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Pharmacometric models are increasingly used to improve the efficiency of the drug development
process and increase our understanding of the studied underlying pathophysiological system.
These models require assumptions for handling different types of data and the different model
components, and the appropriateness of such assumptions must be carefully inspected for
unbiased conclusions. The aim of this thesis was to develop new models, that by acknowledging
the complexity of the data captures more information, and novel methodologies for model
evaluation, as well as applying models to improve study designs, with practical illustrations
in the therapeutic area of diabetes. Two new models were developed. An integrated minimal
model was developed to enable clinical trial simulations in presence of endogenous insulin
secretion while deriving the important physiological indices for clinical diagnosis. A multistate model was developed for improved handling of survival data in presence of competing
risks and interval-censored data. New methodologies for model evaluations were developed
that include residual modeling and linearization for assessing possible improvements of the
structural and statistical model components as well as using simulations to assess the captured
information from the data between structurally different models. A mapping approach for
parameters carrying similar information between different models was developed, allowing the
derivation of physiological indices from the integrated glucose insulin model. Models were also
successfully applied with the purpose of improving study designs, either based on anticipated
drug effect or for assessment of physiological indices. In conclusion, new more informative
models were developed by acknowledging the complexity of the data, novel methods were
proposed and applied for model development/evaluation process, and models were used to
improve study designs for clinical trials and clinical diagnosis.
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Introduction

Pharmacometrics
Pharmacometrics is the science of developing mathematical models based on
pharmacology, physiology and disease to describe and quantify with confidence the interactions between xenobiotic and biological systems.1,2 Pharmacometric analysis is done by nonlinear mixed effects (NLME) modeling, commonly known as the population approach. In contrast to naive pooling approach which ignored individual differences, and two stage approach which
did not distinguish inter-individual variability from residual variability, the
population approach allowed pooling of sparse data from many subjects while
quantifying different levels of random variability. Pharmacometric models are
advocated for various applications through drug development process, e.g. reducing sample size, calculating study power, exploring disease progression,
confirming drug effects, selecting doses, optimizing study design, and supporting final/interim analysis decisions.3,4

Nonlinear mixed effects
Mixed effects refer to the inclusion of both population parameters as fixed
effects, and the variability within this population as random effects. The variability is commonly used to account for inter-individual variability (IIV), inter-occasion variability (IOV) and random residual unexplained variability
(RUV). For continuous outcome, let be the vector of observations for individual , is the vector of the observations’ times for individual , is the
vector of individual parameters, is the vector of the observations’ residual
errors for individual , Ɵ is the vector of population parameters, is the vector
of individual covariates, is the vector of individual design components
as dose, and is the vector of unexplained deviation of individual parameters
from the population parameters Ɵ. Then the mixed effects model describing
the observations is formulated as (Eq.1), where is the vector of individual
predictions from the model, g is a function of population parameters adjusted
for individual differences and is the RUV model to be function of and .
g can be nonlinear function in the way is introduced into the model. The
model can be extended further for multivariate outcomes, time varying covariates, or more complex description of . Both random effects and are assumed to follow normal distribution with mean 0 and covariance matrix Ω and
9

Σ respectively. Furthermore, Ɵ, Ω and Σ are the unknown parameters (Θ) to be
estimated by “maximum likelihood”.
,

1
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For highly nonlinear models, extending a base model to include covariates or
test different models for random effects can be computational and time intensive. NLME models can be linearized based on 1st order Taylor expansion
0 and the conditional estimates ̂ as (Eq.2), where ∗ is the linaround
earized model, ∗ is the approximated individual predictions and ∗ is the
approximated individual residual errors. When successfully implemented, linearization substantially reduced runtimes compared to NLME models, and accurately identified significant covariates and random effects.5,6 Noting that the
only unknown parameters in ∗ are and , as the population parameters Ɵ
are fixed to their estimates from the NLME model fit.
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Maximum likelihood estimation
|Ɵ, Ω is the normally distributed
For continuous outcome, let density
probability that particular occur for individual , given the mean population
parameters Ɵ and its inter-individual variance covariance Ω, then the distribution of
is centered around zero and can be described as (Eq.3). While
| , Σ is the normally distributed conditional density of individual data
given , described in (Eq.4) where matrix Σ describes uncertainty of the
data. The best estimates of population parameters Ɵ, Ω and Σ are determined
by integrating the joint probability of and for an individual over all possible values of rather than at just one-point estimate. Subsequently, the mar|Ɵ, Ω, , or the marginal likelihood of model paramginal density of ,
Ɵ, Ω, |
is derived as (Eq.5) and the negative logarithm of
eters for ,
the marginal likelihood 2
is individual objective function (Eq.6). As
there is no analytical solution for 2 , numerical approximations were
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needed, these approximations are generally classified into expectation maximization algorithms and gradient based algorithms. Expectation maximization
algorithms separate the process of integration from maximization as importance sampling and iterative two stage methods. Gradient based algorithms
by 2nd order Taylor expansion as (Eq.7) where ∆ and Γ
approximate 2
| ,Σ
are the individual hessian matrix and gradient vector of 2 log
evaluated at , respectively. With mutual independence, the total objective
function for individuals 2 is ∑
2 . The posterior distribution of
is derived by (Eq.8). If conditional estimates ̂ are used to evaluate 2 ,
the method is called laplacian estimation method (LAPLACE). If conditional
estimates ̂ are used to evaluate 2
and ∆ is approximated by first order
approximation so 2nd derivatives have been dropped, then the method is called
first order conditional estimation method (FOCE). If =0 with first order approximation, the method is called the first order estimation method (FO).7
Minimization of 2 leads to maximum likelihood estimates, which are
used to estimate both ̂ and the hessian matrix of 2 (the 2nd partial derivatives of 2 with respect to Θ), and the latter is used to calculate parameters’ asymptotic standard errors under these distribution assumptions.
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With FOCE method, 2
can be rewritten as (Eq.9) where
is the
is
expectation of the marginal density of the data given the model,
the covariance of the marginal density of the data given the model, and conditional weighted residuals (CWRES), one of the most commonly used model
based diagnostics, can be derived as the weighted deviations from the marginal distribution mean.8
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Modeling assumptions and evaluations
Structural models
Nonlinear mixed effects modeling requires many assumptions for handling
different types of data, and the different model components: structural, covariate and stochastic models. The appropriateness of these assumptions is critical
to draw correct conclusions and must be carefully inspected for any important
violations. Various numerical and visual tools had been developed to inspect
the adequacy of the structural assumptions of NLME models describing continuous outcome.9 Numerical tools pack all the information of model misspecification in a single statistic, e.g. the likelihood ratio test (LRT) which is the
ratio between the likelihoods of two nested models. Given the null hypothesis
at degree of freedom
is true, LRT follows a chi-squared distribution .
equals to the difference in number of parameters between the two nested
models. On the contrary, graphical tools provide more insights into where the
structural misspecification had occurred, e.g. visual predictive checks (VPCs).
VPCs are performed by simulating from the NLME model and comparing the
median, 5th and 95th percentiles of the observed data with the 95% confidence
interval of the same percentiles of the simulated data.
Residual error models
Maximum likelihood assumptions regarding the residual errors are being
independent and identically normally distributed with mean 0 and variance Σ
with correctly defined scedasticity. As the RUV model accounts for all remaining variability after defining the structural model and other random effects as IIV & IOV, it incorporates variability from different sources as intraindividual variability, assay errors, uncertain dosing records or sampling
12

times, and model misspecification; making it difficult to fulfil maximum likelihood assumptions. Violating normality assumption will impact parameters’
estimates and uncertainties. Maximum likelihood estimation will shift parameters’ estimates to maintain the small errors assumption, and asymptotic standard errors will be incorrect, if residuals were still symmetric then the sandwich
matrix can be used to estimate standard errors, if residuals were also skewed
then all estimated confidence intervals are unaccepTable.10 Simulations from
such model will include fewer extreme values than real-life data. On the other
hand, if residuals scedasticity was misspecified, it had been shown that maximum likelihood estimation of model parameters with misspecified RUV
model results in biased estimates,11 conclusions regarding covariate inclusion
or parameter uncertainty may not be correct,12,13 and simulations are defined
by the misspecified RUV model. Several extended RUV models had been developed to address different relations between residuals and model prediction
as well as different residual distributions other than normal. However, these
extended RUV models are not routinely checked during model development,
and they are mostly implemented based on subjective decision (e.g. log transformation of both sides), implementation facility (e.g. numerical instability of
parameter estimation) or expected features (e.g. correlation between the drug
and its metabolites). The recommended diagnostic tools for assessing RUV
models are limited to plots of residuals versus time/model prediction that provide guidance only for selection among additive, proportional, and combined
RUV models.14,15
Survival models
Data from clinical trials deigned to evaluate disease free survival cannot have
normal distribution. The outcome ( ) in these studies is either the survival
time ( ) which is the time from the beginning of the study until the occurrence
of the event of interest, or the censoring time ( ).
min

