflammation 
and oxidative stress (Figure 2) are involved 30. In addition, elevated FFA 
levels can impair insulin elimination in the liver which contributes to in-
creased levels of insulin in obese and insulin resistant patients31.  

 

Figure 2. The vicious circles linking insulin resistance and �-cell dysfunction with 
hyperglycaemia, hyperlipidaemia, glucotoxicity and lipoxicity.  (Adapted from 
Bonora30) 
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1.2.1 Biomarkers in Type 2 Diabetes Mellitus 
There are a number of different biomarkers and methods to assess glyce-

mic status. Fasting plasma glucose (FPG) is frequently used as a day-to-day 
biomarker of short-term glycemic control, but as values can vary considera-
bly between days it is not reliable for assessing long-term status. Instead 
glycosylated haemoglobin (HbA1c), which is formed through a non-
enzymatic and irreversible reaction between haemoglobin (Hb) and glucose, 
is the primary surrogate marker for long-term glycemic control and provides 
information on the average glucose levels during the past months. Fasting 
insulin (FI) and C-peptide levels are used to evaluate endogenous insulin 
production, assess insulin resistance and �-cell function, as well as determin-
ing when a patient needs to start using insulin medication.  

1.2.2 Treatment of Type 2 Diabetes Mellitus 
The results of the United Kingdom Prospective Diabetes Study (UKPDS), 
found that an intensive strategy using sulphonamides in newly diagnosed 
patients with T2DM was associated with stricter glycemic control compared 
to conventional care, as well as a 25% reduction in the risk for microvascular 
complications. In the same study, overweight and obese patients randomised 
to metformin experienced significant reduction in myocardial infarction and 
diabetes-related deaths32. The results from the UKPDS study changed the 
view on how T2DM should be treated as it provided firm evidence of the 
benefits of intensified glycemic control on micro- (and macro-) vascular 
disease.  

However, in the UKPDS study, none of the drugs showed ability to bene-
ficially affect the natural disease progression of hyperglycaemia, most likely 
since these classes of agents do not seem to affect the progressive loss of �-
cell function33. 

Drugs that simultaneously normalize the disturbed glucose and lipid me-
tabolism, and in addition have protective effects on �-cell function would 
most likely have beneficial effects on the large and increasing population of 
patients with IRS and T2DM30. PPAR � and �/� agonists, and incretin-
mimetic agents such as dipeptidyl peptidase-IV inhibitor and glucagon-like 
peptide-I agonists may play a significant future role in this respect. 

1.2.2.1 Sulphonamides 
Sulphonamides (e.g. glibenclamide, glipizide) have been extensively used 
for almost 50 years. These agents lower blood glucose primarily by directly 
stimulating insulin secretion from the �-cells of the pancreatic islets. Sul-
phonamides do not appear to affect the continuous loss of �-cell function 
over time33, 34. 
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1.2.2.2 Biguanides 
Metformin is another widely used anti-diabetic drug35 and is often called an 
insulin-sensitizer since it acts mainly by increasing insulin action in muscle 
and liver. Its primary effect is thought to be by decreasing hepatic glucose 
production, but its precise mechanism of action is still not completely under-
stood36. As with sulphonamides, metformin did not show beneficial effect on 
the rate of loss of �-cell function32.  

1.2.2.3 PPAR agonists  

1.2.2.3.1 Thiazolidinediones (PPAR � agonists) 
Thiazolidinediones are selective ligands of the nuclear PPAR37, subtype 
gamma (�) receptor. This class of agents (rosiglitazone and pioglitazone) 
improves whole body insulin sensitivity via multiple actions on gene expres-
sion38. PPAR � agonists ameliorate glucose homeostasis by increasing glu-
cose uptake in skeletal muscles, decreasing hepatic glucose production, and 
in addition have beneficial effects on lipid metabolism. The thiazolidin-
ediones have demonstrated clinical improvements in indices of �-
celldysfunction and have potential to improve �-cell function39. This could 
be a significant improvement compared to sulphonamides and metformin if 
it is proven that this class can slow down the rate of �-cell disease progres-
sion. Weight gain, oedema and decreased haemoglobin are known side ef-
fects with PPAR � agonists, and their beneficial effects on long-term cardio-
vascular events are questioned40, 41.   

1.2.2.3.2 Tesaglitazar (PPAR �/� agonist) 
Since this thesis focuses on the PK and PK-PD properties of tesaglitazar, a 
detailed description of the compound is presented here. Tesaglitazar is a dual 
PPAR �/� agonist which combines the anti-hyperglycaemic and insulin-
sensitising  properties of PPAR � agonism with triglyceride-lowering and 
HDL-raising effects of PPAR � agonism42.  

In an absorption, disposition, metabolism and excretion (ADME) study in 
healthy male subjects who were given either oral or intravenous single 
doses, tesaglitazar was found to be completely and rapidly absorbed43. 
Tesaglitazar is a low clearance compound with a small volume of distribu-
tion resulting in an elimination half-life of approximately 45 h. In the same 
study it was reported that tesaglitazar was mainly metabolised by UGT1A3 
and UGT2B7, and most radioactivity (91%) was found in the urine, pre-
dominantly as the acyl glucuronide of tesaglitazar. The molecular structure 
of tesaglitazar and its metabolite is found in Figure 3.  
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Figure 3. Chemical structure of tesaglitazar and its acyl glucuronide 
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Figure 4. Relationship between tesaglitazar plasma exposure (AUC�) vs. GFR (as-
sessed by iohexol clearance) in subjects with various renal function. 
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insulin was approved in 2006 for use in patients not adequately controlled by 
oral anti-diabetic agents and may prove easier use compared to injected insu-
lin54. 
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1.3 PK-PD modelling in Type 2 Diabetes Mellitus 
There are several mathematical models describing the immediate interplay 
between glucose and insulin. The best known model for glucose regulation is 
the so called “minimal model”, which uses data from glucose provocation 
studies to assess insulin sensitivity and glucose effectiveness55. Integrated, 
mechanism-based, models for glucose and insulin regulation have recently 
been presented56, 57. These are preferable since they describe physiology in a 
more meaningful and interpretable manner.  

There are other types of PK-PD models that describe relationships be-
tween the basal state (fasting) of different biomarkers, and the effect of drug 
treatment on these. Frey et al used an empirical effect compartment model 
for the delayed effect in FPG after treatment with gliclazide in T2DM pa-
tients58. A more mechanistic approach has been presented by de Winter et 
al59. They developed a population PD model with focus on disease progres-
sion, describing the interplay between fasting insulin, FPG and HbA1c, 
based on two large, one year long studies with pioglitazone, compared to 
either metformin or gliclazide in T2DM patients. Their model included com-
ponents for �-cell function and insulin sensitivity, distinguishing immediate 
treatment effects from drug effects on long term disease progression. An-
other mechanistic model which integrates �-cell mass (BCM), insulin and 
glucose dynamics in the healthy state has been proposed by Topp et al60. 
This model is derived from a mechanistic reasoning and model parameters 
are collected from various literature sources, thus the model has not been 
fitted to observed data. The model does not incorporate effects of disease or 
anti-diabetic treatment on the homeostasis relationships. This model was 
implemented and further developed in Paper IV. 

 



 20 

2 Aim 

The overall aim of this thesis was to develop mechanism-based pharmacoki-
netic (PK), pharmacokinetic-pharmacodynamic (PK-PD) and disease models 
that can support decision making in anti-diabetic clinical drug development 
by qualitatively and quantitatively describing relationships between impor-
tant safety and efficacy biomarkers. The models were derived throughout the 
development of the peroxisome proliferator-activated receptor (PPAR) �/� 
agonist tesaglitazar and the specific aims were to: 

 
� Describe the pharmacokinetic properties of tesaglitazar in subjects 

with various degrees of renal function and in particular gain insight 
into the likely mechanism of the increased tesaglitazar exposure in 
renally impaired subjects 

 
� Evaluate and quantitate the interrelationships between tesaglitazar 

pharmacokinetics and renal function over time in patients with type 
2 diabetic mellitus (T2DM) using different markers for assessing re-
nal function 

 
� Develop a PK-PD model for the interplay between tesaglitazar expo-

sure, fasting plasma glucose (FPG) and glycosylated haemoglobin 
(HbA1c) in patients with T2DM with specific focus to describe, in a 
mechanistic reasonable manner, the release and aging of red blood 
cells (RBC) and the glycosylation of RBC to HbA1c 

 
� Investigate plausible mechanisms for the tesaglitazar induced effect 

on haemoglobin (Hb) 
 
� Implement and further develop a mechanistic model describing the 

dynamics of FPG, fasting insulin, insulin sensitivity and �-cell mass  
in a heterogeneous population, ranging from non-diabetic subjects 
with insulin resistance to patients with advanced T2DM 
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3 Methods 

 

3.1 Clinical studies  
Data from five clinical studies with tesaglitazar were included in this thesis45-

47. All studies were conducted according to the principles of the Declaration 
of Helsinki and in accordance with the Guidance of Good Clinical Practice. 
The studies were approved by independent ethics committees, and signed 
informed consent was received from all subjects/patients. 

3.1.1 Study to investigate the impact of renal function on 
tesaglitazar PK (Paper I) 
This was an open study (RENAL) with 23 subjects with varying degrees of 
renal impairment (mild, moderate and severe) and 18 subjects with normal 
renal function, matched on age and gender. All subjects received daily doses 
of tesaglitazar 1 mg for six weeks. Subject characteristics are found in Table 
1. 

Table 1. Subjects characteristics  

 Sex         
Male/ Female

Age 
(years)

Weight 
(kg) 

GFRa 
(mL/min/1.73 m2)

SCrb   
(μmol/L) 

Subjects with renal insufficiency (n=23) 

Median 

Range 

17/6 55 

34–78 

84 

62–107 

32 

16–94 

208 

107–316 

Healthy controls (n=18) 

Median 

Range 

10/8 

 

53 

41–73 

75 

60–97 

90 

75–120 

71 

52–91 
a Assessed by plasma iohexol clearance 
b Serum creatinine 
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3.1.2 Study to investigate the impact of tesaglitazar on renal 
function (Paper II) 
This was an open-labelled, randomised study (ARMOR) in T2DM patients 
treated with either tesaglitazar 2 mg (n=98) or pioglitazone 45 mg (n=38) for 
six months. Patients randomised to pioglitazone were not included in the 
PK-PD assessment. Table 2 shows baseline characteristics for the tesaglita-
zar patients. 

Table 2. Tesaglitazar patient characteristics  

 Age 

(years) 

Weight 

(kg) 

SCra 

(μmol/L) 

CLiothalamate 

(mL/min/1.73m2) 

MDRDb 

(mL/min/1.73m2) 
Median 56 94 67 100 100 

Range 45-78 56-179 35-106 54-174 54-166 

Gender: 50 males and 44 females; Race: 77 Caucasians, 15 Blacks and 2 Asians 
a Serum creatinine 
b Calculated GFR by the MDRD formula1 

3.1.3 Patient studies with tesaglitazar (Paper III and IV) 
Data from three large clinical phase II and III studies with tesaglitazar were 
included in Paper III and IV. The GLAD and SIR studies were randomised, 
double-blind, placebo controlled, three months, dose ranging studies in pa-
tients with T2DM (GLAD), or in subjects with insulin resistance (SIR). The 
GALLANT6 study was a randomised, double blind, six months, phase III 
study in patients with T2DM treated with either tesaglitazar or pioglitazone. 
Patient characteristics are presented in Table 3. 

Table 3. Tesaglitazar patient characteristics (median and ranges) 
 GLAD SIR GALLANT6 
Clinical Phase II II III 
Study population T2DM IRS T2DM 
Tesaglitazar doses  
(mg) 

0.1, 0.5, 1, 2, 3 
and placebo 

0.1, 0.25, 0.5, 
1 and placebo 

0.5, 1 

Treatment duration 12 weeks 12 weeks 24 weeks 
Total number of patients 412 377 671 
Naïve to treatment 130 377 81 
Gender (�/) 242/170 289/88 353/318 
Age (years) 58 (32-80) 50 (29-77) 58 (22-85) 
Weight (kg) 88 (46-140) 94 (56-140) 87 (43-186) 
Renal function (mL/min) 68 (29-163)a 91 (29-185)a 91 (35-186)b 

a Calculated by Cockroft-Gault61 using lean body weight62 as measure of body weight. b Cal-
culated by the MDRD formula 
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In paper IV, patients were grouped according to their disease state (disease 
group: DGR), ranging from non-diabetic subjects with insulin resistance 
(DGR1), drug-naïve T2DM patients (DGR2-3, GLAD and GALLANT6 
study, respectively) and T2DM patients previously treated with anti-diabetic 
agents (DGR 4-5, GLAD and GALLANT6 study, respectively). 