,

Analysis of this data to estimate the marginal survival function (
), is
known as survival analysis or time to event analysis.
can be obtained by
non-parametric Kaplan-Meier (product limit) estimator, semi-parametric cox
model or parametric model assuming specific hazard distribution. Continuous
covariates cannot be incorporated in Kaplan-Meier estimator, but categorical
predictors can be used for the stratification of Kaplan-Meier estimator. Let
is the number of individuals with event of interest at time , is the risk set
or number of individuals known to survive just prior time and
is the
⁄ , then with
,
hazard or event rate among subjects with
Kaplan-Meier estimator, cox model or parametric hazard distribution,
is
given as (Eq.10).
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Survival analysis by NLME models aims to link drug doses and treatment effects or individual covariates (function of random effects) to the change in the
hazard of interesting event.16 There are two main assumptions for unbiased
estimation of
: is a sample of the population at risk at for all , and
is exactly known. The first assumption implies that censoring is independent
of the event of interest, and the risk of patients with censored survival times
do not differ from that of patients still in . Independent censoring can be
assumed when patients withdraw from the study or move to another country
given that there is no systematic trend in the clinical status of censored/remaining patients.
If censoring was dependent, e.g. the death of a subject reflects a greater risk
of disease relapse than other alive subject, then knowing when this subject
would have relapsed is impossible, and
is inestimable from the data.17
The simple use of standard survival models in such case would result in profoundly biased estimates.18 This situation is inherent to clinical studies when
mutually exclusive types of failure are present, known as ‘competing risks’,
e.g. after stem cell transplantation, patients are followed till disease relapse,
death from causes related to the transplant is a competing risk event.19 In such
case, cause-specific analysis should be used instead of the misspecified standard survival analysis.20,21 First, a cause-specific hazard ( ) for the th failure
is the instantaneous risk of the th cause of failure
type is estimated,
given that the patient survived all other events until (Eq.11). The overall
sum of cause specific hazards can be used to calculate
, then the causespecific hazards and
are used to estimate the cumulative incidence func, which calculates the proportion of patients
tion for the th failure type (
who have failure from a certain cause accounting for the fact that patients can
fail from other causes (Eq.14). As
calculates real world probabilities,
where a patient is not only at risk of failure from the studied disease but also
from any other cause of failure, it is used to inform clinical decisions, in contrast to the cause-specific survival function (
) that describe a hypothetical world where patients can fail only from the th cause of failure (Eq.12),
and so it is difficult to interpret or use in the real world where other causes of
failure are more abundant. With cause-specific analysis, indeed is a sample
of the population at risk at for all , assuming that is exactly known.
lim

∆ →
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However, for longitudinal studies of chronic diseases, the clinical status of
subjects is only observed at finite dates of medical visits, resulting in interval
censored data, also there is uncertainty on whether the patients experienced
which of the competing events between the last event-free visit and the diagnostic visit. When cause-specific analysis was applied to competing risks interval censored data, disease incidence was underestimated, and a superior aphas been recommended, known as multi-state
proach for estimating
model or illness-death model.22,23

Applications
Glucose-insulin regulation
The process of maintaining blood sugar levels within a narrow range is a complex regulation and involve many hormones and control mechanisms. Describing these controls of glucose levels was the main aim for pharmacometric
models in diabetes, the main components of these models were glucose and
insulin, while other hormones as glucagon were not usually incorporated as
the understanding of their effect mechanistically is not full yet. The main hormones of glucose homeostasis are produced and released from the islets of
Langerhans in the pancreas, where the alpha cells produce glucagon, beta cells
produce insulin and amylin and delta cells produce somatostatin. Insulin is the
main anabolic glucoregulatory hormone, it stimulates hepatic glycogenesis
and glucose uptake by muscles and adipose tissues through GLUT4 transporters, inhibits hepatic glucose production and glucagon secretion, and increases
its own release by stimulation of beta cells. Noting that GLUT4 transporters
are the only insulin sensitive transporters among the well characterized glucose transporters, as glucose uptake to red blood cells and central nervous system through GLUT1 and GLUT3 transporters is constant and independent of
either glucose or insulin levels, and glucose uptake through GLUT2 transporters is proportional to blood glucose levels. Incretins are another important glu-
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coregulatory hormones that are secreted from the gut wall with indirect anabolic effect through stimulating insulin secretion and inhibiting glucagon release.
Glucose provocation experiments are the standard approach to study glucose-insulin regulation. On glucose administration in healthy individuals, elevated plasma glucose levels enhance glucose uptake by insulin-independent
tissues, inhibit hepatic glucose production and stimulate insulin secretion. Insulin secretion is a biphasic process where 1st phase insulin secretion is only
present with intravenous glucose administration and is followed by 2nd phase
insulin secretion which can be further enhanced by incretins effect if glucose
administration was oral. The elevated insulin concentrations will stimulate
glucose uptake by insulin-dependent tissues and further inhibit hepatic glucose production, the magnitude of insulin effects is a function of insulin sensitivity (SI).24 These control actions shown in Figure 1, will effectively bring
glucose levels back to basal levels. Different variants of glucose provocations
are available,25 the most commonly used in drug development are meal tolerance test, glucose tolerance test, and graded glucose infusion. These experiments, based on their relative designs, extract different information upon
which the probability of detecting drug effect might be highly dependent, and
so it is possible to increase the information content or reduce the complexity
of these experiments with proper selection of design variables.
Diabetes Mellitus
Failure of beta cells to secrete enough insulin or decreased body tissues’ sensitivity to insulin leads to diabetes mellitus, a disease known as ‘starvation in
the midst of plenty’ as glucose is all around, but tissues are not using it. Diabetes mellitus comes in different forms. Gestational diabetes mellitus is usually a resolved condition in which women without previously diagnosed diabetes exhibit high blood glucose levels during pregnancy. Type I or juvenile
onset diabetes mellitus develops as a consequence of severe or absolute lack
of insulin due to autoimmune destruction of pancreatic beta cells (insulitis).26
Type II or adult onset diabetes mellitus (T2DM) starts with reduced body tissues’ insulin sensitivity, this stimulates higher insulin secretion rates to maintain normal blood glucose levels, and eventually development of insulin resistance combined with depletion of beta cells function leading to sustained
hyperglycemia, this is the stage where the disease is usually diagnosed.27 The
chronic complications of diabetes account for the significant morbidity and
mortality of the disease. Microvascular complications as retinopathy and neuropathy are the main causes of decreased quality of life and disability, while
macrovascular complications as coronary heart disease (CHD) and stroke are
the main causes of death.
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Figure 1. Glucose-insulin regulation system. Adapted from Cobelli et al. Dia-

betes: Models, Signals and Control.

Diabetes has been designated as CHD-equivalent because of the high risk
of myocardial infarction in patients with diabetes, they should be treated aggressively for secondary prevention of CHD.28 However, early initiation of
treatment rather than aggressive treatment goals had been shown beneficial to
prevent all these complications. Early diagnosis can be accomplished through
monitoring blood sugar, and diabetes metabolic indices. The most commonly
used metabolic indices are SI, glucose effectiveness (SG), beta cell function
and glycated hemoglobin (HbA1C). In 2015, diabetes caused 1.5 million deaths
and was diagnosed in 415 million people worldwide.29 With such frightening
statistics, diabetes is studied extensively in all related disciplines, and pharmacometrics is no exception.

Glucose homeostasis models
The first mathematical model to describe glucose-insulin system following
intravenous glucose tolerance test (IVGTT), was glucose minimal model,
from which it was possible to drive metabolic indices that infer the pathophysiological state of the system.30 Since then, glucose minimal model went
through many developments driven by its validation versus clinical studies.
later, glucose minimal model was adapted to NLME modeling.31 However, its
conditional nature limited its utilization in drug development. In 2000, de
Gaetano et al. proposed the first integrated model to describe both glucose and
insulin simultaneously,32 and based on this model, the integrated glucose in-
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sulin (IGI) model was developed with a semi-mechanistic approach using labelled IVGTT.33 The IGI model is divided into glucose sub-model and insulin
sub-model with the interconnecting control mechanisms as shown in Figure
2. Glucose sub-model is a two-compartment model with elimination from the
central compartment only, this elimination is divided into insulin-dependent
and insulin-independent clearance, glucose sub-model has two effect compartments to describe glucose’s control on hepatic glucose production and 2nd
phase insulin secretion. Insulin sub-model is a one compartment disposition
model with one effect compartment to describe insulin’s control on glucose
clearance. When glucose bolus dose is administrated, insulin 1st phase amount
immediately enters insulin 1st phase compartment to be released into insulin
central compartment. The IGI model has been successfully applied for exploring drug effects,34 disease progression,35 and optimizing IVGTT design.36
Afterward, another promising integrated model37 was developed based on
glucose minimal model38 and insulin minimal model39 for healthy subjects following IVGTT. The integrated minimal model (IMM) shown in Figure 3, was
proposed to explore disease progression and drug effects with full simulation
capabilities in addition to driving the metabolic indices SI and SG of the traditional minimal models. The glucose sub-model is a two-compartment model
with central elimination divided into hepatic glucose uptake and peripheral
glucose uptake. Since the model was developed with unlabeled data, it was
not possible to separate hepatic glucose production from hepatic glucose uptake, and both were lumped together as a net hepatic glucose balance (NHGB).
Insulin sub-model is a two-compartment model with linear elimination from
central compartment only. When insulin concentrations increase after system
perturbation, insulin moves to a remote compartment representing the pool of
insulin receptors, where insulin produces its effects on glucose kinetics.
Transit compartment are used to describe glucose absorption as well as insulin
1st phase secretion, and insulin 2nd phase secretion is a function of glucose
concentrations in the central compartment. For a priori identifiability of model
parameters, some parameters were lumped together as:
2

1
3

∙

SI

4

3
2

Where k (min-1) and k (L. pmol -1.min-1) are rate parameters that describe
peripheral uptake as a function of glucose amount in central compartment and
insulin concentration in remote compartment respectively. k (min-1) and k
(min-1) are rate parameters for insulin effect, k (min-1) is a rate parameter that
describes hepatic glucose uptake as well as the inhibitory effect of glucose on
hepatic glucose production, k (L.pmol -1.min-1) is a rate parameter that describes the effect of insulin concentration in remote compartment on glucose
18

to enhance hepatic glucose uptake, as well as the inhibitory effect of insulin
on hepatic glucose production. Regarding physiological indices, glucose effectiveness SG (dL.min-1) is derived as 1 ∙ VOL, while insulin sensitivity SI
(L.pmol-1.dL.min-1) is derived as SI ∙ VOL.

Optimal design
As already mentioned, that proper selection of study design variables (X) will
maximize its information content. According to Cramer-Rao bound,40,41 the
lower bound of the uncertainty for unbiased estimator is the inverse of fisher
information matrix (FIM) which is the negative of the hessian matrix of 2 .
FIM Θ, X

COV Θ, X

A convenient property of FIM is that for a group of individuals, the population FIM is the sum of the individual FIMs, assuming they are independent of
each other. On minimizing the inverse of FIM or maximizing FIM, the variances will have the lowest possible value, with subsequent reduction in the
number of samples needed to reach the expectation value of the estimated parameters. To optimize for future experiments when data is not available yet,
FIM is calculated based on the expected data for each subject. Several methods are available to maximize FIM, the most commonly used is D-optimality
by maximizing the determinant of FIM and assuming the parameters’ point
estimates are true. If certain parameters are considered more interesting than
others, DS-optimality is used to focus the optimization on the interesting subset of parameters.42 Model parameters vector Θ is partitioned into uninteresting parameters Θ and interesting parameters Θ , and FIM is also partitioned:
FIM Θ, X

FIM
FIM

Θ, X
Θ, X

FIM
FIM

Θ, X
Θ, X

Then DS-optimality criteria for estimating Θ and its objective function value
(OFV) for a given design are derived as (Eq.15). Efficiency is calculated to
compare the improvement between competing deigns of a given reference design (Eq.15), where
is the number of interesting parameters. Hence the
total OFV is the sum of individual OFVs, the efficiency measures the proportion of individuals needed in the reference design to achieve the same parameter certainty as in the optimized design.
D

arg max

|FIM Θ, X |
|FIM Θ, X |
OFV
OFV

OFV

|FIM Θ, X |
|FIM Θ, X |
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Figure 2. Schematic presentation of the integrated glucose insulin model during
IVGTT in healthy subjects. G and G , central and peripheral compartments of glucose; G and G , effect compartments of glucose on endogenous glucose production and 2nd phase insulin secretion respectively; I, central compartment of insulin;
I , effect compartment of insulin on glucose; I , insulin 1st phase compartment;
k , k , k and k , first order rate parameters ; CL , CL and CL , insulin-independent glucose clearance, insulin-dependent glucose clearance and insulin clearance respectively.

Figure 3. Schematic presentation of the integrated minimal model during IVGTT in
healthy subjects. G and G , central and peripheral compartments of glucose; I and
I , central and peripheral compartments of insulin; ́ insulin concentrations in the remote compartment; Rdp, rate of glucose disappearance by peripheral tissue uptake;
x0, 1st phase insulin concentrations; Y, 2nd phase insulin secretion; NHGB net hepatic glucose balance; k and k , glucose model parameters; k , k , k and k parameters of insulin action; k , insulin elimination rate constant.
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Aims

The general aim of this thesis was to develop new models, that by acknowledging the complexity of the data captures more information, and novel methodologies for model evaluation, and apply models to improve study designs,
with practical illustrations in the therapeutic area of diabetes
The specific aims were to:
 Develop a new approach that can assess the translation of information between NLME models developed for same biological system, applied to
the IGI model and the IMM.
 Map parameters of clinical interest in the IMM with their corresponding
parameters in the IGI model.
 Characterize the description of hepatic glucose production in the IMM and
its impact on the clinical diagnosis indices.
 Develop an improved version of the IMM, with a more appropriate description of hepatic glucose production.
 Develop a new diagnostic tool based on residual analysis that assess quantitatively RUV model misspecification, suggesting improvements.
 Develop a new method based on CWRES modeling to assess quantitatively structural model misspecifications.
 Investigate the possible advantages of using linearization to predict variability attribution on inclusion of a new RUV extension, for automated
model building.
 Develop a multi-state model for competing risk analysis allowing the use
NLME derived predictors.
 Investigate the most appropriate design in phase I studies for several hypothetical antihyperglycemic drug effects, using model-based simulation
and estimation.
 Propose an improved study design of IVGTT in patients with T2DM patients, using the improved IMM with DS-optimality criteria for the clinical
diagnosis indices by simultaneous optimization of all design variables,
such as doses and times of the glucose and insulin administrations as well
as sampling times.
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Methods

Clinical data
The data was collected from four previously published studies. The first study
was a stable isotopically labeled IVGTT performed in 14 healthy subjects. The
administrated intravenous bolus dose of glucose was 0.33 g/kg of which 10%
was hot glucose. Blood sampling were at 0, 2, 3, 4, 5, 6, 8, 10, 12, 15, 18, 20,
22, 24, 26, 28, 30, 35, 40, 45, 50, 55, 60, 70, 80, 100,120,140,160,180, 210
and 240 min.43 The second study was an insulin-modified stable isotopically
labeled IVGTT performed in 10 healthy subjects. The administrated intravenous bolus dose of glucose and the sampling schedule were the same as the
first study. 20 min post glucose-dose, 0.03 U/kg of insulin was infused for 5
min.44 The third study included blood samples from 42 patients with T2DM
who underwent an insulin-modified stable isotopically labeled IVGTT. The
sampling schedule was like the previous studies. The administrated bolus dose
of glucose was 0.3 g/kg of which 13% was hot glucose, and 20 min post glucose-dose, 0.05 U/kg of insulin was infused for 5 min.36 The fourth study is
the Finnish diabetes prevention study (FDPS),45-48 this was a randomized controlled study in Finland between 1993-2000, the main aim of the study was to
investigate the possibility of preventing subjects with impaired glucose tolerance from developing T2DM by changes in their lifestyle. Subjects were assigned to two treatment groups: control group and intervention group. Control
group received a general advice about the importance of diet and exercise
while the intervention group received a more detailed individually designed
plans to achieve the treatment goals. Oral glucose tolerance test (OGTT) for
all subjects was performed yearly, and subjects with 2 hr post OGTT reading
of more than 200 mg/dL were diagnosed with T2DM and excluded from the
study.49 HbA1c, body mass index (BMI), blood lipoproteins and triglycerides
were among other covariates measured in the yearly visits. From the yearly
OGTT, insulin sensitivity could be measured by nine surrogate methods: Homeostasis model assessment (HOMA), Quantitative insulin sensitivity check
index (QUICKI), Avignon, Belfiore, Cederholm, Gutt, Matsuda, McAuley,
and Stumvoll indices.50-58 After the study ended in 2000, all subjects were followed until 2010, no covariates were measured, and only the development of
T2DM and/or death were reported. We considered competing risk analysis for
data of the FDPS and its follow-up.
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Information translatability
The IGI model and the IMM were used for our investigations, the two models
were fitted to unlabeled data from the first and second studies, to obtain their
parameters’ estimates. Afterward, three hundred data sets were created from
three different sources, one hundred data sets were sampled from the data by
bootstrap, one hundred data sets were simulated from the IMM, and one hundred data sets were simulated from the IGI model. Then the two models were
fitted to each of the created three hundred datasets. This resulted in three hundred sets of parameters’ estimates for each model, to be used to investigate
each parameter distribution properties, as well as the information content of
each model simulated data compared to real-life-like data.

Mapping the clinical indices
From the IMM, it is possible to drive SG, SI and insulin action ( 2), the parameters that carry similar meaning in the IGI model are insulin-independent
clearance (CL ), insulin-dependent clearance (CL ) and insulin delay effect
rate constant (k ). A large dataset of 1200 subjects was simulated from the
IMM and estimated by the IGI model. Then the generalized additive modeling
(GAM) approach59 was used to add the simulated individual estimates of the
IMM as predictors on the estimated individual estimates of CL , CL and k ,
as shown in Figure 4. To avoid possible shrinkage problems, the 1st parameter
from the IMM to be added by the GAM was incorporated as a covariate on
the population parameters of the IGI model in a 2nd re-estimation step of the
same large simulated data.

Figure 4. A descriptive representation of the setup for mapping clinical parameters
from the IMM to their corresponding parameters in the IGI model.
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Characterization of hepatic glucose production in the
IMM
When the IMM is fitted to data from a labeled IVGTT, hepatic glucose production can be derived as:
⋅

⋅
0

́

⋅

⋅
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where
is hepatic glucose production,
is basal glucose amount,
is
glucose amount in central compartment, (min-1) is a rate parameter that describes glucose effect on hepatic glucose uptake as well as the inhibitory effect
of glucose on hepatic glucose production, (L⋅pmol-1⋅min-1) is a rate parameter that describes the effect of insulin concentration in remote compartment
on glucose to enhance hepatic glucose uptake, as well as the inhibitory effect
of insulin on hepatic glucose production, (min-1) describe peripheral uptake
(min-1) and
as a function of glucose amount in central compartment. and
-1
(L/pmol·min ) are parameters that describe glucose and insulin effects on
hepatic glucose uptake only.60 We investigated the significance of
by
fitting a decomposed version of the IMM to unlabeled data from the first
by fitting the IMM to
study, then we investigated the significance of
all data from the first study. We also produced the
time courses from
the IMM.