3.2 Measurements and variables (biomarkers) 
Pharmacokinetic and pharmacodynamic data were collected in all five stud-
ies, and the number of PK and PD samples per study is presented in Table 4. 
Actual dosing and plasma sampling times were used in each analysis, proto-
col times were used for the urine data in Paper I. 

Table 4. Number of  PK and PD samples per study 
 RENAL ARMOR GLAD SIR GALLANT6 
Paper I II III-IV IV IV 
Subjects 41 94 412 377 671 
PK  707+323+326a 547 1283 1187 1899 
FPG    4035 3529 6342 
HbA1c    1548  6291 
Hb    3115  5817 
FI    2612 2430 1238 
CLiothalamate  253    
MDRD  704    

a Corresponds to number of tesaglitazar and metabolite samples in plasma, and  
number of samples in urine (tesaglitazar and metabolite) 

3.2.1 Blood sampling schedules 

3.2.1.1 Pharmacokinetics 
In the RENAL study (Paper I), plasma samples for determination of tesagli-
tazar and its metabolite were drawn at day 1 and 42+3 after start of treat-
ment: at pre-dose, 1, 2, 4, 12 and 24 hours post-dose. Trough samples were 
collected at day 14 and 28. Four additional samples were obtained at day 
3+1, 6+1, 9+1 and 21+2 after last dose intake. Urine samples for determina-
tion of tesaglitazar and its metabolite were collected in the intervals: 0-6, 6-
12, 12-24 hours at day 1, and during 0-24 hours at day 42+3.  

In the ARMOR study (Paper II), tesaglitazar plasma samples were col-
lected throughout the study period. Trough samples were collected at week 
4, 8, 12, 16, 20 and 24, in all patients randomised to tesaglitazar. An addi-
tional PK sample was collected at the follow-up visit 4 weeks after last dose 
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intake. In a subset of patients, three additional samples (0.5-1, 1-2 and 3-4 
hours post dose intake) were collected at week 4 and 20. 

In the GLAD and SIR studies (Paper III-IV), sparse plasma samples were 
collected throughout the treatment period, at week 2, 8 and 12 weeks and 3 
weeks after the last dose. In GALLANT6, sparse plasma samples were col-
lected at week 4, 12 and 24, and at the follow-up visit 3 weeks after last dose 
intake. Plasma concentration samples below lower limit of quantification 
(LLOQ) were omitted from the PK analysis. 
 

3.2.1.2 Pharmacodynamics 
In the ARMOR study (Paper II), GFR was measured, using iothalamate 
clearance (CLiothalamate), at baseline, week 12 and 24. Patients with reduced 
CLiothalamate or increased S-creatinine, according to pre-specified criteria, had 
additional renal assessments at 4, 8 and 12 weeks after last dose intake. GFR 
calculated by the MDRD formula (Modified Diet in Renal Disease1) was 
used as an additional measure of renal function and was obtained at baseline, 
at monthly visits and at 4 and 8 weeks after ending treatment.  

In the GLAD, SIR and GALLANT6 studies, FPG, FI, Hb and HbA1c (not 
measured in SIR) were measured during run-in, bi-weekly or monthly during 
treatment and at the follow-up visit 3 weeks after last dose intake. 

3.2.2 Bioanalysis 
Concentrations of tesaglitazar and its acyl glucuronide in plasma were de-
termined using a reversed-phase liquid chromatography and mass spec-
trometry 63. A similar method was used for determination of these analytes in 
urine. LLOQ were 0.003 and 0.01 μmol/L for tesaglitazar and its metabolite, 
respectively. The plasma protein binding of tesaglitazar was determined by 
ultrafiltration (Paper I). The centrifuge (Hettich Zentrifugen ROTA-
FIXA/KS) used, was tempered to 37� C and run for 1 h at 2600 rpm. The 
plasma samples were filtered at 1200 g (2600 rpm) using Centrifree-filter at 
37�C for 20 min and the samples were analysed as described above. 

Central laboratories were used for analysis of all pharmacodynamic sam-
ples (FPG, FI, Hb and HbA1c), according to standard laboratory procedures. 
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3.3 Data analysis 

3.3.1 Non-linear mixed effects modelling 
Population PK and PK-PD modelling with NONMEM64 was used through-
out this thesis to assess the pharmacokinetics and exposure-response proper-
ties of tesaglitazar. This approach applies non-linear mixed effects models to 
repeated measures from a group of individuals65 and enables estimation of 
fixed effect parameters, which represent the typical (population, �) values of 
the parameters and random effect parameters at two or more levels. Data 
from all individuals are used, and the fixed and random parameters are si-
multaneously estimated, making it possible to include sparse and heteroge-
neous data in the assessment66.  

For example, a parameter for an individual in a model (e.g. Baselinei) can 
be described by: 

Baselinei = �Baseline + �i 
 
where �i  represents the difference between the ith individual’s value of base-
line (Baselinei) and the population (typical) value of baseline (�Baseline). The 
�i  values are assumed to normally distributed in the population, with a mean 
of zero, and a variance of 	2. Hence, 	2 is the estimated interindividual vari-
ability (IIV) of �Baseline. In biology, parameters are often assumed to be log-
normally distributed and therefore IIV on a parameter is often implemented 
as: 

Baselinei = �Baseline  e�i 

 
One important aspect of population PK-PD modelling is understanding and 
quantifying sources of IIV, i.e. evaluating if and how covariates can explain 
differences in PK and PK-PD responses between individuals. A covariate is 
typically a patient descriptor such as age, gender, renal function, concomi-
tant medication etc. Inclusion of a covariate can be exemplified by: 

 
Baselinei = �Baseline  �age  e�i 

 
where �Baseline represents the typical baseline for 50 year old individuals, and 
�age is the relative change in baseline by changing age. 
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Due to other sources of variability than differences between individuals 
(e.g. assay error, errors in dosing and sampling times, and model misspecifi-
cation) the observation (Obsi,j) will differ from the individual prediction 
(Predi,j) of that observation. This discrepancy, often denoted as residual er-
ror, can be described by: 

Obsi,j = Predi,j + 
i,j 
 

where 
i,j is assumed to be normally distributed with a mean of zero and an 
estimated variance of �2. In this example, the residual error is additive, but 
other residual models can also be used such as a proportional or a combina-
tion of both. In general, proportional residual error models are used. 

In NONMEM64, parameters are estimated through a parametric maximum 
likelihood approach, whereby a joint function (the objective function) of all 
model parameters and the data (the observation) is evaluated. The maximum 
likelihood parameter estimates are the parameter estimates producing the 
greatest probability that the given data occur. NONMEM estimates parame-
ters by minimising the extended least square objective function, which is 
approximately proportional to minus two times the logarithm of the likeli-
hood (-2log likelihood) of the data64. 

3.3.2 Model assessment 

3.3.2.1 Model comparison  
Graphical diagnostics, using the Xpose program (version 3.1)67 and compari-
son of competing models using the objective function values (OFV) in the 
likelihood ratio test, guided model development. The likelihood ratio test is 
used to assess statistical significance between nested models. For two nested 
models, the difference in OFV (minus twice the log likelihood) is approxi-
mately chi-squared (�2) distributed. When the FOCE-INTER method is used, 
a difference in OFV>3.84 (one degree of freedom) is significant at the 5% 
level, corresponding value for p<0.01 is 6.63 ref. 68. For non-nested competing 
models, the model producing the lowest OFV is favourable to the model 
with the higher OFV (provided the same number of parameters). 

Covariates were evaluated by forward and backward inclusion/deletion in 
a stepwise fashion, where covariates were forward included in the model at 
the p<0.05 level, and backwards deleted at p<0.01, using the likelihood ratio 
test.  

3.3.2.2 Predictive performance 
Visual and numerical predictive checks (VPC/NPC)69 were performed to 
assess the final population PK and PK-PD models (Paper I, III and IV). 
From each model, 500 or 1000 data sets were simulated using final model 
parameter estimates and original data sets. The data were evaluated by 



 27

graphical or numeric comparisons between the model predicted median and 
95%-prediction interval, and the observed median and all individual obser-
vations over time.   

3.3.3 Software 
All population PK and PK-PD analyses were performed using the software 
NONMEM (version V or VI, level 1)64 with the first-order conditional esti-
mation (FOCE) method, with or without interaction (INTER). NONMEM 
was run on Linux (Redhat version 9) and compiled with Gnu Compiler Col-
lection (version 3.2.2). The post-processor Xpose 3.167 was used for model 
diagnostic purposes and for exploration of possible covariate relationships. 
Xpose runs in a Splus environment (Insightful Corporation, version 2000 for 
Windows). Splus was also used for data manipulation, exploratory analysis 
and graphics. 

 
3.3.4 Pharmacokinetic models 
In paper II-IV one compartment models with first order absorption and 
elimination were used to describe the pharmacokinetic properties of tesagli-
tazar. Impact of covariates were investigated on apparent clearance (CL/F) 
and apparent volume of distribution (V/F). Due to the sparse sampling 
schemes, no covariate effects were evaluated on the absorption rate constant 
(ka). The results from the PK analyses were utilized in the different PK-PD 
analyses, where individual predictions of average tesaglitazar plasma con-
centrations (Caverage) were used as a measure of tesaglitazar exposure.  

3.3.4.1 Interconversion of tesaglitazar (Paper I) 
In paper I, a mechanistic population PK model was developed for tesaglita-
zar and its metabolite (an acyl glucuronide) following repeated oral admini-
stration of tesaglitazar in subjects with varying renal function. The aim was 
to derive a PK model that could explain the finding of approximately 2-3 
times higher plasma exposure of tesaglitazar in subjects with impaired renal 
function compared to healthy controls, given the observation that tesaglitazar 
is predominantly metabolised and only 20% of tesaglitazar is found un-
changed in the urine.  

Two hypotheses for the cause of the increased tesaglitazar exposure in 
subjects with impaired renal function were tested. Hypothesis A: the metabo-
lism of tesaglitazar was assumed to be correlated with the renal function. 
This was tested by incorporating a correlation between CLiohexol and the 
metabolic clearance of tesaglitazar. Hypothesis B: the increased tesaglitazar 
exposure was due to interconversion between the acyl glucuronide and 
tesaglitazar. An additional compartment was incorporated to mimic biliary 
excretion of the acyl glucuronide into the gut, and thereafter interconversion 
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and reabsorption of tesaglitazar into the central compartment of the parent 
drug. These processes were modelled as rate constants, kbm and kint, respec-
tively.  

The two hypotheses were tested one at a time and were compared by dif-
ferences in OFV and goodness of fit. Figure 5 gives an overview of the 
model structure and the model parameters, including the two hypotheses. 

 

 
Figure 5. Structural model overview including the two hypotheses 

3.3.5 PK-PD models 

3.3.5.1 Model for the PK and renal function interrelationship (Paper 
II) 
In the ARMOR study, tesaglitazar was found to reduce GFR, and since renal 
function affects the exposure of tesaglitazar (as described in Paper I) it was 
necessary to describe both these processes simultaneously (Paper II).  Figure 
6 illustrates the interrelationships between tesaglitazar and renal function. 
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Figure 6. Schematic overview of the model for the interrelationship between tesagli-
tazar PK and GFR 

A one-compartment PK model with first order absorption was used to de-
scribe the PK of tesaglitazar. Renal function was included a priori as a co-
variate influencing the apparent clearance (CL/F).  

An indirect response model was developed to account for the effect delay  
between tesaglitazar plasma concentrations and renal function17. Both CLiotha-

lamate and MDRD were used as measures of GFR with separate residual errors 
for the two different biomarkers. The tesaglitazar effect was introduced on 
the zero order input function of GFR (kin). The following parameters were 
estimated; GFR baseline (GFRbaseline: parameterised as kin/kout.), first order 
rate constant (kout) which determines the delay in GFR change to a change in 
tesaglitazar exposure (Cp), maximal reduction in GFR (Emax) and the tesagli-
tazar plasma concentration achieving half maximal reduction in GFR (EC50) 
according to the following equation. 