Development of an improved version of the IMM
Data from the first three studies was used to develop an improved version of
the IMM that can describe healthy subjects and patients with T2DM, using the
hot glucose minimal model61 as a starting point. We tested direct and delayed
effects of glucose in linear and nonlinear functions to characterize hepatic glucose production time profiles. Different structures for the correlation between
model parameters were investigated. Combined RUV model was used to describe measurement error as in the IMM. The first order conditional estimation
method with interaction (FOCEI) was used for parameters’ estimation while
uncertainties were obtained by bootstrap. Model development was guided by
scientific plausibility, parameters’ precision, statistical significance, graphical
analysis of the goodness of fit and model simulation performance.

Residual analysis
To investigate if post-processing of model-based residuals can be utilized for
routine checking of extended RUV models as a substitute for their assessment
24

on the original data, we started with CWRES that behave as theoretically expected, CWRES distribution is normal with mean 0 and variance 1 for a correct NLME model.14 CWRES calculated from NLME model fit were modelled
by a base model (Eq.17) to estimate the mean and the variance of CWRES
distribution, where is a vector of CWRES data from individual , Θ is the
is a random variable describing the unexpopulation mean of CWRES,
plained individual deviations from Θ , ɛ is a random variable describing
RUV of individual .
and ɛ are assumed to be normally distributed with
and
respectively. With adequate NLME model,
a mean 0 and variances
and
are 0, 0 and 1 respectively.
the expected estimates of Θ ,
Θ

ɛ
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CWRES base model in (Eq.17) was then extended to six different RUV models, to obtain seven CWRES models, each used separately to model CWRES
data and obtain an objective function value (OFV). The six RUV extensions
were autoregressive (AR1), dynamic transform both sides (dTBS), residuals’
IIV, power, t-distribution and time varying RUV models. 17,62-65 The improvement in fit on implementing these RUV extensions on CWRES data
(ΔOFV
) was calculated for each RUV extension as the difference between the OFV of CWRES base model and the OFV of CWRES model with
this RUV extension. While the corresponding improvement in fit on imple), calculated
menting this RUV extension on the NLME model is (ΔOFV
and
by conventional analysis. The agreement between ΔOFV
was evaluated in previously published models (Table 1) and in
ΔOFV
simulated data. The performance of the other model-based residuals (conditional weighted residuals with interaction (CWRESI), individual weighted residuals (IWRES), and normalized prediction distribution errors (NPDE)66)
was also investigated with the published NLME models. For the simulations,
a base NLME model of one compartment disposition model with 1st order absorption and proportional RUV model was used. This NLME model was then
extended to the six RUV models to produce six additional models, the base
NLME model simulated 200 data sets while each of the others simulated 100
data sets. The seven models were fitted to each dataset to calculate a mean
ΔOFV
for each RUV extension. CWRES calculated from the base NLME
models’ fits was then modeled by the seven CWRES models to obtain mean
for each RUV extension as shown in Figure 5.
ΔOFV
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Figure 5. Schematic presentation of residual analysis simulation setup.
Table 1. Summary of the published NLME models used for investigations
Model
Asenapine

ab67

Data

RUV model

Transformation No. of observations

PD

Additive with IIV

-

7728

Clomethiazoleab68
Daunorubicinab69
Digoxina70
Digoxinab71

PK
PD
PD
PK/PD

Log
Log
-

2177
112
787
941

Disufenton sodiumab72
Ethambutolab73
Gastric emptyinga74
HbA1Ca75
IGIab36
Lopinavira76
Miltefosineab77
Moxonodineab65
Paclitaxelab78
Pefloxacinab79

PK
PK
PK/PD
PD
PD
PK
PK
PK
PD
PK

Additive
Additive
Additive
PD: proportional
PK: additive
Additive
Combined
Additive
Additive with IIV
Additive
Proportional
Proportional
Additive
Combined
Additive

Log
Log
Log
Log
Log
Log
log

1196
1869
3385
8698
6382
315
350
1021
530
337

r-Hfshab80

PK

Additive

-

314

a

b

models used in residual analysis; models used in linearization investigations.
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CWRES-based structural model assessment
First the bias in CWRES distribution was calculated. Afterward, the bias in
the NLME model’s predictions was calculated by back-extrapolating
CWRES-based bias using FOCE approximation. We illustrate the practical
use of this method by assessing prediction bias in the IGI model and the IMM.

CWRES distribution’s bias calculation
CWRES calculated from the NLME model fit was modeled by CWRES base
model (Eq.17) to estimate CWRES distribution’s mean and variance, then
CWRES base model is extended to estimate different means for (N) number
of bins of the independent variable (IDV) as described in (Eq.18) where
(X ,…, X ) are the cutoff points of the IDV. The binning was based on datadensity. This allowed the estimation of the bias in CWRES distribution as
vector ( ) that contained the bin specific means (Θ ,…, Θ ). was extended
to vector ( ) that had the length of by repeating each bin specific mean for
all observations within this IDV bin. The magnitude of structural model bias
(ΔOFV ) was calculated as the difference in OFV between CWRES models
described in (Eq.17) and (Eq.18).
If IDV
If X
If X

X
IDV

X
…

IDV

Θ

ɛ

Θ

ɛ

Θ

ɛ
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Prediction bias calculation
From (Eq.9), let ∗ be the conditional predictions given a correct NLME
is the conditional predictions given a misspecified NLME
model, and
∗
was estimated using and assuming
model, then the distance
the calculated covariance is the same under the two NLME models (Eq.19).
∗

∗

∗

∗

∗

∗

∙
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∙
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Practical example
One data set was simulated from each model and analyzed by the two models,
VPCs were performed to investigate the goodness of each fit, and CWRES
calculated from each fit for each dependent variable (DV) were modelled to
calculate ΔOFV , , and for this DV. Time, glucose and insulin population predictions were the investigated IDV with each corresponding (N) set to
10, 5 and 5 respectively. A previously published random binning technique
was implemented to avoid binning introduced bias:81
Step 1: Sort CWRES data by the selected IDV
Step 2: Generate
1 bin boundaries randomly based on the IDV
Step 3: Group CWRES data based on generated bin boundaries
Step 4: Estimate →
Step 5: Repeat steps (2 – 4) 500 times
The percentage of the known bias in each DV’s conditional predictions was
is the
calculated to be the reference bias estimate by (Eq.20), where ,
simulated conditional predictions and , is the estimated conditional predictions of this DV.
%

100 ∙

,

,
,

20

Variability attribution for automated model building
As we described, residual modeling uses only the calculated residual data, thus
residual modeling cannot predict the changes in variability assigned to the rest
of the NLME model parameters or their uncertainties after implementing a
new RUV extension. We investigated if linearization can quantify RUV model
misspecifications like residual modeling, while being able to estimate changes
in random effects after including RUV extensions. We used previously published NLME models (Table 1) and the same six RUV extensions for our investigations. Each NLME model was linearized, then extended with the six
RUV extensions to calculate the improvement of fit for each RUV extension
(ΔOFV ), estimates of variability assigned to model parameters (Ω ) and
estimates of their standard errors (SE (Ω )). The ability of ΔOFV to predict
was compared to that of ΔOFV
. Next, the estimated Ω and
ΔOFV
SE (Ω ) with the different RUV extensions were compared to their correand SE
sponding estimates obtained from the NLME models (Ω
)) as shown in Figure 6.
(Ω
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Competing risks analysis
During the FDPS, subjects can fail by either of the three possible and mutually
exclusive events: developing T2DM, dropping out (DO), or death. Here, dropping out referred to stopping treatment, and does not mean lost to follow as all
subjects were followed until 2010. Once the subject had failed, his follow-up
was started. During the follow-up, subjects cannot drop out and T2DM cannot
censor death. By assuming that all subjects who dropped out were healthy,
there is five states that subjects could experience as shown in Figure 7.
All subjects were healthy at enrollment (state 1), then they can either develop T2DM (state 2), drop out (state 3), die (state 5) or stay healthy (state 1).
Once a subject moved from state 1, his study ended. During the follow-up,
subjects with T2DM can only stay alive in state 2 or die (state 5), subjects who
dropped out can either remain healthy in state 3, manifest T2DM (state 4) or
die (state 5). These restrictions defined the model system of differential equations (Eq.21-25), where is the probability of observing the subject at state
is the transition intensity from state to state , and the likelihood func,
tion is the product of the probabilities of all states.
∙

21
∙

∙

∙
∙

∙

∙
∙

∙
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∙
∙
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∙
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Different hazard distributions were tested for the transition intensities of the
different states ( s) with their reciprocal being the partial mean transit times
through the states (MTTs). We started with three assumptions regarding the
,
, and
.82 Yearly measrelations between s:
ured covariates including the nine indices for measurement of insulin sensitivity were tested one by one prospectively on s. Covariates effects was described by power functions normalized by median values, where Intervention
effect was modelled as a bivariate covariate (0 for control group and 1 for
intervention group). Statistical significance and graphical evaluation for
model building were performed mainly by LRT and VPCs.
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Figure 6. Schematic presentation of the method used to evaluate linearization ability
in predicting variability attributions.

Figure 7. Five-state model describing the possible clinical outcome for subjects during the FDPS and its follow-up.
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Selection of Phase I study design for
antihyperglycemics
Study designs
Various glucose provocations are available for antihyperglycemics clinical trials, the most commonly used are meal tolerance tests, glucose tolerance tests
and graded glucose infusion (GGI). As we mentioned, these experiments extract different information upon which the probability of detecting drug effects
might be highly dependent Meal tolerance tests are the most realistic glucose
challenge, if subjects received a single meal followed by blood sampling it is
known as single meal tolerance test (sMTT), where if subjects received several meals over the day it is known as 24 hr meal tolerance test (MTT-24).
Glucose tolerance tests are either IVGTT when glucose is administrated intravenously, OGTT when glucose is administrated orally, or without glucose administration (NO). The main design variables of each provocation are described in Table 2.33,83-85 The IGI model developed with IVGTT33 was used to
simulate IVGTT and GGI provocations, the IGI model developed with meal
tolerance test83 was used to simulate sMTT and MTT-24 provocations, and
the IGI model developed with OGTT84 was used to simulate OGTT and NO
experiments.

Hypothetical drug effects
Many targets along glucose absorption, distribution, metabolism and excretion scheme are available for development of new antihyperglycemics. The
selected mechanisms of action (MoA) for drug effects in this study were stimulation of basal insulin (BINS), glucose clearance, both insulin-dependent
(CLGI) and independent (CLG), as well as inhibition of endogenous glucose
production (EGP) and absorption of oral glucose (GABS). These Five drug
effects were implemented in the IGI model under each of the six study designs
for our investigations. Drug effects were functions of drug concentrations
which were assumed to be at steady-state (Eq.26), where is the estimate of
typical slope of the concentration-effect relationship for drug MoA , Conc is
drug steady-state concentration (100 ng/mL) and , is the deviation from
for individual and is a normally distributed random variable with zero mean
and standard deviation ω . This assumption would correspond to a drug with
a long half-life given repeatedly with dosing intervals less than its half-life to
minimize fluctuation around its steady-state concentrations.
1

Conc

,
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was determined by titrating the drug effect (Conc
) to proThe size of
duce a 15% decrease in the glucose area under the curve (AUCG) for the typical treated individual compared to the typical untreated individual in the
was then used in all designs to
sMTT experiment. The titrated value of
simulate datasets (one for each design) of 1000 patients with a cross-over design of placebo and drug treatment, resulting in that the glucose area under the
curve ratio between treated and untreated (AUCGD/PL ) varied with design.
The simulated data set from each model was analyzed by the same model and
a reduced model without drug effects to calculate its OFV.
Table 2. Overview of the investigated study designs.
Design

Glucose dose

Glucose duration Sampling times (min post-glucose)

sMTT

62.5 g

20 min

Pre-dose, 30, 60, 120, 180, 210

MTT-24

62.5 g x 3 +
12.5 g x 3

20 min (meals)
5 min (snacks)

OGTT
IVGTT

75 g
0.3 g/kg

5 min
20 min

GGI

2 mg/kg, 4 mg/kg, 8 40 min for each
mg/kg, 16 mg/kg, 32 infusion rate
mg/kg
0
0

Pre-dose, 30, 60, 90, 120, 150, 180,
210, 240, 270, 300, 330, 360, 390,
420, 450, 480, 600, 720, 840, 960,
1080, 1200, 1320, 1440
Pre-dose, 30, 60, 120, 180, 210
Pre-dose, 2, 4, 6, 8, 10, 12, 14, 16,
18, 20, 25, 30, 35, 40, 45, 50, 55, 70,
90, 110, 130, 150, 180, 210
Pre-dose, 7, 10, 30, 50, 70, 90, 110,
130, 150, 170, 190, 210, 230

NO

Pre-dose, 30, 60, 120, 180, 210

Power, accuracy and precision calculation
Study power for each drug effect was assessed by calculating the relative ratio
(RR) of OFV between the full model of each study design and its reduced
model to the corresponding OFV between full model of sMTT and its reduced model as shown in (Eq.27) where denotes the designs: MTT-24,
OGTT, NO, IVGTT and GGI with each drug MoA . This ratio can be interpreted as how many times more individuals are needed for sMTT to achieve
equivalent power to the compared design. Stochastic simulation and estimation (SSE) was used to assess precision and accuracy of drug effects in terms
and AUCG, the latter is particularly interesting
of estimation of parameter
as a measurement of the drug-induced change in glucose exposure. In the SSE,
500 data sets of each design with each drug MoA were simulated with 15
was calculated.
subjects, from these simulations, the true AUCGD/PL ,
The full model was then fitted to the 500 simulated datasets to produce 500
estimates of , . The resulting 500 sets of estimates were then used to simulate glucose profiles. These last simulations were used to calculate the simu-
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as shown in Figure 8. Precision and accuracy were aslated AUCGD/PL ,
sessed by calculating the relative estimation error (REE) of both the parameter
and AUCGD/PL , according to (Eq.28-29).
,

OFV
OFV
,

,
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,
,

28

,

/
/

/

,

/

,

,

29

Figure 8. A schematic illustration of study power, accuracy and precision calculations, where the appropriate IGI model for each study design is used to simulate
1000 patients with each drug effect, the full and the reduced models of the same
study design were fitted to the simulated data, and OFV was calculated for each
. For precision and
study design and was used to calculate the relative ratio RR
accuracy calculations, another simulations were performed to produce 500 datasets
used to calculate REE and REE
for each design with each drug effect.
/

Optimal designs for SG and SI Model-based assessment
The improved version of the IMM was used to optimize simultaneously all the
design variables of insulin modified IVGTT in subjects with T2DM, while
considering the set of parameters used to drive SG and SI as the interesting
parameters by DS-optimality. The optimization was performed in optimal design R package PopED.86,87 The adaptive random search (ARS) and line search
(LS) were used sequentially in our optimization as they were computationally
the least costly. The ARS is an iterative method that does not require the gradient of the function and allows for an adaptation of the locality of the random
search during execution, i.e. through narrowing adaptation. ARS focuses on
33

smaller neighborhoods of the present optimum in order to refine it.87 The LS
algorithm searches each dimension of the design, i.e. each sampling time, dosing time etc. sequentially while keeping the other design variables fixed to the
current optimum, so it optimizes each variable individually to find its local
maximum OFV.88 The optimization stopping criterion is achieving an efficiency less than 1.001 from previous optimization step.
The standard design of insulin modified IVGTT starts with the administration of a bolus dose of glucose (0.33 g/kg), of which 10% is hot glucose, this
is followed by intense plasma sampling for 240 minutes, and a 5-minute insulin infusion (20-30 mU /kg) is initiated after 20 min of glucose administration.
Plasma samples are analyzed for glucose, hot glucose and insulin concentrations. Two study designs were used as references for our work, the standard
rich design (SRD) and the standard sparse design (SSD), the only difference
between these two designs was the sampling schedule. In SRD, 32 samples
were taken at the following time points: 0, 2, 3, 4, 5, 6, 8, 10, 12, 15, 18, 20,
22, 24, 26, 28, 30, 35, 40, 45, 50, 55, 60, 70, 80, 100, 120, 140, 160, 180, 210
and 240 minutes, while for SSD only 10 samples were taken at the following
time points: 0, 2, 10, 15, 30, 45, 70, 100, 150 and 240 minutes. The study size
was 42 individuals with fixed body weight (89.4 kg).36 A simulation of 1000
patients were performed in PopED to evaluate each optimized design effect
on hypoglycemia using the rich sampling schedule, where accepted hypoglycemia limit was set that ≤ 5% of the simulated patients under optimized design
showed blood glucose levels less than 58 mg/dl throughout the study. We
started by optimizing all design variables simultaneously: glucose dose, hot
glucose dose, time for glucose dose, insulin dose, start time of insulin infusion,
duration of insulin infusion and sampling times.

Software
Models’ estimations, simulations and statistical assessments were conducted
in NONMEM (versions 7.3 and 7.4)89 and PsN.90 Data management, post-processing and graphical assessments were performed in R,86 mainly by Xpose91
and tidyverse packages.92
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Results and discussion

Information translatability
Both models described the data from the first and second studies well with no
major differences as shown by their respective VPCs in Figure 9. Plots of the
300 estimates of each parameter of the IGI model and the IMM grouped by
the three different sources of the data are shown in Figure 10 and Figure 11,
respectively. The information content of each model simulated data was compared to the bootstrap data which was assumed to be the truth. As expected,
the precision was good for bootstrap and when the same model is used for
simulation and estimation. All parameters of glucose sub-model in the IMM
were well estimated by bootstrap data and the IGI model simulated data except
for glucose peripheral compartment’s volume of distribution (VOLI) which
showed underestimation bias with the IGI model simulated data. Meanwhile,
none of the parameters of glucose sub-model in the IGI model were well estimated by the IMM except basal glucose concentrations (G ). For Insulin kinetics, all the IMM parameters were well estimated from the IGI model simulated data except for intercompartmental clearance (QE2). Hence insulin submodel in the IGI model is a one compartment disposition model, it was not
expected to reproduce information about the extra parameters in a two-compartment disposition model. Surprisingly, the IGI model simulated data resulted in a more real-life-like estimated distribution of insulin central compartment’s volume of distribution (VI) than the IMM itself. Again, none of the
parameters of insulin sub-model of the IGI model showed similar estimated
distributions from bootstrap data and the IMM simulated data.
The IGI model assumes no delay in insulin 1st phase secretion until it
reaches the insulin 1st phase compartment and so its simulations resulted in
lower values for parameters of insulin 1st phase amount (x0) and mean transit
time (MTT3) in the IMM model. This delay in the IMM insulin 1st phase
secretion resulted in the higher values of insulin 1st phase secretion amount
(IFST) and elimination rate constant from insulin 1st phase compartment (k )
in the IGI model. Noting that parameters regarding insulin secretions in both
models were well estimated from bootstrap data. The distribution of SI was
well estimated from the simulated data by the IGI model which does not describe this parameter explicitly. The distribution of 2 was not well estimated
by the IGI simulated data, as the IGI model assumed one parameter for the
delayed insulin effect on glucose clearance (k ). This might also explain the
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overestimated distribution of the IGI model parameter k with the IMM simulated data, as here k should be corresponding to two parameters in the
IMM: 2 and the binding rate constant (k ). None of the IMM parameters can
reflect on changes in hepatic glucose production after system perturbation. In
the IGI model, time varying hepatic glucose production is explicitly given by
an empirical function of G , CL , CL , glucose concentration in effect compartment (G ), insulin basal concentrations (I ) and feedback power term
(GPRG). All these parameters were well estimated by bootstrap data but not
by IMM simulated data except for G . The overestimation of insulin-independent glucose clearance and the underestimation of insulin-dependent glucose clearance by the minimal models was reported previously as a consequence of their implicit way of describing hepatic glucose production.60,93 The
simulated data from the IMM lacked information for estimating GPRG and
k , and this might suggest that IMM uses a constant direct input of hepatic
glucose production for healthy subjects following IVGTT which is not physiologically plausible. These problems were early addressed in the cold glucose
minimal model and followed by extensive investigations resulting in the development of the hot glucose two compartment minimal model.61