 
 

 
 
Covariates evaluated were; gender, age, body weight, race and concomitant 
medications (angiotensin converting enzyme (ACE) inhibitors, angiotensin-
II receptor antagonists, NSAID’s and thiazide diuretics). Covariates were 
assessed for effect on CL/F, V/F, GFRbaseline and EC50. Impact of concomi-
tant medications were only evaluated for possible PD interaction on EC50. 
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3.3.5.2 Mechanistic FPG-Hb-HbA1c model (Paper III-IV) 
A population PK-PD model characterising the relationships between tesagli-
tazar exposure, FPG, HbA1c and Hb was developed using data from the 
GLAD study (Paper III). Emphasis was to describe the release and aging of 
red blood cells (RBC) including the FPG dependent glycosylation process of 
RBCs to HbA1c. The model was developed sequentially, firstly the PK of 
tesaglitazar, secondly the relationship between tesaglitazar exposure and 
FPG, thirdly the mechanistic model for the interrelationship between FPG 
and HbA1c and lastly, four different hypotheses for the mechanism of the 
tesaglitazar effect on Hb were tested. After the separate models were estab-
lished, a simultaneous analysis of the final FPG-Hb-HbA1c models was 
performed. 

The individual Bayesian PK parameters from the population PK analysis 
were used to predict each patients average tesaglitazar plasma concentration 
during the treatment period. An indirect response model was developed for 
the effect of tesaglitazar exposure on FPG over time. A transit compartment 
model was used to characterise the relationship between FPG and HbA1c 
over time (Figure 7).  

 
 

Figure 7. Schematic representation of the mechanism-based model for the FPG-
HbA1c relationship 

The four, in series coupled, transit compartments describe RBC aging, start-
ing with a zero order release of RBC into circulation (Kin RBC). The first order 
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rate constant (Ktr) defines the RBC transition from one age stage to the next 
until the cell dies. At any given age stage, the RBC can become glycosylated 
to HbA1c as a function of FPG (Kglucose  FPG ). Kin RBC, RBC lifespan, 
Kglucose and � were estimated in the model, including between patient vari-
ability on Kin RBC, RBC lifespan and �. 

Tesaglitazar affects Hb in a dose- and time dependent manner. The model 
was further extended with the purpose to test and evaluate the most likely, 
out of four possible, mechanisms for the tesaglitazar induced Hb effect, and 
also assess the potential impact on HbA1c given the different mechanisms. 
The tested hypotheses were: 

 
� inhibition of RBC production 
� shortening of RBC lifespan 
� non-selective RBC elimination 
� haemodilution or redistribution of RBC 

 
The different models were tested one at a time in the final FPG-Hb-HbA1c 
model and were compared by differences in OFV and plausibility of parame-
ter estimates. 

The potential impact of covariates were evaluated and covariates were: 
age, gender, body weight, renal function (assessed by CrCL) and prior anti-
diabetic treatment (drug naïve or previously treated).  

 
The FPG-Hb-HbA1c model was re-evaluated using the GALLANT6 study, 
data which had not been used to develop the model (Paper IV). The sub-
models were assessed sequentially with emphasis on how well the model 
could predict the new study data of longer duration and in a new patient 
population. Since the inclusion criteria differed between GLAD and GAL-
LANT6, the simulations accounted for these differences. In GALLANT6, 
drug-naive patients were enrolled if their HbA1c were within 7-10%, and 
pre-treated patients if HbA1c<10%. In the GLAD study and in drug-naïve 
patients, FPG had to be >7 mmol/L during the run-in period (three visits). 
For pre-treated patient, the third visit during the run-in period had to be  
>7 mmol/L. Further, both drug-naïve and pre-treated patients were excluded 
if FPG was >13.3 mmol/L at any of the three run-in visits. All model pa-
rameters were assumed to be as estimated from the GLAD study, except 
FPG baseline and each model component (FPG and Hb-HbA1c, respectively) 
was evaluated externally by visual predictive checks (VPC). 

Lastly, the FPG-Hb-HbA1c model was re-estimated by combining the 
GLAD and GALLANT6 data. 
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3.3.5.3 Mechanistic FPG-FI model (Paper IV) 
The mechanistic model, proposed by Topp et al60, that describes the basal 
relationships between FPG, fasting insulin (FI) and �-cell mass (BCM) in 
normal subjects was further developed to include impact of disease stage on 
insulin sensitivity (IS) and BCM, as well as influence of tesaglitazar treat-
ment (Paper IV). The data used in the assessment originated from three 
clinical studies with tesaglitazar (SIR, GLAD and GALLANT6), which in-
cluded non-diabetic, insulin resistance subjects and patients with T2DM. In 
all, five disease stages were assessed (defined in Section 3.1.3). 

 
The net changes in FPG, FI and BCM in healthy subjects were described 

by three differential equations60 and a description of the model parameters is 
included in Table 5. 
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Table 5. Description of FPG, FI and BCM model parameters 
Parameter Description 
R0   rate of FPG production at zero glucose  
EG0  total glucose effectiveness at zero insulin  
IS  insulin sensitivity  
	 maximum insulin secretion rate per mass unit of �-cell  
� FPG level producing half the maximum insulin secretion  
k first-order elimination rate of FI 
d0 BCM death rate at zero glucose 
R1 and R2 rate constants describing glucose dependent �-cell adaptation 

 
Note that changes in BCM is not dependent on FI, and that reduced insulin 
sensitivity alone does not cause hyperglycaemia since �-cell adaptation acts 
as a negative feedback bringing FPG back towards normal (set-point).  
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The impact of disease stage was implemented as an offset in �-cell adapta-
tion causing a higher FPG set-point in T2DM patients. Thus the equation for 
change in BCM was expanded to: 

 

 � BCMFPGRFPGRd
dt

dBCM
������� 2

210 ''  

where FPG’ was defined as FPG’ = FPG – OFFSET. In T2DM patients 
FPG is higher than FPG’ since the OFFSET is causing a hyperglycaemic 
FPG set-point. �-cell adaptation at different FPG levels is illustrated for a 
healthy subject and T2DM patient in Figure 8. 
 

 
Figure 8. Beta-cell adaptation rate versus FPG. The black solid curve represents the 
change in a healthy individual and the grey in an T2DM patient. The dotted vertical 
lines mark the physiological fixed points in each of the two individuals. This is a 
point of attraction and beta-cell adaptation acts with a negative feedback to bring the 
FPG back to this set-point. At FPG much higher than the physiological fixed point 
severe glucose toxicity causes a positive feedback (below the horizontal line). 
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Insulin sensitivity (IS) was originally set to a fixed value60. A non-linear and 
positive relationship between insulin elimination and IS was added31, 70, 71 
according to: 

 
SkREL
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���  

where k and IS are the insulin elimination rate and insulin sensitivity, respec-
tively. RELk-s is the power slope for change in k by change in IS. ISH and kH 
are the values in healthy subjects60.  

Tesaglitazar treatment effects were incorporated on �-cell adaptation 
(OFFSET) and on insulin sensitivity (IS). The effect on OFFSET was direct 
and implemented with a Emax model as: 
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where Caverage is the individual predicted average tesaglitazar concentration in 
plasma, EC50 B is the concentration achieving reduction in OFFSET by 50% 
and � is the sigmoidicity factor. 

The tesaglitazar effect on IS was implemented as an indirect effect as: 
 

 � tout
averageS

averageS
in

t ISk
CEC

CE
k

dt
dIS

���
�
�

�
�
�
�

�

�

�
���

50

max1  

 
which makes insulin sensitivity (ISt) a variable that change with treatment 
over time and which replaces IS in the equation for change in FPG as pre-
sented above. kin is a zero order rate constant for the production of ISt, and 
kout is a first order rate constant determining the time course of the indirect 
response in ISt. Insulin sensitivity at baseline is defined as ISt=kin/kout. Emax S 
and EC50 S are maximal improvement in insulin sensitivity and average 
tesaglitazar concentration achieving half maximal improvement in ISt.  

The effect of discontinuing prior anti-diabetic treatment at enrolment (i.e. 
a wash-out effect) was included on OFFSET and ISt. The full model includ-
ing the interrelationships between tesaglitazar exposure, FPG, FI, BCM and 
IS is illustrated in Figure 9. 

FPG and FI were assumed to be at steady state with respect to each other, 
given the current BCM and IS. Further, at the first visit it was assumed that 
BCM and insulin sensitivity were at steady state in all patients. 

The model was simultaneously fit to the FPG and FI data. The model pa-
rameter values were fixed according to Topp et al60. except for: insulin sensi-
tivity at baseline (IS), OFFSET,  kout,  Relk-S, wash-outB and wash-outS, Emax S,  
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EC50 S, EC50 B, �. Between patient variability was included on IS, OFFSET, 
wash-outB, wash-outS, EC50 S, EC50 B, and on the residual error terms for FPG 
and FI, and were assumed to be log-normally distributed, expect for wash-
outB.  

 

 
 

Figure 9. Schematic illustration of the mechanistic FPG-FI model, incorporating 
insulin sensitivity (IS) and �-cell mass (BCM). Changes from the steady state are 
illustrated as indirect effects for all four variables, indicated by solid or broken ar-
rows. However, responses in FPG and FI are relatively fast and therefore assumed at 
steady state relative to one another, at any given level of IS and BCM. Drug treat-
ment exerts an indirect effect on IS and BCM which explains the delay in the re-
sponse of FI and FPG. The indirect effects of drug treatment and the effect of IS on 
the elimination of FI are additions to the model from that originally suggested60. 
This has been indicated by red line colour. 
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4 Results 

4.1 Pharmacokinetic results 

4.1.1 Interconversion of tesaglitazar (Paper I) 
The analysis showed that the most likely cause of the increased tesaglitazar 
plasma exposure in subjects with impaired renal function is that the de-
creased renal elimination of the acyl glucuronide causes an increase in 
plasma exposure of the metabolite which leads to increased levels of me-
tabolite undergoing interconversion and subsequently an accumulation of 
tesaglitazar (hypothesis B). This model was statistical favourable (!OFV –
217, p<0.0001) and produced good fit to the data (Figure 10) compared to 
the model where the tesaglitazar metabolism was assumed to be dependent 
on renal function (hypothesis A).  

Figure 10. Visual predictive check of tesaglitazar (A) and its metabolite (B) in 
plasma in subjects with impaired renal function (left) and controls (right). The bold 
solid and dotted lines represent observed and model predicted median. The grey 
areas within the dotted lines are the model 95% prediction interval. The circles are 
the observations.  
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Metabolism was the major elimination route for tesaglitazar, with only a 
minor part (~1%) being renally cleared. For the acyl glucuronide, three 
elimination pathways were incorporated into the model; renal, non-renal and 
biliary excretion. The metabolite that was biliary excreted was assumed to be 
hydrolysed back to tesaglitazar and subsequently re-absorbed into the circu-
lation. The lower renal elimination of the acyl glucuronide will lead to in-
creased numbers of interconversion cycles in subjects with impaired renal 
function compared to subjects with normal renal function. Concomitant pro-
benicid use (n=4) was found to inhibit the renal elimination of both tesagli-
tazar and its metabolite. These results were later confirmed in a traditional 
drug-drug interaction study (unpublished data), indicating the strong power 
of population PK modelling to identify covariate relationships. The separa-
tion of the elimination and interconversion processes was possible due to the 
simultaneous assessment of tesaglitazar and the acyl glucuronide in plasma 
and urine in subjects with varying renal functions, since the ratio between 
tesaglitazar and the metabolite vary with varying renal function. 

4.1.2 Pharmacokinetics of tesaglitazar (Paper II-IV) 
In the larger clinical studies (ARMOR, SIR, GLAD and GALLANT6) only 
tesaglitazar in plasma was determined. Therefore, less complex PK models 
were used to describe the pharmacokinetic properties of tesaglitazar. The 
interrelationship between tesaglitazar exposure and renal function is pre-
sented in Section 4.2.1. One-compartment PK models with first order ab-
sorption and elimination were used with consistent results across the studies 
(Table 6). At steady state, apparent clearance (CL/F) was approximately 
0.13 L/h and was found to be influenced primarily by renal function. CL/F 
decreased by approximately 0.75-0.9% per decreasing unit in renal function 
(at renal function values below the median values in each study population). 
The relationship between renal function and individual predictions of tesagli-
tazar plasma exposure (AUC) is found in Figure 11. Overall between patient 
variability in CL/F was approximately 35-40% and decreased to about 25-
30% after accounting for differences in renal function. In the two dose-
ranging studies (SIR and GLAD) small dose, and time-dependent effects on 
CL/F were found. These were modelled using a power function (dose) and a 
step function (time). No effect of dose or time were identified in the AR-
MOR and GALLANT6 studies. Tesaglitazar had a small apparent volume of 
distribution (11-13 L) and a relatively long half-life (50-70 h). The sampling 
scheme in the studies were not optimised to estimate the absorption rate con-
stant (Ka), which therefore had to be fixed in ARMOR and GALLANT6 
(2.3 and 2.4 h-1, respectively). Ka was estimated in the SIR+GLAD analysis 
to 2.33 h-1. 
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Table 6. Parameter estimates and associated relative standard errors (RSE) from the 
population PK model assessments of tesaglitazar 

Parameter 

(unit) 
ARMORa 
Paper II 
(n=94) 

GLAD+SIR 
Paper III 
(n=582) 

GALLANT6 
Paper IV 
(n=672) 

Structural model parameters    
CL/F (L/h) (�1) 0.130 (4.4) 0.147 (2.4) 0.136 (2.7) 
Impact of covariates on CL/F    

Renal function (�2, �3)  
(%/unit change) 

0.75 (14)b 0.90 (6.7)c 

0.37 (32)c 
0.91 (5.4)d 

0.43 (35)d 

Gender  
 (% difference in ) 

-13 (35) n.s. -17 (13) 

Time (�4, �5) 
(%) 

n.s. -10 (13)e 

-7.5 (16)e 
n.s. 