Figure 9. VPCs of glucose and insulin profiles produced by the IGI model (right
side) and the IMM (left side). Lines represent the 5th, 50th and 95th percentiles of the
observed data and the shaded areas are the 95% confidence intervals around the
same percentiles from the simulated data.
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Figure 10. Boxplots of the estimated distributions of each parameter of the IGI
model, grouped by the three different sources of the data: one hundred bootstrap datasets (red), one hundred datasets simulated from the IGI model (green) and one
hundred datasets simulated from IMM model (blue). BS, bootstrap; IGI, integrated
glucose insulin model; IMM, integrated minimal model;CL , CL and CL , insulinindependent glucose clearance, insulin-dependent glucose clearance and insulin
clearance; GPRG, power parameter for glucose effect on hepatic glucose production;
G , glucose basal concentrations; IFST, 1st phase insulin amount; IPRG, power parameter for glucose effect on 2nd phase insulin secretion; I , insulin basal concentrations; k , k , k and k , first order rate parameters; Q, glucose inter-compartmental clearance; V , V , V , volumes of distribution of glucose and insulin central
compartments, glucose peripheral compartment.

Mapping the clinical indices
Each of SG, SI and 2 simulated individual estimates was the first parameter
to be added by the GAM as a true covariate on CL , CL and k individual
estimates respectively, and thus these were the strongest correlations of the
clinical indices and insulin action with the IGI model parameters. On incorporating these relations in the IGI model and refitting it to the large simulated
data by the IMM, Ωs assigned to CL , CL and k were reduced by 98%,
68% and 98% respectively. As SI in the IMM is derived from rate constants
only ( 3⁄ 2), its inclusion alone did not explain all the inter-individual variability assigned to CL .
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Figure 11. Boxplots of the estimated distributions of each parameter of the IMM
model, grouped by the three different sources of the data: one hundred bootstrap datasets (red), one hundred datasets simulated from the IGI model (green) and one
hundred datasets simulated from IMM model (blue). BS, bootstrap; IGI, integrated
glucose insulin model; IMM, integrated minimal model; ALPH, time constant parameter for insulin provision; BETA, the feedback control of glucose on 2nd phase insulin secretion; enneCL, insulin clearance; SG, glucose effectiveness; H, glucose basal
concentration; MTT3, insulin 1st phase mean transit time; 2, rate parameter for insulin effect; QE1 and QE2, inter-compartmental clearance of glucose and insulin respectively; QUINS, insulin basal concentration; SI, insulin sensitivity; VI, VI2, VOL
and VOLI, volumes of distributions of insulin central compartment, insulin peripheral compartment, glucose central compartment and glucose peripheral compartment
respectively; x0 ,insulin 1st phase concentrations.

On inclusion of the 2nd parameter to be added on CL by the GAM, the estimate of Ω assigned to CL was reduced by 98%. This 2nd parameter was volume of glucose central compartment (VOL) in the IMM. From the results of
this mapping exercise, we derived (Eq.30-33) for calculation of individual estimates of SG, SI and 2 from the IGI model parameters, where CL is the
individual estimate of insulin-independent glucose clearance, CL is the individual estimate of insulin-dependent glucose clearance, V is the individual
estimate of volume of glucose central compartment, and k is the individual
estimate of insulin delayed effect rate constant.
SG
VOL
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CL /0.0829
V

0.9 /0.0899

30
31

SI

1000 ∗ CL

0.009 ∗ VOL / 5094

502 ∗ VOL

32

k /0.938

2
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Characterization of hepatic glucose production in the
IMM
When fitting a decomposed version of the IMM to unlabeled data from the
was so small that the difference
should
first study, estimates of
had a negligible effect on hepatic glucose production. This finding is similar
to previously reported investigations,94-96 concluding that insulin effect on hepatic glucose production was qualitative only, while the magnitude of hepatic
glucose production was controlled mainly by glucose concentrations. This re. When fitting the IMM to all
duces (Eq.16) to (Eq.34), where
was not statistically significant
data from the first study, the difference
with LRT of 5 at
2 . We also produced the
time courses by
.
(Eq.34) that concluded unphysiological
is used by the IMM during system perturbation in healthy subjects as shown in Figure 12.
.

.

0

.
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When fitting the model to data from the first study with and without hot glucose, the estimates of all parameters describing glucose kinetics differed bewithout hot glucose was 0.04 min-1, ~ four
tween the fits. The estimated
times its value in presence of hot glucose (0.009 min-1). Similar results were
reported previously when investigating the validity of cold minimal model,
where this overestimated resulted in unrealistic glucose clearance estimates.60,93

An improved version of the IMM
An improved version of the IMM was successfully developed as presented in
Figure 13. The model can describe total glucose, hot glucose and insulin concentrations following labeled IVGTT or insulin-modified labeled IVGTT in
both healthy subjects and patients. Visual predictive checks for the three DVs
from all studies as well as
time profiles are shown in Figures 14 and
15, respectively. All parameter estimates (Table 3 & 4) are compatible with
those reported in original publications of the non-integrated minimal models.39,61 In addition to the metabolic indices derived with IMM, an extra index
can be derived from the improved model which is plasma clearance rate
(mL.kg-1.min-1).
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Figure 12. Hepatic glucose production
time profiles from the first study as
calculated by the IMM (Eq.34), using the individual predicted parameters. All individuals except 8, 10 and 11, show a negligible inhibition of
with individual 8
displaying a negative
.

Figure 13. Schematic presentation of the improved IMM during IVGTT in healthy
and , central and peripheral compartments of glucose; , central comsubjects.
partment of insulin; ́ insulin concentrations in the remote compartment; g , glucose
concentrations in the effect compartment; 0, 1st phase insulin concentrations; , 2nd
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phase insulin secretion; , hepatic glucose production;
and
, glucose elimiand
, glucose distribution
nation from central and peripheral compartments;
, parameters of insulin
parameters; , glucose effect rate parameter; , and
action; , insulin elimination rate constant.

Figure 14. Visual predictive check of total glucose (A), hot glucose (B) and insulin
(C) concentrations in healthy subjects (top row) and in patients with diabetes (bottom row) with the improved IMM. Five hundred datasets were simulated from the
improved IMM fitted to all observations from the three studies. The solid line is the
median of the observed data, dashed lines are the 5th and 95th percentiles of the observed data, shaded areas are the 95% confidence intervals of the simulated data
around the median, the 5th, the 95th percentiles of the simulated data

Mean values ± standard errors of all metabolic indices from the three studies
are presented in (Table 5) where estimates of
, SG and SI are similar to
previously published estimates of the first study: 43
= 2.02 ± 0.14 mL/kg·min-1, SG = 0.85 ± 0.14 mL/kg·min-1, and SI =
13.83 ± 2.54 102 mL/kg·min-1·mL/mU.
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Figure 15. Hepatic glucose production
time profiles from the first study as
calculated by the improved IMM using the individual predicted parameters. All
healthy subjects showed a rapid inhibition phase followed by a slow return phase to
steady state conditions.

Healthy subjects
Insulin sub-model is a one compartment disposition model in contrast to the
previous version, thus the insulin sub-model is described by (Eq.35-36) where
(min-1) is the rate parameter describing the delay of insulin 2nd phase secretion
towards a new steady state, (min-1⋅L-1⋅pmol⋅dL⋅mg-1) is glucose
sensitivity given by the feedback control of plasma glucose concentration
(mg/dL) above basal glucose concentration (mg/dL), (min-1) is insulin elimination rate parameter and (pmol) is basal insulin amount.
⋅
0