Dose (�6) n.e. -0.077 (15)f n.s 
V/F (L) 13 (5.3) 11 (2.5) 12 (5.0) 

Impact of race on V/F  
(% difference in Blacks) 

n.e n.e. -35 (39) 

Ka (h-1) 2.4 (fixed) 2.33 (18) 2.3 (fixed) 
Inter-patient variability (%)    
CL/F 25 (23) 28 (8.5) 30 (8.5) 
V/F 33 (33) 35 (22) 44 (47) 
Ka n.s. 150 (53) n.s. 
Residual variability (%)g 26 (8.0) 23 (4.4) 23 (4.2) 

Data are presented as parameter estimates (relative standard error). CL/F, apparent clearance; 
V/F, apparent volume of distribution; F, bioavailability; Ka, absorption rate constant; n.s., not 
significant; n.e., not estimated. 
a parameter estimates from the simultaneous PK-PD assessment between tesaglitazar and 
renal function.  
b CL/F = �1  (1+ �2 (GFR-100)), where GFR is either CLiohexol or calculated GFR by the 
MDRD formula 
c CL/F = �1  (1+ �2 (CrCL-76)) for CrCL<76 mL/min and CL/F= �1  (1+ �3 (CrCL-76)) 
when CrCL>76 mL/min at week 2 receiving 1 mg of tesaglitazar 
d CL/F = �1  (1+ �2 (MDRD-90)) for MDRD<90 mL/min, CL/F= �1  (1+ �3 (CrCL-90)) 
when MDRD>90 mL/min 
e at week 8: CL/F = �1  (1+�4 ), at week 12: CL/F = �1  (1+�4 )  (1+�5 ) 
f CL/F= �1  Dose�6 

g proportional error model 
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Figure 11.  The relationship between individual estimates of tesaglitazar exposure, 
normalised to 1 mg (AUC1mg), and renal function (calculated GFR by the MDRD 
formula), n=1554. 

4.2 Pharmacodynamic results 

4.2.1 Interrelationship between tesaglitazar exposure and 
renal function (Paper II) 
Since renal function affects tesaglitazar exposure, and tesaglitazar affects 
renal function, a simultaneous analysis of this interrelationship was per-
formed. The one-compartment tesaglitazar PK model is presented in Section 
4.1.2. The integrated indirect response model adequately described both the 
magnitude and time course of the reduction in renal function (GFR). The 
mean GFR at baseline was estimated to 100 mL/min/1.73m2, and decreased 
to a pseudo steady state after approximately 12 weeks of treatment (76 
mL/min/1.73m2) with only minor decrease in GFR thereafter. All patients 
had deterioring renal function and no demographic covariate could explain 
differences in response. However, patients concomitantly treated with an 
ACE-inhibitor were significantly more sensitive to tesaglitazar exposure 
compared to those not treated with ACE inhibitors (EC50 0.75 vs. 1.75 
μmol/L). When discontinuing treatment, tesaglitazar concentrations fell with 
a mean half-life of about 67 h, and the majority of the plasma samples were 
below LLOQ (0.003 μmol/L) at the first follow-up visit (four weeks after 
last dose intake). GFR returned slowly towards baseline, and the data and 
model suggest a return to baseline 8-10 weeks after last dose.  
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Figure 12.  Tesaglitazar trough concentrations (top graph) and GFR (bottom graph) 
over time. Open circles are the geometric means of observed tesaglitazar samples at 
each visit. Solid circles and diamonds are corresponding values for MDRD and 
CLiothalamate . Horizontal bars are 95% confidence intervals. The solid lines are the 
mean model predicted time profile. 

Figure 12 shows the observed data for tesaglitazar and GFR including mean 
model predictions. Table 7 includes final parameter estimates of the indirect 
response model for GFR. 

Due to the interrelationship between tesaglitazar exposure and renal func-
tion, steady state will occur at a later time point and also at a different level 
compared to if PK and GFR were independent. In this situation, where CL/F 
depends on both GFR and EC50, the Caverage at steady state can be calculated 
as a function of dose (2 mg), dosing interval (24h), non-renal clearance, re-
nal clearance, EC50 and GFRbaseline. At high baseline GFR and in patients not 
treated with an ACE inhibitor, Caverage at steady state is expected to be ap-
proximately 15-20% higher compared to if there was no interrelationship 
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between PK and GFR. The increase in Caverage is higher (25-30%) in patients 
treated with ACE inhibitors due to their lower EC50. In patients with low 
renal function, the increase in Caverage is less due the larger proportion of total 
clearance being non-renal. 

The inclusion of calculated GFR (by the MDRD formula) improved the 
ability to characterise the time course of the change in GFR, since the pri-
mary variable for GFR (CLiothalamate) was only collected at baseline, 3 and at 6 
months of treatment. 

Table 7. Indirect response model parameter estimates and associated relative stan-
dard errors (RSE) from the simultaneous PK-PD model assessment of tesaglitazar 
and its interrelationship with renal function.  

Parameter 
(unit) 

Estimate 
(RSE, %) 

Structural model parameters  
GFRbaseline (mL/min/1.73m2) 100 (2.0) 

Impact of age on GFRbaseline (%/year)a -1.0 (20) 
Kout (day-1) 0.055 (13) 
Emax (%) 40 (6.4) 
EC50 (μmol/L) 1.7 (17) 

Impact of ACE inhibitor use on EC50 (%) -56 (18) 
Inter patient variability (%)  
GFRbaseline 16 (22) 
EC50 69 (45) 
Residual error magnitude in GFR (%)b  
CLiothalamate 20 (6.7) 
MDRD 11 (5.6) 

Kout, first order rate constant for change in GFR; Emax, maximal reduction in GFR; EC50, 
tesaglitazar concentration achieving half maximal reduction in GFR; CLiothalamate, measure of 
renal function by plasma iothalamate clearance; MDRD, calculated GFR by the MDRD for-
mula. 
a linear model  
b proportional error model 

4.2.2 FPG-Hb-HbA1c model (Paper III-IV) 
The FPG-Hb-HbA1c model was developed on data from the GLAD study 
(Paper III), and later re-assessed on the GALLANT6 study (Paper IV). A 
summary of PD baseline characteristics including biomarkers used in Paper 
IV is presented in Table 8.  
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Table 8. Baseline characteristics at enrolment for the PD biomarkers stratified by 
dose and disease group, median  (range). 

Study FPG 
(mmol/L) 

HbA1c  
(%) 

Hb 
(g/L) 

FI 
(pmol/L) 

SIR 5.8 
(4.0-9.8) 

n.m. 149 
(116-177) 

80 
(19-812) 

GLADnaive
a 8.6 

(6.5-13.3) 
7.0 

(5.5-13.1) 
147 

(112-176) 
60 

(10-347) 
GLADprior

b 8.2 
(3.5-15.3) 

6.8 
(5-11.5) 

146 
(111-197) 

62 
(5-444) 

GALLANT6naive
a 9.2 

(6.6-13.3) 
7.6 

(7-9.8) 
146 

(129-177) 
78 

(20-250) 
GALLANT6prior

b 7.3 
(2.2-15.4) 

6.6 
(4.1-10) 

145 
(91-197) 

70 
(8-483) 

n.m. not measured 
a patients naïve to anti-diabetic treatment 
b patients previously treated with anti-diabetic drugs 

4.2.2.1 Model development based on the GLAD study (Paper III) 
An indirect response model, with a stimulatory drug effect (Emax model) on 
Kout FPG, best described the FPG data. Patients discontinuing prior anti-
diabetic treatment at enrolment had an increase in FPG over time, and pa-
tients on placebo had on average 16% higher FPG at end of treatment. The 
onset of the treatment effect was slow, and a new FPG steady state was 
reached after approximately 12 weeks of treatment. Females were more sen-
sitive to tesaglitazar exposure and had 50% lower EC50 FPG compared to 
males. 

The mechanism-based PK-PD model with a linked chain of four, in series 
coupled, transit compartments could well describe the FPG-HbA1c interac-
tion. Females had a slightly lower (10%) release rate of RBC (Kin RBC) com-
pared to males and the mean RBC lifespan was estimated to 135 days. The 
RBC lifespan was determined by the change in glycosylation rate following 
changes in FPG (and HbA1c) over time. The rate at which FPG glycosylates 
Hb to HbA1c (Kglucose) was estimated to 0.00018 day-1/FPG�. This corre-
sponds to a glycosylation rate of approximately 0.1% per day at a FPG of 10 
mmol/L. The non-linear relationship between FPG and HbA1c was de-
scribed by a power function with a slope (�) of 0.74. This relation is likely to 
be non-linear due to fasting glucose not being directly proportional to 24 hr-
average glucose72, 73. The proportion of RBC being glycosylated increased 
with increasing age of the cell74.  
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The haemodilution model produced the lowest OFV and also reasonable 
estimate for the RBC lifespan. This mechanism is partly supported by exter-
nal data75, 76, however the exact mechanism is still not yet understood. The 
indirect tesaglitazar effect was incorporated as a change in the volume of 
distribution of RBC. Since the model for haemodilution affects all circulat-
ing RBC equally, the decrease in Hb would not translate to any additional 
effect on HbA1c. If the decrease in Hb would have been caused by tesaglita-
zar-dependent decrease in Hb production, a transient increase in HbA1c 
followed by a return to its original baseline would be expected, e.g. no long-
term effect on HbA1c. If the Hb effect was caused by shortening of RBC 
lifespan or non-selective Hb elimination, a long-term decrease in HbA1c 
would be expected, more pronounced for the former mechanism. Final pa-
rameter estimates for the simultaneous FPG-Hb-Hb1c model is found in 
Table 9, and Figure 13 presents the results of the VPC’s for FPG, HbA1c 
and Hb receiving 2 mg of tesaglitazar. 