35

⋅
∙

36

0

Glucose sub-model is a two-compartment model with the central compartment
representing the plasma and insulin-independent tissues while the peripheral
compartment representing insulin-dependent tissues where glucose utilization
depends on insulin in addition to glucose. An effect compartment was used to
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describe the delay in glucose action on the hepatic glucose production
(mg/min), similar to how insulin is delayed in its action on glucose removal.
Glucose kinetics are described by 4 differential equations:
∙

t

t
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Where
,
and
(mg) are glucose amount in central compartment,
in peripheral compartment, and basal glucose amount, respectively, is glu(mg/min) is a zero order elimicose proportional elimination parameter,
nation rate representing the constant glucose uptake by nervous system,
and
(min-1) are transfer rate parameters,
and
(min-1) are elimination rate parameters from central and peripheral compartments respec. ́ , where
(L/mU·min-1)
tively,
(min-1) is insulin action, equals
-1
(L.mUis effect rate parameter, (min ) is dissociation rate parameter,
1
-1
.min ) is the measure of insulin sensitivity of peripheral compartment tissues,
g
(mg/dL) is glucose concentration in the effect compartment, and
(min-1) is effect rate parameter.
Rate of glucose disappearance from central compartment
(mg/min)
(mg/min)
is divided into two components, the zero-order elimination rate
and a linear elimination rate ∙
which is proportional to glucose concentration through the slope . Rate of glucose disappearance from peripheral
compartment
(mg/min) is controlled by
through the elimination
(min-1), and
. and are the sum of exit rate paramrate parameter
eters from central and peripheral compartment respectively.
∙

t
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The ratio of rate of glucose disappearance from central compartment at
to rate of glucose disappearance from peripheral compartsteady state
ment at steady state
was reported to be 3 from euglycemic hyperinsulinemia study performed in healthy subjects to explore glucose distribution
is assumed to be a fraction of the total
under steady state conditions.97
through . Measured values
rate of glucose disappearance at steady state
and
in healthy subjects suggested to be 0.465.98 These conof
and
as follow:61
strains allows the derivation of
∙
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Where
and
(dL) are the volumes of glucose central and peripheral
compartments, respectively. Hepatic glucose production
is assumed to
,g
through
be a function of basal hepatic glucose production
, and
a power parameter
, given that basal hepatic glucose production
is
equal to the total rate of glucose disappearance at steady state
.
∙

g
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Hot glucose sub-model is the same model used for total glucose without
, since this model should describe only disappearance and distribution
processes.
∗

∗
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⋅

∗

⋅

∗

∗

0

0

48

⋅

∗

⋅

∗

∗

0

0
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The improved IMM contains the same three correlations of the previous version of the integrated minimal model, as shown in Table 4, the 1st correlation
,
and
, the 2nd correlation is between , , , and
is between
(L.min-1), and the 3rd correlation is between
and 0.
insulin clearance
Glucose-related indices (
, SG and SI) are derived as:43
∙
∙
S

∙

∙
S

∙

∙
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The addition of hot glucose allowed the separation of glucose production and
disappearance, so the new improved IMM can estimate the true SG and SI
without distortion by the inhibitory effects of glucose and insulin on hepatic
glucose production; thus, SG represents only glucose effect on glucose elimination at basal insulin, and SI is the ability of insulin to enhance glucose effectiveness. Higher variability was found among subjects from the second
study, particularly in SI whose mean value was 3 times that of the first study.
The higher variability was visible in these subjects’ 1st phase of insulin secretion, which produced less insulin compared to the first study. The improved
IMM accounts for the fact that glucose clearance is not independent of glucose
plasma concentration as (Eq.42) describes the decrease in glucose clearance
when plasma glucose concentration increases through the intercept
of the
and glurelationship between insulin-independent glucose disappearance
cose concentrations.
The parameter
allows the derivation of an additional metabolic index,
plasma clearance rate
at steady state; this is not true for the previous
version of the model where glucose disappearance at steady state is proportional to glucose concentration with concentration independent clearance
equal to SG.61 The new improved IMM constructs a real life like profiles of
hepatic glucose production, with an initial rapid inhibition phase followed by
a slow return phase. The inhibition nadir is earlier than the expected nadir, but
hepatic glucose production still reaches steady state conditions when expected, which may indicate that inaccurate times for the nadir has a limited
impact on the system. We could not identify insulin control on hepatic glucose
production with such data, however glucose and insulin effects on hepatic glucose production were identified previously in the conditioned hot glucose minima model through the integrated model of hepatic and peripheral glucose regulation.99 On the availability of such data it would be possible to extend the
improved IMM with similar insulin effect on hepatic glucose production.
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Patients with T2DM
Measured values of
and
in patients suggested a different value
(0.759) for .96 This means insulin-independent glucose disappearance accounts for ~ 90% of total glucose disappearance at steady state, which is also
and
that
reflected in the glucose peripheral compartment parameters
are 14%, and 20% of their estimates in healthy subjects, respectively. A similar drop is observed in the slope ; its estimate is 21% of the healthy subjects’
and
can be explained by the deestimate. The lower values of both
creased expression of insulin independent glucose transporters with decreased
SG (0.17±0.008 mL/kg·min-1) and steady state
(0.74±0.03 mL.kg-1.min1
), while lower value of
is attributed to the decreased SI (3.8±0.23
102mL/kg.min-1.mL/mU) of tissues in which glucose uptake is directly controlled by insulin. The estimates of
and 0 were small and thus fixed
to 0 for patients with diabetes without any deterioration in fit. This describes
the impaired control of hepatic glucose production and the absence of insulin
1st phase secretion as two important characteristics of T2DM.100,101 A lower
implies that it takes longer to replenish insulin reservoir for patients with diabetes and reaching steady state values of
takes longer. Insulin half-life
was the same as in healthy subjects, with lower values
and similar to
previously reported results,102,103 which indicates the adequacy of one compartment disposition model to describe insulin kinetics. Since the typical value
of was the same as in healthy subjects, the decreased in SI is the major key
player in these patients’ diabetic status, unlike patients with type I diabetes
where beta cell failure is more important. Thus, treatments for improvement
of patients SI should be considered, rather than enhancing their beta cell functions. Basal concentrations of both glucose and insulin were higher in patients
because of the impaired glucose disappearance and the compensatory insulin
secretion for the decreased SI.
Table 3. The improved IMM parameters’ estimates, inter-individual variability reported as coefficients of variation (CV%) with their relative standard errors (RSE%).
Parameter
(dL)
(min-1)
(min-1)
(min-1)
(min-1)
(min-1)
(min-1)
(L.mU-1.min-1)
(L.mU-1.min-1)

(min-1)
(min-1)
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Typical value

RSE%

IIV%

RSE%

94
0.084
0.068
0.0035
0.0005
0.065
0.065
0.0013
0.00026
-2.89
0
0.085
0

5
8
6.7
6.4
15
7
7
5
5
8
7
-

25
61
56
69
80
80
48
-

13
22
29
17
13
15
12
-

(mg.dL-1)
(mg.dL-1)

Total glucose additive error
Total glucose proportional error %
Hot glucose additive error
Hot glucose proportional error %
(L.min-1)
(L.min-1)
(L)
(L)
(mU.L-1)
(mU.L-1)
(min-1

)
-1

(min )
(min-1)
(min-1)
0 (mU.L-1)
0

-1

(mU.L )
(min)
(min)

Insulin additive error
Insulin proportional error %

89
157.6
0.465
0.795
3
9.7
0.0001
5
0.34
5
1.65
1
10
6
6.24

2
5
12
0.0003
5
14
11
6.5
4
4.5
4
6.5

8
24
30
41
23
15
21
65

9
8
13
19
15
13
13
31

12

4

38

22.5

0.019

4

113

51

0.019

4

68

11

0.05

10

111

34

0.027

6

83

14

73

5

70

7

0

-

-

2

2

10

0

18

-

0.0009

2

-

25

2

-

Pat: patient-specific parameter

Table 4. Estimates of the correlations in the improved IMM with their standard errors (SE).
Parameter

Typical value

SE

Corr

-0.69

0.024

Corr
Corr
Corr
Corr
Corr
Corr
Corr
Corr
Corr
Corr
Corr
Corr
Corr

-0.46
0.9
0.36
-0.11
-0.26
-0.17
0.11
0.25
-0.45
-0.10
-0.34
-0.16
0.79

0.022
0.081
0.089
0.042
0.031
0.019
0.039
0.022
0.154
0.035
0.145
0.022
0.122

47

Corr
Corr
Corr
Corr
Corr

0.04
-0.32
-0.16
-0.74
-0.30

0.013
0.06
0.027
0.089
0.015

Corr

0.02

0.037

Corr

-0.46

0.009

Corr

0.62

0.164

Corr

0.34

0.023

Corr

0.24

0.006

Pat: patient-specific parameter

Table 5. Mean values ± standard errors (SE) of the metabolic indices obtained from
the improved IMM for the three studies.
Study
1
2
3