 
 

Figure 13. Visual predictive checks for FPG, HbA1c and Hb receiving 2 mg of 
tesaglitazar. Upper panels (FPG and HbA1c) include pre-treated patients, and the 
two lower panels show drug naïve patients. The VCP for Hb was not stratified for 
prior treatment. The thin solid lines are the 95% prediction intervals and the bold 
line is the predicted median response. The circles are the observed data, and the 
dotted line is a non-parametric smooth of the observed data. Day zero is the day of 
randomisation. 
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Table 9. Parameter estimates (and relative standard errors) of the FPG-Hb-HbA1c 
model based on the GLAD, and combined GLAD+GALLANT6 study data 

Parameter  
(unit) 

Estimate 
GLAD 

Estimate 
GLAD+GALLANT6 

FPG model   
FPGbaseline at enrolment (mmol/L) 
    Prior anti-diabetic treatment 
    Drug-naïve  

 
8.2 (1.0) 

8.7 (1.2) 

 
7.4 (0.8) 
8.9 (1.1) 

Impact of prior anti-diabetic treatment 
on KinFPG (%),  FPGwash-out 

 
16.4 (8.4) 

 
16.9 (5.8) 

Emax FPG (%) 70 (7.5) 85 (9.8) 
EC50 FPG males (μmol/L) 1.5 (18) 1.94 (20) 
EC50 FPG females (μmol/L) 0.88 (25) 1.26 (14) 
Kout FPG (day-1) 0.037 (6.5) 0.032 (4.7) 

IIVa FPGbaseline 14 (8.6) 18 (5.5) 
IIV FPGwash-out 80 (15) 86 (11) 
IIV EC50 FPG 110 (17) 88 (31) 
IIV Residual error 36 (12) 38 (8.2) 

Correlation (FPGbaseline- EC50 FPG) n.s. -0.45 (16) 
Correlation (EC50 FPG - FPGwash-out) n.s. -0.44 (47) 
Residual variability (%) 9.6 (2.4) 9.1 (1.8) 
FPG-HbA1c model   
RBC lifespan (day) 135 (7.0) 91.2 (2.8) 
Kin RBC males (g/L/day) 1.11 (7.0) 1.66 (2.8) 
Kin RBC females (g/L/day)  1.02 (7.0) 1.51 (2.8) 
Kglucose (1/day/FPG� mmol/L) 0.00018 (13) 0.00041 (4.2) 
� 0.743 (5.2) 0.552 (2.2) 

IIV Kin RBC 7.1 (9.4) 7.2 (5.6) 
IIV � 5.9 (15) 8.6 (7.0) 
IIV Residual error 17 (32) 41 (7.5) 

Residual error HbA1c (%) 3.0 (1.9) 4.1 (1.7) 
Haemodilution model   
Kout dilution (day-1) 0.030 (6.5) 0.026 (5.2) 
Emax dilution (%) 68 (31) 48 (24) 
EC50 dilution (μmol/L) 8.2 (40) 5.4 (30) 

IIV EC50 dilution 56 (21) 54 (28) 
IIV Residual error 26 (24) 22 (25) 

Residual error Hb (%) 5.0 (3.6) 3.1 (1.2) 
a Inter individual variability, expressed as coefficient of variation (%) 
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4.2.2.2 Re-assessment of the FPG-Hb-HbA1c model using the 
GALLANT6 study (Paper IV) 
The FPG-Hb-HbA1c model was evaluated externally on the GALLANT6 
study, data on which the model has not been developed. The assessment was 
performed as described in Section 3.3.3.2. The inclusion criteria for GAL-
LANT6 were taken into account when making the model predictions. The 
VPC showed that the FPG and Hb sub-models could predict the GAL-
LANT6 data well. Patients previously treated with two anti-diabetic agents 
had higher FPG values than predicted, not unexpected since this sub-
population was not included in the data used for the model development. The 
predictions of HbA1c in the drug-naïve patients were accurate. HbA1c in the 
pre-treated patients was under-predicted at all times, but both the time course 
and magnitude of change in HbA1c were reasonable. 

The FPG-Hb-HbA1c model components were re-estimated in a sequential 
manner using the GLAD and GALLANT6 study data (Table 9, right col-
umn). Small changes were observed in the FPG model parameter estimates, 
especially notably were differences in baseline characteristics and identified 
negative correlations between FPGbaseline and EC50 FPG, as well as between 
EC50 FPG and FPGwash-out (-0.45 and -0.44 respectively). Parameters in the 
mechanistic FPG-Hb-HbA1c model also changed somewhat: Kin RBC in-
creased (1.5 g/L/day) , RBC lifespan decreased (91 days) and the glycosyla-
tion rate increased (0.00041 day-1/FPG�) and was less dependent on FPG (�, 
0.55). A comparison between the typical model prediction of the steady state 
relationship between FPG and HbA1c, including external data of the rela-
tionship between FPG and HbA1c at steady state is illustrated in Figure 14.  

Figure 14. Qualification of the estimated relationship between FPG and HbA1c 
(bold, red lines), including external data (thin lines)77-80 of glucose and HbA1c corre-
lations. The histograms give the FPG distributions at baseline. The left panel shows 
the results from the GLAD analysis, and the right from GALLANT6 (bold blue 
dashed line is the updated FPG-HbA1c relationship from the re-estimated model). 
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Small changes in the parameters for the haemodilution model were ob-

served, Kout dilution was somewhat lower indicating a slower change in Hb than 
estimated from the GLAD study.  

4.2.3 FPG-FI model (Paper IV) 
The mechanistic model for FPG and FI, including components for �-cell 
mass and insulin sensitivity could adequately describe the FPG and FI data 
over time in the heterogeneous patient population (Figure 15). The impact 
of disease stage on BCM was modelled through the OFFSET parameter and 
patients with T2DM typically had physiological set points changed to 8-9 
mmol/L (compared to 5.6 mmol/L in healthy subjects) whereas non-diabetic 
insulin resistant subjects had no deterioration in BCM. Insulin resistance was 
present in all disease stages and IS was 40-60% of that in healthy subjects. 
T2DM patients discontinuing prior anti-diabetic treatment at enrolment 
showed deterioration in FPG and FI (wash-out effects), and these effects 
were implemented on BCM and IS. 

The treatment response in FI was fast due to the rapid improvement in IS, 
and new steady state in FI was reached within weeks. The change in FPG 
was initially fast, thereafter slower, and steady state was reached within 
months of treatment. This is likely a result of fast initial improvement in IS 
and a slower upward adaptation in BCM. In non-diabetic, insulin resistant 
subjects BCM changed in the opposite direction due the large improvement 
in IS that initially reduced FPG more than the treatment reduced the OFF-
SET. The inclusion of a positive relationship between insulin elimination 
and IS improved the model fit of the FI data. A negative correlation was 
found between OFFSET and IS, indicating that patients with lower insulin 
sensitivity tend to also have lower BCM. 

In the investigated dose range the exposure-response relation was nearly 
linear for IS (EC50S greater than the observed exposure range). Regarding the 
exposure-response on the FPG set-point, EC50B was within the exposure 
range. The two EC50 parameters were highly correlated on the individual 
level, indicating a shared mechanistic pathway, possibly through free fatty 
acid (FFA) which is reduced by tesaglitazar. 

In Figure 16, median model predictions for FPG, FI, IS and BCM after a 
treatment with tesaglitazar 1 mg is illustrated. 
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Figure 15. Visual predictive checks for FPG and FI based on the mechanistic FPG-
FI model. Upper panels show drug-naïve T2DM patients treated with 0.5, 1, 2 or 3 
mg of tesaglitazar. Lower panels show non-diabetic insulin resistant subjects from 
the SIR study randomised to 0.5 or 1 mg of tesaglitazar. The black and blue, solid 
lines represent observed and model-predicted median, respectively. The blue area 
within the dotted lines represents the model 95%-prediction interval (PI). The black 
circles represent observations within the PI and observations outside the PI are rep-
resented by a non-black plotting symbol that is unique for each individual within the 
panel. 
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Figure 16. The change in BCM, IS (denoted S in the figure), FI and FPG relative to 
values in healthy subjects simulated using the mechanistic PK-PD model, for all five 
disease groups (DGR). The median response to 1 mg daily dosing of tesaglitazar is 
displayed.  
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5 Discussion 

5.1 Interconversion of tesaglitazar (Paper I) 
Tesaglitazar is predominantly metabolised (to an acyl glucuronide) and 20% 
of the tesaglitazar dose is found unchanged in the urine43. Thus, it is not ap-
parent that renal function would affect the exposure of tesaglitazar in 
plasma. However, in the RENAL study, it was found that tesaglitazar expo-
sure was 2-3 higher in subjects with low renal function. A mechanism-based 
population PK model was derived with the aim to explain this finding. The 
result demonstrates that the most likely explanation is that, the decreased 
renal elimination of the acyl glucuronide causes an increase of metabolite in 
plasma in subjects with impaired renal function, which leads to increased 
amount of metabolite undergoing interconversion and subsequently accumu-
lation of tesaglitazar in plasma.  

A number of independent data support this mechanism, including that the 
interconversion occurs via biliary secretion, that the hydrolysis of the acyl 
conjugate takes place in the gut with subsequent re-absorption as tesaglita-
zar. The acyl glucuronide of tesaglitazar is stable in plasma (unpublished 
data). Many anionic drugs and their conjugated metabolites are metabolised 
in the liver with subsequent urine and biliary excretion81. The acyl glucuron-
ide of tesaglitazar is a substrate for the two biliary efflux transporters MRP-2 
and BCRP (unpublished data). In the tesaglitazar ADME study, mean radio-
activity in faeces was ~8% after intravenous administration43. Glucuronides, 
following biliary secretion can become substrates for the microfloral �-
glucuronidases and hydrolysed back to the parent compound82. Lastly, the 
absorption of tesaglitazar is fast and complete43. 

Interconversion, also called “futile cycling” has been reported for other 
drugs forming acyl glucuronides 83-85. No data has yet been presented of this 
type of interconversion in man, since it is stipulated that it would require 
intravenous dosing of the acyl glucuronide to solve the clearance equa-
tions86. Thus, studies only report apparent clearances of the aglycone, ignor-
ing the reversibility of the metabolism.  

The present analysis shows that it is possible to characterise and quanti-
tate interconversion of a drug forming an acyl glucuronide. This was made 
possible due to the simultaneous assessment of both plasma and urine data of 
tesaglitazar and its metabolite in subjects with varying degrees of renal func-
tion. This enables separation of the elimination and interconversion proc-
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esses, since the ratio between tesaglitazar and the metabolite varies with 
varying renal functions.  

5.2 Interrelationship between tesaglitazar exposure 
and renal function (Paper II) 
Since there is an interdependency between renal function and the exposure 
of tesaglitazar it is necessary to describe and quantify these processes in a 
simultaneous analysis. Given this interrelationship between glomerular fil-
tration rate (GFR) and tesaglitazar exposure both these variables will be 
affected by each other leading to lower (GFR) and greater (Caverage) steady 
state levels compared to if these effects were independent. For the same rea-
son, steady state will be reached at a later time point. 

A population PK-PD model was developed for tesaglitazar and GFR in 
T2DM patients receiving daily doses of tesaglitazar (2 mg), which ade-
quately described tesaglitazar exposure and GFR over time. GFR decreased 
in all patients, and those treated with an ACE inhibitor were found to be 
more sensitive to tesaglitazar. When discontinuing treatment, mean GFR 
returned slowly towards baseline and the data and model suggest that the 
effect on GFR is reversible. Using an additional measure of renal function 
(MDRD) was pivotal in determining the time course of the changes in renal 
function, especially since post treatment measures of CLiothalamate was 
only available in few patients. 

The mechanism of which tesaglitazar affects GFR is not understood. 
Tesaglitazar, being a potent PPAR �/� agonist, could inhibit renal vasodila-
tory prostaglandins through a PPAR � mediated mechanism. A reduction of 
these prostaglandins leads to a constriction of the afferent arterioles and a 
subsequent reduction in GFR87, 88. In addition, PPAR � agonists have been 
shown to affect the renin angiotensin system89, 90, which potentially could 
mediate a vasodilatory effect on the efferent arterioles. Theoretically, a com-
bination of these effects could explain the relatively large effects on renal 
function seen after treatment with high doses of tesaglitazar. 

5.3 FPG-Hb-HbA1c model (Paper III-IV) 
A mechanism-based PK-PD model for the relationship between FPG and 
HbA1c was developed to describe and quantify the physiological processes 
related to RBC glycosylation and turnover, and to evaluate the impact of 
tesaglitazar exposure on this system (Paper III).  

The glycosylation of RBC forming HbA1c, is a chemical, non-enzymatic 
reaction between glucose and RBC, and the concentrations of HbA1c should 
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be near-proportional to the time-average concentrations of glucose within the 
erythrocytes73. It has also been reported that the proportion of RBC being 
glycosylated increases according to the age of the cell74.  

An empiric indirect response models described the relationship between 
FPG and tesaglitazar exposure over time. The mechanism-based FPG-
HbA1c model aimed to mimic the release and aging of RBC and the FPG 
dependent glycosylation process, using a number of, in series coupled, tran-
sit compartments. This allows the lifespan of RBC to vary between cells 
within an individual, compared to other types of life-span models21, 91 where 
the lifespan is assumed to be identical for all cells within one subject. The 
mean RBC lifespan was estimated to 135 days, which is in agreement with 
the literature92. In the present analysis, the relationship between FPG and 
HbA1c was found to be non-linear, which was significantly better than a 
direct proportional relationship as suggested in a population PD model by 
deWinter et al59. The likely explanation to the non-linear relationship is that 
fasting glucose and time-average glucose are not directly proportional to 
each other72, 73.  

The mechanistic PD model is not dependent on presence of (or changes 
in) Hb data, since the estimation of the RBC lifespan and the glycosylation 
process is determined by the changes in FPG and HbA1c over time. How-
ever, tesaglitazar affects Hb, and the model was further developed to investi-
gate the mechanisms behind this. Hemodilution was the mechanism that was 
best supported by the data. PPAR agonists have shown to increase plasma 
volume as well as affect renal sodium regulation75, 76 which support the re-
sult. However, the cause of the Hb effect is not completely understood and 
other mechanisms have been suggested93. 

The population PK-PD model was re-evaluated using data from a 6 
months, phase III study with tesaglitazar. It accurately predicted the response 
of FPG, Hb and HbA1c in drug-naïve patients. In patients previously treated 
with anti-diabetic drugs, HbA1c was under-predicted at all times. Plausible 
explanations could be a model structure not suitable for extrapolation to 
lower FPG ranges and unknown differences in patient populations between 
the studies.  

5.4 FPG-FI model (Paper IV) 
Tesaglitazar activates both PPAR � and � receptors, which improves periph-
eral insulin sensitivity, increases peripheral glucose uptake and decreases 
hepatic glucose output, similar to PPAR � agonists94. Activation of PPAR � 
stimulates the uptake and catabolism of free fatty acids (FFA), promotes 
lipolysis, and enhances high density lipoprotein (HDL) synthesis, resulting 
in improved lipid metabolism95, 96.  
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A PD model proposed by Topp et al60, which describes the interrelation-
ship between glucose, insulin and beta-cell mass (BCM) in healthy individu-
als was implemented and further developed on data from three clinical stud-
ies with tesaglitazar. This is the first time (to my knowledge) that the model 
has been fitted to data. The FPG-FI model could adequately describe all 
observations, even though the data originated from a heterogeneous popula-
tion, ranging from non-diabetic insulin resistant subjects to T2DM patients. 
Patients were assumed to differ from healthy subjects by an offset in the �-
cell adaptation (i.e. lower BCM) and lower insulin sensitivity coupled with 
lower insulin elimination. The reason for implementing the effect of disease 
on BCM as an offset in �-cell adaptation is due to actual BCM not being 
measured. Untreated T2DM patients were predicted by the model to have 
approximately 40% relative BCM compared to healthy individuals, which is 
in agreement with the data from the literature97-99. The model identified a 
strong correlation between insulin sensitivity and insulin elimination, which 
has been reported earlier with PPAR agonists70, 71, 100. Both of these proc-
esses are affected by the level of FFA, which is reduced by tesaglitazar treat-
ment45. 

The effect of tesaglitazar treatment on FPG, FI, BCM and IS predicted by 
the model is in line with the assumed mechanism of action. Insulin sensitiv-
ity improved rapidly and greatly in both insulin resistant subjects and in pa-
tients with T2DM, which is expected given the PPAR �/� activation. As a 
consequence to the improved insulin sensitivity, the FI was reduced during 
the first few weeks of treatment. BCM reached a new steady state after about 
six months of the treatment. In insulin resistant subjects there was a fast im-
provement in S and FI, but little effect on FPG and BCM. 

DeWinter at al included impact of disease progression on insulin sensitiv-
ity and �-cell function and evaluated the effects of drug treatment on these 
processes59. Disease progression was not included in the present analysis 
since the studies were only of 3 or 6 months duration. If including data from 
longer studies, the FPG-FI model could be improved to also include disease 
progression of BCM and IS. 
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6 Conclusions 

In this thesis different mechanism-based PK, PK-PD and disease models 
describing important safety and efficacy biomarkers used in anti-diabetic 
clinical drug development have been presented. These models were based on 
clinical data generated during development of the PPAR �/� agonist tesagli-
tazar, however, they are generic and could serve as template models that can 
contribute to valuable understanding of drug action and (T2DM) disease, and 
thereby support decision making during development of future anti-diabetic 
drugs. 

 
� The PK model for tesaglitazar provides a modelling framework to 

evaluate interconversion of the metabolite (an acyl glucuronide) 
based on the simultaneous analysis of plasma and urine data from a 
group of subjects with varying renal function. The model and data 
give insight into the likely mechanism of the increased tesaglitazar 
exposure in renally impaired subjects, and separate elimination and 
interconversion processes without dosing of the metabolite.  

 
� A simultaneous PK-PD assessment was warranted as tesaglitazar 

exposure and renal function affect each other. The model and data 
provide valuable information on the effect of tesaglitazar on renal 
function including, magnitude of the reduction, sub-groups at risk 
and the full time course. 

 
� The FPG-Hb-HbA1c model describes, in a mechanistically reason-

able manner, the interplay between important diabetic biomarkers. It 
provides plausible description of the release and aging of RBC as 
well as the FPG dependent glycosylation of RBC to HbA1c.  

 
� The FPG-Hb-HbA1c model gives a modelling framework to evalu-

ate potential mechanisms of the tesaglitazar effect on Hb and further, 
provides understanding on how the different mechanisms would af-
fect HbA1c.  
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� The FPG-Hb-HbA1c model can accurately predict the outcome of a 
new 6 months study when accounting for the different patient popu-
lation. The results from the joint analysis can be used to more accu-
rately predict long-term HbA1c response based on short-term FPG 
data. 

 
� The PK-PD model including components for �-cell mass and insulin 

sensitivity precisely describes FPG and FI data in a heterogeneous 
population of non-diabetic insulin resistant subjects and patients 
with T2DM.  It provides mechanistic understanding on the complex 
glucose homeostasis, and a realistic characterisation of the impact of 
disease stage and drug treatment on the system.  
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7 Populärvetenskaplig sammanfattning 

Att utveckla läkemedel tar lång tid, kostar mycket pengar och de allra flesta 
substanser som studeras blir aldrig färdiga läkemedel. Innan ett nytt läkeme-
del kan börja användas måste man visa att det är säkert och effektivt i den 
patientgrupp man avser att behandla. Många studier behövs göras, först i 
celler och djur, sen på människor, i den så kallade kliniska fasen. 

Matematiska modeller används för att beskriva substansens öde i krop-
pen, samt hur substansen i sin tur påverkar kroppen. Dessa modeller ger 
värdefull kunskap om hur det tänkta läkemedlet fungerar. Kunskap som kan 
används när man tar beslut om man skall fortsätta utveckla substansen, och 
för att visa att läkemedlet är effektivt och säkert att användas på patienter i 
samhället. 

Typ två diabetes mellitus (T2DM) är en vanlig sjukdom, som ökar i sam-
hället i takt med att vi blir överviktiga och äldre. Vid T2DM kan kroppen 
inte reglera blodsockret (glukos), som är förhöjt, detta i sin tur ökar risken 
för hjärtkärlsjukdomar. I första hand måste patienten ändra sin livsstil genom 
ökad motion och bättre kost. Om detta inte hjälper behövs läkemedel för att 
kontrollera blodsockret. I kliniska studier mäts faste glukosnivåerna för att 
påvisa att substansen har önskad effekt. Dock varierar glukosnivåerna rela-
tivt mycket, och som ett komplement mäter man även insulin och glykosyle-
rat hemoglobin (HbA1c). HbA1c är en bättre markör än fasteglukos då den 
är mer stabil över tiden. 

Denna avhandling beskriver fyra modeller som togs fram under utveck-
lingen av en substans (tesaglitazar) för behandling av T2DM. Den första 
modellen gav värdefull förståelse kring tesaglitazars öde i kroppen och kun-
de förklara varför individer med dålig njurfunktion hade högre halter av 
tesaglitazar i kroppen jämfört med de med god njurfunktion. Den andra mo-
dellen beskriver tesaglitazars negativa påverkan på njurfunktionen. Den tred-
je modellen ger ökad förståelsen kring hur glukos binder till röda blodkrop-
par och bildar HbA1c. Den fjärde och sista modellen beskriver kroppens 
komplicerade reglering av glukos, hur T2DM negativt påverkar detta system 
samt hur tesaglitazar förbättrar den störda glukosregleringen. 

Dessa modeller har varit viktiga för att öka förståelsen kring T2DM, samt 
tesaglitazar positiva och negativa effekter. Modellerna kan användas i ut-
vecklingen av nya läkemedel för behandling av T2DM och ökar möjlighe-
terna att tidigt visa om substansen har de önskade effekterna. 



 56 

8 Acknowledgements 

The thesis work was carried out at Clinical Pharmacology and DMPK,  
AstraZeneca R&D Mölndal, Sweden, and at the Division of Pharmacokinet-
ics and Drug Therapy, Department of Pharmaceutical Biosciences, Faculty 
of Pharmacy, Uppsala University, Sweden.  
 
I would like to express my sincere gratitude to all who have helped and en-
couraged me over the years. Especially I would like to thank: 

 
Professor Mats Karlsson, my supervisor, for sharing your great knowledge 
in pharmacometrics, and for your enthusiastic support over the years. I could 
not have had a better supervisor! 
 
Professor Margareta Hammarlund-Udenaes for always welcoming me to the 
Division. 

 
Dr. Jan-Peter Idström and Dr. Ulf Eriksson for employing me and support-
ing the start of my graduate studies. I am equally thankful to Dr. Eva Bred-
berg for giving me the time to complete my studies, and for your enthusias-
tic commitment to make pharmacometrics impact AstraZeneca drug devel-
opment. 
 
The two GALIDA project pharmacokineticists, Dr. Hans Ericsson and Dr. 
Maria Sunzel, for all your encouraging support over the years, for sharing 
your vast experience in clinical pharmacokinetics and for your contributions 
to Paper I and III. 
 
Everyone in the GALIDA Medics team. Especially Dr. Maria Svensson who 
has taught me lots about kidneys and diabetes, and for valuable contributions 
to Paper II and IV. I am also grateful to Dr. Peter Öhman and Dr. Elisabeth 
Björk for always welcoming me into the group, and for recognising the value 
of PK-PD modelling in drug development. 
 
Dr. Jakob Ribbing for your impressive and very clever implementation of 
the Topp model in Paper IV, and also for taking time to support the comple-
tion of this thesis. 
 



 57

Professor Ola Samuelsson for your great “study seven”, which made Paper I 
possible. 
 
To all colleges who have worked with the GALIDA project over the years, 
you have made every (almost) working day fun.  

 
My Clinical Pharmacology colleagues, including the pharmacometrics 
group. 

 
Dr. Per-Henrik Zingmark for being a good and supportive friend, and for 
sharing your fascinating interest in organization charts. 

 
All past and present colleagues at the Division of Pharmacokinetics and 
Drug Therapy, for excellent graduate courses, useful support when needed 
and fun travels. 

 
Jag vill också tacka all släkt och alla vänner som har stött mig under dokto-
randarbetet: 
 
Johan och Jenny, Jenny och Jimmy, Mattias och Sofie, Sanna och Rob för 
kul umgänge och goda middagar. 
 
Mina vänner i bandet Backdrop (eller vad vi nu skall kalla oss…), Jonas A, 
Jonas F och Kristina. Att träffas och spela tillsammans har alltid varit ett 
viktigt andningshål i tillvaron. 
 
Morbror Thomas, Svante och kusin Fredrik för att jag vet att ni finns där när 
det behövs. 
 
Hela den stora Wählbyfamiljen; Lena, Lennart, Anders, Lina, Urban, Eva 
och alla barnen, för all omtanke och värme ni gett mig och min familj. 
 
Min syster Ulrika, för att du är den bästa storasystern man kan tänkas ha! 
Mormor (R)uth (som Frida säger), för att du är en så varm och klok person. 
Fredrik, Anton och Tova för att ni är mysig släkt. 
 
Min mamma, jag vet att du hade varit väldigt stolt och glad. Du finns alltid 
hos mig! 
 
Min älskade familj! Att komma hem efter en lång dag och möta en glatt 
hoppande och tjoande Frida i hallen har gett mig massa positiv energi! Nu 
får vi se om nummer två, eller jag hinner först till den nionde maj�  
Ulrika, för att du är bäst och för att du hjälpt till och stöttat på alla sett under 
denna långa resa! Nu skall det bli härligt att bara få vara med er! 



 58 

9 References 

1. Levey AS, Bosch JP, Lewis JB, Greene T, Rogers N, Roth D. A more accurate 
method to estimate glomerular filtration rate from serum creatinine: a new prediction 
equation. Modification of Diet in Renal Disease Study Group. Ann Intern Med. 130, 
461-70 (1999) 
2. Breimer DD, Danhof M. Relevance of the application of pharmacokinetic-
pharmacodynamic modelling concepts in drug development. The &quot;wooden 
shoe' paradigm. Clin Pharmacokinet. 32, 259-67 (1997) 
3. Dingemanse J, Appel-Dingemanse S. Integrated pharmacokinetics and pharmaco-
dynamics in drug development. Clin Pharmacokinet. 46, 713-37. (2007) 
4. Kola I, Landis J. Can the pharmaceutical industry reduce attrition rates? Nat Rev 
Drug Discov. 3, 711-5. (2004) 
5. FDA. Innovation or stagnation? Challenge and opportunity on the critical path to 
new medical products. 2004 [cited; Available from: 
http://www.fda.gov/oc/initiatives/criticalpath/whitepaper.pdf 
6. Sheiner LB. Learning versus confirming in clinical drug development. Clin 
Pharmacol Ther. 61, 275-91. (1997) 
7. Lalonde RL, Kowalski KG, Hutmacher MM, Ewy W, Nichols DJ, Milligan PA, et 
al. Model-based drug development. Clin Pharmacol Ther. 82, 21-32. Epub 2007 
May 23. (2007) 
8. Burman CF, Hamren B, Olsson P. Modelling and simulation to improve decision-
making in clinical development. Pharmaceutical Statistics. 4, 47-58 (2005) 
9. Bhattaram VA, Bonapace C, Chilukuri DM, Duan JZ, Garnett C, Gobburu JV, et 
al. Impact of pharmacometric reviews on new drug approval and labeling decisions--
a survey of 31 new drug applications submitted between 2005 and 2006. Clin Phar-
macol Ther. 81, 213-21. (2007) 
10. Powell JR, Gobburu JV. Pharmacometrics at FDA: evolution and impact on 
decisions. Clin Pharmacol Ther. 82, 97-102. Epub 2007 May 30. (2007) 
11. FDA. Guidance for Industry: Population Pharmacokinetics, Center for Biologics 
Evaluation and Research and Center for Drug Evaluation and Research, Food and 
Drug Administration, U.S. Department of Health and Human Services; 1999. 
12. FDA. Guidance for Industry. Exposure-response relationships - study design, 
data analysis, and regulatory application. 1-25 (2003) 
13. Kowalski KG, Olson S, Remmers AE, Hutmacher MM. Modeling and Simula-
tion to Support Dose Selection and Clinical Development of SC-75416, a Selective 
COX-2 Inhibitor for the Treatment of Acute and Chronic Pain.  
14. Mandema JW, Hermann D, Wang W, Sheiner T, Milad M, Bakker-Arkema R, et 
al. Model-based development of gemcabene, a new lipid-altering agent. AAPS J. 7, 
E513-22. (2005) 
15. Lockwood P, Ewy W, Hermann D, Holford N. Application of clinical trial simu-
lation to compare proof-of-concept study designs for drugs with a slow onset of 



 59

effect; an example in Alzheimer's disease. Pharm Res. 23, 2050-9. Epub 2006 Aug 
12. (2006) 
16. Sheiner LB, Stanski DR, Vozeh S, Miller RD, Ham J. Simultaneous modeling of 
pharmacokinetics and pharmacodynamics: application to d-tubocurarine. Clin 
Pharmacol Ther. 25, 358-71. (1979) 
17. Dayneka NL, Garg V, Jusko WJ. Comparison of four basic models of indirect 
pharmacodynamic responses. J Pharmacokinet Biopharm. 21, 457-78. (1993) 
18. Mager DE, Wyska E, Jusko WJ. Diversity of mechanism-based pharmacody-
namic models. Drug Metab Dispos. 31, 510-8. (2003) 
19. Sun YN, Jusko WJ. Transit compartments versus gamma distribution function to 
model signal transduction processes in pharmacodynamics. J Pharm Sci. 87, 732-7. 
(1998) 
20. Friberg LE, Brindley CJ, Karlsson MO, Devlin AJ. Models of schedule depend-
ent haematological toxicity of 2'-deoxy-2'-methylidenecytidine (DMDC). Eur J Clin 
Pharmacol. 56, 567-74. (2000) 
21. Krzyzanski W, Ramakrishnan R, Jusko WJ. Basic pharmacodynamic models for 
agents that alter production of natural cells. J Pharmacokinet Biopharm. 27, 467-89. 
(1999) 
22. Danhof M, de Jongh J, De Lange EC, Della Pasqua O, Ploeger BA, Voskuyl RA. 
Mechanism-based pharmacokinetic-pharmacodynamic modeling: biophase distribu-
tion, receptor theory, and dynamical systems analysis. Annu Rev Pharmacol Toxicol. 
47, 357-400. (2007) 
23. Eliasson M, Lindahl B, Lundberg V, Stegmayr B. Diabetes and obesity in 
Northern Sweden: occurrence and risk factors for stroke and myocardial infarction. 
Scand J Public Health Suppl. 61, 70-7. (2003) 
24. Berger B, Stenstrom G, Sundkvist G. Incidence, prevalence, and mortality of 
diabetes in a large population. A report from the Skaraborg Diabetes Registry. Dia-
betes Care. 22, 773-8. (1999) 
25. International Diabetes Federation. Facts and Figures 2008. [cited; Available 
from: http://www.idf.org 
26. Norberg M. Identifying risk of type 2 diabetes. Umeå: Umeå university; 2006. 
27. International Diabetes Federation: The IDF consensus worldwide definition of 
the metabolic syndrome. 2005 [cited; Available from: 
www.idf.org/webdata/docs/Metac_syndrome_def.pdf 
28. Kahn R, Buse J, Ferrannini E, Stern M. The metabolic syndrome: time for a 
critical appraisal: joint statement from the American Diabetes Association and the 
European Association for the Study of Diabetes. Diabetes Care. 28, 2289-304. 
(2005) 
29. DeFronzo RA. Lilly lecture 1987. The triumvirate: beta-cell, muscle, liver. A 
collusion responsible for NIDDM. Diabetes. 37, 667-87. (1988) 
30. Bonora E. Protection of pancreatic beta-cells: is it feasible? Nutr Metab Cardio-
vasc Dis. 18, 74-83. (2008) 
31. Wiesenthal SR, Sandhu H, McCall RH, Tchipashvili V, Yoshii H, Polonsky K, 
et al. Free fatty acids impair hepatic insulin extraction in vivo. Diabetes. 48, 766-74. 
(1999) 
32. Effect of intensive blood-glucose control with metformin on complications in 
overweight patients with type 2 diabetes (UKPDS 34). UK Prospective Diabetes 
Study (UKPDS) Group. Lancet. 352, 854-65. (1998) 



 60 

33. U.K. prospective diabetes study 16. Overview of 6 years' therapy of type II dia-
betes: a progressive disease. U.K. Prospective Diabetes Study Group. Diabetes. 44, 
1249-58. (1995) 
34. Intensive blood-glucose control with sulphonylureas or insulin compared with 
conventional treatment and risk of complications in patients with type 2 diabetes 
(UKPDS 33). UK Prospective Diabetes Study (UKPDS) Group. Lancet. 352, 837-
53. (1998) 
35. Saenz A, Fernandez-Esteban I, Mataix A, Ausejo M, Roque M, Moher D. Met-
formin monotherapy for type 2 diabetes mellitus. Cochrane Database Syst Rev. 
CD002966. (2005) 
36. Krentz AJ, Bailey CJ. Oral antidiabetic agents: current role in type 2 diabetes 
mellitus. Drugs. 65, 385-411. (2005) 
37. Michalik L, Auwerx J, Berger JP, Chatterjee VK, Glass CK, Gonzalez FJ, et al. 
International Union of Pharmacology. LXI. Peroxisome proliferator-activated recep-
tors. Pharmacol Rev. 58, 726-41. (2006) 
38. Campbell IW. The Clinical Significance of PPAR Gamma Agonism. Curr Mol 
Med. 5, 349-63. (2005) 
39. Leiter LA. Beta-cell preservation: a potential role for thiazolidinediones to im-
prove clinical care in Type 2 diabetes. Diabet Med. 22, 963-72. (2005) 
40. Nissen SE, Wolski K. Effect of rosiglitazone on the risk of myocardial infarction 
and death from cardiovascular causes. N Engl J Med. 356, 2457-71. Epub 2007 May 
21. (2007) 
41. Lincoff AM, Wolski K, Nicholls SJ, Nissen SE. Pioglitazone and risk of cardio-
vascular events in patients with type 2 diabetes mellitus: a meta-analysis of random-
ized trials. JAMA. 298, 1180-8. (2007) 
42. Kamber N, Davis TM. Tesaglitazar. IDrugs. 8, 927-35. (2005) 
43. Ericsson H, Hamren B, Bergstrand S, Elebring M, Fryklund L, Heijer M, et al. 
Pharmacokinetics and metabolism of tesaglitazar, a novel dual-acting peroxisome 
proliferator-activated receptor alpha/gamma agonist, after a single oral and intrave-
nous dose in humans. Drug Metab Dispos. 32, 923-9. (2004) 
44. Hamrén B, Ericsson H, Öhman P, Anzalone D, Karlsson MO. A pooled popula-
tion pharmacokinetic analysis of tesaglitazar in patients with type 2 diabetes or with 
manifestations of insulin resistance. In: Abstracts of the Annual Meeting of the 
Population Approach Group in Europe. ISSN 1871-6032; 2005; Pamplona; 2005. 
45. Fagerberg B, Edwards S, Halmos T, Lopatynski J, Schuster H, Stender S, et al. 
Tesaglitazar, a novel dual peroxisome proliferator-activated receptor alpha/gamma 
agonist, dose-dependently improves the metabolic abnormalities associated with 
insulin resistance in a non-diabetic population. Diabetologia. 48, 1716-25. Epub 
2005 Jul 7. (2005) 
46. Goldstein BJ, Rosenstock J, Anzalone D, Tou C, Ohman KP. Effect of tesaglita-
zar, a dual PPAR alpha/gamma agonist, on glucose and lipid abnormalities in pa-
tients with type 2 diabetes: a 12-week dose-ranging trial. Curr Med Res Opin. 22, 
2575-90. (2006) 
47. Bays H, McElhattan J, Bryzinski BS. A double-blind, randomised trial of 
tesaglitazar versus pioglitazone in patients with type 2 diabetes mellitus. Diab Vasc 
Dis Res. 4, 181-93. (2007) 
48. Goke B, Gause-Nilsson I, Persson A. The effects of tesaglitazar as add-on treat-
ment to metformin in patients with poorly controlled type 2 diabetes. Diab Vasc Dis 
Res. 4, 204-13. (2007) 



 61

49. Ratner RE, Parikh S, Tou C. Efficacy, safety and tolerability of tesaglitazar 
when added to the therapeutic regimen of poorly controlled insulin-treated patients 
with type 2 diabetes. Diab Vasc Dis Res. 4, 214-21. (2007) 
50. Wilding JP, Gause-Nilsson I, Persson A. Tesaglitazar, as add-on therapy to sul-
phonylurea, dose-dependently improves glucose and lipid abnormalities in patients 
with type 2 diabetes. Diab Vasc Dis Res. 4, 194-203. (2007) 
51. Lebovitz HE. alpha-Glucosidase inhibitors. Endocrinol Metab Clin North Am. 
26, 539-51. (1997) 
52. Crepaldi G, Carruba M, Comaschi M, Del Prato S, Frajese G, Paolisso G. Dipep-
tidyl peptidase 4 (DPP-4) inhibitors and their role in Type 2 diabetes management. J 
Endocrinol Invest. 30, 610-4. (2007) 
53. Nelson SE, Palumbo PJ. Addition of insulin to oral therapy in patients with type 
2 diabetes. Am J Med Sci. 331, 257-63. (2006) 
54. Guntur VP, Dhand R. Inhaled insulin: extending the horizons of inhalation ther-
apy. Respir Care. 52, 911-22. (2007) 
55. Bergman RN, Ider YZ, Bowden CR, Cobelli C. Quantitative estimation of insu-
lin sensitivity. Am J Physiol. 236, E667-77. (1979) 
56. Silber HE, Jauslin PM, Frey N, Gieschke R, Simonsson US, Karlsson MO. An 
integrated model for glucose and insulin regulation in healthy volunteers and type 2 
diabetic patients following intravenous glucose provocations. J Clin Pharmacol. 47, 
1159-71. (2007) 
57. Jauslin PM, Silber HE, Frey N, Gieschke R, Simonsson US, Jorga K, et al. An 
integrated glucose-insulin model to describe oral glucose tolerance test data in type 
2 diabetics. J Clin Pharmacol. 47, 1244-55. (2007) 
58. Frey N, Laveille C, Paraire M, Francillard M, Holford NH, Jochemsen R. Popu-
lation PKPD modelling of the long-term hypoglycaemic effect of gliclazide given as 
a once-a-day modified release (MR) formulation. Br J Clin Pharmacol. 55, 147-57. 
(2003) 
59. de Winter WD, Dejongh J, Post T, Ploeger B, Urquhart R, Moules I, et al. A 
Mechanism-based Disease Progression Model for Comparison of Long-term Effects 
of Pioglitazone, Metformin and Gliclazide on Disease Processes Underlying Type 2 
Diabetes Mellitus. J Pharmacokinet Pharmacodyn. 33, 313-43 (2006) 
60. Topp B, Promislow K, deVries G, Miura RM, Finegood DT. A model of beta-
cell mass, insulin, and glucose kinetics: pathways to diabetes. J Theor Biol. 206, 
605-19 (2000) 
61. Cockcroft DW, Gault MH. Prediction of creatinine clearance from serum 
creatinine. Nephron. 16, 31-41. (1976) 
62. James WPT. Research on obesity. Her Majesty´s Stationery Office, London. 
(1976) 
63. Svennberg H, Bergh S, Stenhoff H. Factorial design for the development of 
automated solid-phase extraction in the 96-well format for determination of tesagli-
tazar, in plasma, by liquid chromatography-mass spectrometry. J Chromatogr B 
Analyt Technol Biomed Life Sci. 787, 231-41. (2003) 
64. Beal SL, Sheiner LB, Boeckmann AJ. NONMEM user´s guides. (Eds.) Icon 
Development Solutions, Ellicott City, MD. In; 1989-2006. 
65. Davidian D, Giltinan D. Nonlinear models for repeated measurements data. 
London: Chapman & Hall; 1995. 
66. Sheiner LB. The population approach to pharmacokinetic data analysis: rationale 
and standard data analysis methods. Drug Metab Rev. 15, 153-71. (1984) 



 62 

67. Jonsson EN, Karlsson MO. Xpose--an S-PLUS based population pharmacoki-
netic/pharmacodynamic model building aid for NONMEM. Comput Methods Pro-
grams Biomed. 58, 51-64. (1999) 
68. Wahlby U, Jonsson EN, Karlsson MO. Assessment of actual significance levels 
for covariate effects in NONMEM. J Pharmacokinet Pharmacodyn. 28, 231-52. 
(2001) 
69. Gelman A, Carlin BJ, Stern HS, Rubin DB. Bayesian data analysis. London: 
Chapman & Hall; 1995. 
70. Haffner SM, Stern MP, Watanabe RM, Bergman RN. Relationship of insulin 
clearance and secretion to insulin sensitivity in non-diabetic Mexican Americans. 
Eur J Clin Invest. 22, 147-53. (1992) 
71. Tiikkainen M, Hakkinen AM, Korsheninnikova E, Nyman T, Makimattila S, 
Yki-Jarvinen H. Effects of rosiglitazone and metformin on liver fat content, hepatic 
insulin resistance, insulin clearance, and gene expression in adipose tissue in patients 
with type 2 diabetes. Diabetes. 53, 2169-76. (2004) 
72. Bonora E, Calcaterra F, Lombardi S, Bonfante N, Formentini G, Bonadonna RC, 
et al. Plasma glucose levels throughout the day and HbA(1c) interrelationships in 
type 2 diabetes: implications for treatment and monitoring of metabolic control. 
Diabetes Care. 24, 2023-9. (2001) 
73. Bunn HF, Gabbay KH, Gallop PM. The glycosylation of hemoglobin: relevance 
to diabetes mellitus. Science. 200, 21-7. (1978) 
74. Nakashima K, Nishizaki O, Andoh Y, Takei H, Itai A, Yoshida Y. Glycated 
hemoglobin in fractionated erythrocytes. Clin Chem. 35, 958-62. (1989) 
75. Dahl, Hackett A, Ljung B, Skånberg I, Spencer-Briggs D. Plasma and total red 
blood cell volumes in drugs treated orally with tesaglitazar for 14 days. In: 3rd In-
ternational Symposium on PPARS, Efficacy and Safety; 2005; Monte Carlo 
(Monaco); 2005. 
76. Guan Y, Hao C, Cha DR, Rao R, Lu W, Kohan DE, et al. Thiazolidinediones 
expand body fluid volume through PPARgamma stimulation of ENaC-mediated 
renal salt absorption. Nat Med. 11, 861-6. Epub 2005 Jul 10. (2005) 
77. Rohlfing CL, Wiedmeyer HM, Little RR, England JD, Tennill A, Goldstein DE. 
Defining the relationship between plasma glucose and HbA(1c): analysis of glucose 
profiles and HbA(1c) in the Diabetes Control and Complications Trial. Diabetes 
Care. 25, 275-8. (2002) 
78. Bouma M, Dekker JH, de Sonnaville JJ, van der Does FE, de Vries H, Kriegs-
man DM, et al. How valid is fasting plasma glucose as a parameter of glycemic 
control in non-insulin-using patients with type 2 diabetes? Diabetes Care. 22, 904-7. 
(1999) 
79. Svendsen PA, Lauritzen T, Soegaard U, Nerup J. Glycosylated haemoglobin and 
steady-state mean blood glucose concentration in Type 1 (insulin-dependent) diabe-
tes. Diabetologia. 23, 403-5. (1982) 
80. Avignon A, Radauceanu A, Monnier L. Nonfasting plasma glucose is a better 
marker of diabetic control than fasting plasma glucose in type 2 diabetes. Diabetes 
Care. 20, 1822-6. (1997) 
81. Davis WK, Hess GE, Hiss RG. Psychosocial correlates of survival in diabetes. 
Diabetes Care. 11, 538-45 (1988) 
82. Ilett KF, Tee LB, Reeves PT, Minchin RF. Metabolism of drugs and other xeno-
biotics in the gut lumen and wall. Pharmacol Ther. 46, 67-93. (1990) 



 63

83. Gugler R, Kurten JW, Jensen CJ, Klehr U, Hartlapp J. Clofibrate disposition in 
renal failure and acute and chronic liver disease. Eur J Clin Pharmacol. 15, 341-7. 
(1979) 
84. Verbeeck RK, Branch RA, Wilkinson GR. Drug metabolites in renal failure: 
pharmacokinetic and clinical implications. Clin Pharmacokinet. 6, 329-45. (1981) 
85. Meffin PJ, Zilm DM, Veenendaal JR. Reduced clofibric acid clearance in renal 
dysfunction is due to a futile cycle. J Pharmacol Exp Ther. 227, 732-8. (1983) 
86. Spahn-Langguth H, Benet LZ. Acyl glucuronides revisited: is the glucuronida-
tion process a toxification as well as a detoxification mechanism? Drug Metab Rev. 
24, 5-47. (1992) 
87. Tsimihodimos V, Miltiadous G, Bairaktari E, Elisaf M. Possible mechanisms of 
the fibrate-induced increase in serum creatinine. Clin Nephrol. 57, 407-8. (2002) 
88. Chen YJ, Quilley J. Fenofibrate treatment of diabetic rats reduces nitrosative 
stress, renal COX-2 expression and enhanced renal prostaglandin release. J Pharma-
col Exp Ther. (2007) 
89. Efrati S, Berman S, Ilgiyeav E, Averbukh Z, Weissgarten J. PPAR-gamma acti-
vation inhibits angiotensin II synthesis, apoptosis, and proliferation of mesangial 
cells from spontaneously hypertensive rats. Nephron Exp Nephrol. 106, e107-12. 
Epub 2007 Jun 29. (2007) 
90. Newaz M, Yousefipour Z, Oyekan A. Role of PPAR-gamma on the pathogenesis 
and vascular changes in glycerol-induced acute renal failure. Pharmacol Res. 54, 
234-40. Epub 2006 May 24. (2006) 
91. Uehlinger DE, Gotch FA, Sheiner LB. A pharmacodynamic model of erythro-
poietin therapy for uremic anemia. Clin Pharmacol Ther. 51, 76-89. (1992) 
92. Hoffman. Hematology: Basic Principles and Practice. Philadelphia: Elsevier, 
Churchill, Livingstone; 2005. 
93. Berria R, Glass L, Mahankali A, Miyazaki Y, Monroy A, De Filippis E, et al. 
Reduction in Hematocrit and Hemoglobin Following Pioglitazone Treatment is not 
Hemodilutional in Type II Diabetes Mellitus. Clin Pharmacol Ther. 14, 14 (2007) 
94. Owens DR. Thiazolidinediones. A pharmacological overview. Clinical Drug 
Investigation. 22, 485-505 (2002) 
95. Ferre P. The biology of peroxisome proliferator-activated receptors: relationship 
with lipid metabolism and insulin sensitivity. Diabetes. 53, S43-50. (2004) 
96. Staels B, Dallongeville J, Auwerx J, Schoonjans K, Leitersdorf E, Fruchart JC. 
Mechanism of action of fibrates on lipid and lipoprotein metabolism. Circulation. 
98, 2088-93. (1998) 
97. Butler AE, Janson J, Bonner-Weir S, Ritzel R, Rizza RA, Butler PC. Beta-cell 
deficit and increased beta-cell apoptosis in humans with type 2 diabetes. Diabetes. 
52, 102-10. (2003) 
98. Clark A, Wells CA, Buley ID, Cruickshank JK, Vanhegan RI, Matthews DR, et 
al. Islet amyloid, increased A-cells, reduced B-cells and exocrine fibrosis: quantita-
tive changes in the pancreas in type 2 diabetes. Diabetes Res. 9, 151-9. (1988) 
99. Kloppel G, Lohr M, Habich K, Oberholzer M, Heitz PU. Islet pathology and the 
pathogenesis of type 1 and type 2 diabetes mellitus revisited. Surv Synth Pathol Res. 
4, 110-25. (1985) 
100. Osei K, Gaillard T, Schuster D. Thiazolidinediones increase hepatic insulin 
extraction in African Americans with impaired glucose tolerance and type 2 diabetes 
mellitus. A pilot study of rosiglitazone. Metabolism. 56, 24-9. (2007) 
 



Acta Universitatis Upsaliensis
Digital Comprehensive Summaries of Uppsala Dissertations
from the Faculty of Pharmacy 71

Editor: The Dean of the Faculty of Pharmacy

A doctoral dissertation from the Faculty of Pharmacy, Uppsala
University, is usually a summary of a number of papers. A few
copies of the complete dissertation are kept at major Swedish
research libraries, while the summary alone is distributed
internationally through the series Digital Comprehensive
Summaries of Uppsala Dissertations from the Faculty of
Pharmacy. (Prior to January, 2005, the series was published
under the title “Comprehensive Summaries of Uppsala
Dissertations from the Faculty of Pharmacy”.)

Distribution: publications.uu.se
urn:nbn:se:uu:diva-8648

ACTA

UNIVERSITATIS

UPSALIENSIS

UPPSALA

2008


	Abstract
	Papers discussed
	Contents
	Abbreviations
	1 Introduction
	1.1 PK-PD modelling
	1.2 Type 2 Diabetes Mellitus
	1.2.1 Biomarkers in Type 2 Diabetes Mellitus
	1.2.2 Treatment of Type 2 Diabetes Mellitus

	1.3 PK-PD modelling in Type 2 Diabetes Mellitus

	2 Aim
	3 Methods
	3.1 Clinical studies
	3.1.1 Study to investigate the impact of renal function on tesaglitazar PK (Paper I)
	3.1.2 Study to investigate the impact of tesaglitazar on renal function (Paper II)
	3.1.3 Patient studies with tesaglitazar (Paper III and IV)

	3.2 Measurements and variables (biomarkers)
	3.2.1 Blood sampling schedules
	3.2.2 Bioanalysis

	3.3 Data analysis
	3.3.1 Non-linear mixed effects modelling
	3.3.2 Model assessment
	3.3.3 Software
	3.3.4 Pharmacokinetic models
	3.3.5 PK-PD models
	GFR PK


	4 Results
	4.1 Pharmacokinetic results
	4.1.1 Interconversion of tesaglitazar (Paper I)
	4.1.2 Pharmacokinetics of tesaglitazar (Paper II-IV)

	4.2 Pharmacodynamic results
	4.2.1 Interrelationship between tesaglitazar exposure and renal function (Paper II)
	4.2.2 FPG-Hb-HbA1c model (Paper III-IV)
	4.2.3 FPG-FI model (Paper IV)


	5 Discussion
	5.1 Interconversion of tesaglitazar (Paper I)
	5.2 Interrelationship between tesaglitazar exposure and renal function (Paper II)
	5.3 FPG-Hb-HbA1c model (Paper III-IV)
	5.4 FPG-FI model (Paper IV)

	6 Conclusions
	7 Populärvetenskaplig sammanfattning
	8 Acknowledgements
	9 References
	Acta Universitatis Upsaliensis