(mL/kg.min-1)
2.03±0.13
2.33±0.2
0.74±0.03

SG
(mL/kg.min-1)
1.08±0.068
1.24±0.1
0.17±0.008

SI
(102 mL/kg.min-1.mL/mU)
14±2.3
48±13
3.8±0.23

Residual analysis
CWRES modelling identified the same (correct) RUV model as the conventional analysis in the simulated data as shown in Figure 16. Noting that the
Power and dTBS models are nested and the results reflected this. Since when
simulating with power error model, only correction for residual scedasticity
was needed, both CWRES models with power and dTBS extensions gave sim(-20 and -22, respectively), so dTBS model is not providing
ilar ΔOFV
any additional advantages over power RUV model which should be selected
as the correct RUV model extension. Type I error rates with CWRES were
1.5%, 1%, 2%, 5.5%, 3% and 8.5% for AR1, dTBS, IIV, power, t-distribution
and time varying RUV models respectively, considering the number of estimated parameters. When simulating with the base model, none of the investigated extension showed an improvement either by CWRES modelling or conventional analysis. The improvement in goodness of fit when applying an exor
tension was in general of similar magnitude whether based on ΔOFV
. However, if the method worked perfectly, ΔOFV
would
ΔOFV
equal exactly ΔOFV
which is not the case especially for AR1 simulation
was -34, while mean ΔOFV
was -100.
scenario, where mean ΔOFV
The parameters governing these extended RUV models showed a good concordance between their estimates from CWRES models and conventional
analysis, with a correlation coefficient of 0.93 across all RUV extensions except for dTBS as they are on different scale.
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At least one of the investigated RUV extensions resulted into a significant
in the previously published models except for Daunorubicin and
ΔOFV
Digoxin PD models. Similar to the conventional analysis, a significant
were found in the same examples. CWRES modeling identified
ΔOFV
the most important RUV extension similar to the conventional analysis. Exceptions were the two models Ethambutol PK and Disufenton sodium, where
the order of the 1st (t-distribution) and 2nd most important extensions (IIV)
were reversed. CWRES modeling identified the same RUV extensions to be
significant improvements as conventional analysis except for t-distributed erand ΔOFV
displayed a
ror model with Asenapine PD. The ΔOFV
correlation coefficient of 0.88 across all models. CWRES modeling typically
does not suffer from local minima problems or other estimation related issues
because CWRES models are simple and quick to run with known expected
distribution. ΔOFVNLME is expected to be larger than ΔOFV
, as it is more
flexible with more parameters to estimate, this difference between the ΔOFVs
was most pronounced with the dTBS approach when correction for scedasticity and skewness resulted in different non-residual error parameter estimates.
In case of multiple DVs, using CWRES modelling identified accurately
which DV needed further improvement. This decrease the risk of model over
parameterization. For example, the Gastric emptying PK model had four DVs,
by conventional analysis with dTBS approach, only the total ΔOFV
( 433) is obtained but this doesn’t provide information about for which DV,
dTBS approach is dominating the improvement in fit. On the other hand, by
, one for each DV are obtained
CWRES modelling four separate ΔOFV
207) and 4th (ΔOFV
139) DVs
and only the 2nd (ΔOFV
could be identified as important to transform in the NLME model.
Other common diagnostics CWRESI, IWRES and NPDE are available for
evaluation of model goodness of fit. Similar to CWRES, these diagnostics
should be normally distributed when the model adequately describe the data,
except for CWRESI because of the interaction between and . It had been
concluded previously that IWRES perform poorly with increasing model non
linearity, leading to biased parameter estimates and misguided model development,8 and that CWRES and NPDE give the best diagnostics in different
situations even when there was interaction in the model,104 our results support
these conclusions with a further favor of CWRES over NPDE as shown in
Figure 17. Noting that, NPDE are sensitive to the number of samples and results shown here were with setting ESAMPLE option to 10000, as lower samples resulted in poor predictions of ΔOFV
.

49

Figure 16. Plot of mean ΔOFV versus the extended RUV models showing the agree(gray) and mean ΔOFV
(red) among all
ment between the mean ΔOFV
seven scenarios of simulations.

Figure 17. Plot of absolute ΔOFV
versus absolute ΔOFV
for CWRES,
CWRESI, IWRES and NPDE among the published examples for the six extended
RUV models.
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CWRES-based structural model assessment
When either of the two data sets were analyzed with the IGI model, or data
was non-signifisimulated by the IMM was analyzed by the IMM, ΔOFV
cant for both DVs (glucose and insulin) at . (10) when time was the IDV,
and at . (5) when glucose predictions or insulin predictions was the IDV.
was
When data simulated by the IGI was analyzed with the IMM, ΔOFV
significant for glucose versus the three IDVs, but not for insulin as shown in
Table 6. Plots of estimated bias calculated by CWRES modeling (% ) as a
percentage of the conditional predictions versus the three investigated IDVs
are shown in Figure 18, where an over prediction bias in glucose sub-model
is evident, using both fixed or random binning. Visual predictive checks of the
IMM when fitted to data simulated from the IGI model are also shown in Figure 18, only glucose sub-model showed an over prediction where the 95%
confidence interval around the median of the simulations from the IMM is
higher than the median of the data simulated from the IGI model, similar to
where this over prediction was captured by the new method. In addition, the
new method showed the bias against the interacting predictions of glucose and
insulin, which is not routinely checked with VPCs. The absolute and proportional magnitude of the over prediction versus the three IDVs showed a good
agreement between the estimates calculated based on CWRES modeling
(% ) and the reference estimates (% known bias), as shown in Figure 18.
These results correctly pointed out a model misspecification in the glucose
sub-model of the IMM, similar to previously reported results.60,93
Hence SG is simultaneously measuring both mass flow and control mechanisms through , its estimate is unrealistically large. This overestimation of
glucose effect on glucose disappearance, constrained insulin effects on glucose disappearance to take low estimates. As insulin contributes to glucose
elimination only at concentrations higher than basal insulin concentrations,
and the hybrid parameter of glucose effects contributes to steady state conditions of glucose, both production and clearance, the impact of these biased
parameters cancel out at steady state concentrations of glucose (~90 mg/dL).
The impact of these biased parameters is magnified on system perturbation
where insulin reaches effective concentrations in the remote compartment, but
insulin dynamic effects in the model are constrained to underestimate the true
consequences of these insulin effective concentrations on the glucose disappearance curve. The impact of these biased parameters decreases again as insulin concentrations in remote compartment decrease toward insulin basal
concentrations. This behavior explains the captured bias when simulating with
the IGI model and estimating with the IMM model, as shown in Figure 18.
Bias peaks immediately after 1st phase insulin secretion then fades away with
declining insulin concentrations. This happens at time points before 150 min,
when glucose concentrations were higher than 90 mg/dL, and when insulin
concentrations were above basal insulin. Noting that insulin concentrations
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peak before glucose concentration as insulin 1st phase amount is a lower bolus
dose than glucose dose, while both glucose and insulin have similar rate of
absorptions and central volumes of distributions. This may be the reason behind glucose concentrations higher than 280 mg/dL showed less bias than glucose concentrations in the range 200-280 mg/dL. Also, when simulating with
the IMM and estimating with both models, ΔOFV
was lower for the IGI
model estimations, as presented in Table 6, concluding that the IGI structural
model assumptions regarding glucose kinetics were less prone to significant
misspecifications. Finally, the magnitude of the IMM glucose sub-model bias
peaked to 20% of conditional prediction of glucose, which is a considerably
high percentage for such integrated system. The utilization of such model in
drug development to explore drug effects enhancing glucose disappearance
will result in the misleading conclusions of overestimating drug effects on insulin-independent glucose clearance and underestimating drug effects on insulin-dependent glucose clearance.
Results from this new method should be interpreted within the context of
two main factors and their impact on the purpose of the modelling exercise:
the significance of ΔOFV
and the magnitude of the detected bias % . For
instance, if the purpose of the model was to physiologically describe an underlining system or derive physiological indices for clinical diagnosis as the
IMM, then a high % in the dynamic relation between glucose and insulin
must be addressed even if not accompanied with significant ΔOFV . Our
new method inherits the unique merits of CWRES modeling, as being fast,
robust, and not suffering from local minima problems. This method depends
on the way of IDV binning. How and where to set the binning is subjective
and up to modelers to choose. Though being time consuming and computing
intensive, random binning technique allowed horizontal exploration of additional bins that probably would not be subjectively selected, giving more insight of the present trends in CWRES distribution, and it provided vertical
exploration for bins with higher probability of being selected, similar to confidence intervals. Unlike residual analysis which can be applied to other residuals as NPDE and IWRES, our method was derived only for CWRES as
the last outperformed other residuals in residual error model identification.
Different derivations will be needed for prediction bias correction with other
residuals and that was not explored in our work.

Variability attribution for automated model building
Linearization was successfully applied to all examples, justified by the concordance between the OFVs of the linearized base models and NLME base
models.
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Table 6. Calculated ΔOFV
for the two DVs Glucose and Insulin for the IGI
model and the IMM versus the three investigated IDVs. Significant bias is indicated
in the Table with red.
Glucose
Insulin
Glucose Insulin preGlucose preInsulin
Time
Simulation Estimation Time
predictions
predictions
dictions
dictions
IGI
13.64
6.57
6.26
5.56
2.99
3.77
IGI
IMM
50.15
15.38
13.83
13.07
4.02
3.48
IGI
6.67
3.66
1.23
10.95
6.48
6.06
IMM
IMM
13.14
6.43
8.53
2.92
3.34
3.69
The first two rows of the Table contain ΔOFV
when simulating with the IGI model and
estimating with both models versus time, glucose predictions and insulin predictions, while the
second two rows of the Table contains ΔOFV when simulating with the IMM and estimating
with the two models versus the same IDVs.

Figure 18. Plots of bias calculated in glucose sub-model of the IMM by % (red),
%known bias (rose) and random binning (ice blue) versus three IDVs, bottom right
is a VPC of glucose sub-model of the IMM, all when the IMM was fitted to data
simulated by the IGI model.
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However, estimation difficulties were present when applying AR1 and t-distribution RUV extensions to NLME/linearized models of Clomethiazole and
the IGI, but not in their respective residual modelling. Across all examples,
was good as shown in Figure
the agreement between ∆OFV and ∆OFV
19. Comparing to the performance of residual modelling in predicting
∆OFV
, linearization surpassed CWRESI, IWRES and NPDE over all dif, and performed better than CWRES at most ranges
ferent ranges of ∆OFV
of ∆OFV
except at low ranges of ∆OFV
(~10) where CWRES was
indicate that
slightly better. The agreement between ΔOFV and ΔOFV
only the estimates of random effects were changing on adopting the different
RUV extensions in the NLME models. Deviations would be expected if estimates of fixed effects were also changing. Linearization identified accurately
the most important RUV extension to all examples similar to conventional
analysis, surpassing CWRES modelling that reversed the order of 1st and 2nd
most important extensions with two examples, Ethambutol and Disufenton
sodium models. Also, linearization identified the RUV extensions resulting in
significant improvement of fit in all examples similar to conventional analysis,
while CWRES modelling missed only t-distribution error model with Asenapine model. Even though it’s a minor difference, it illustrated the high sensitivity of linearization to detect significant differences between the RUV extensions that introduce similar flexibility in the model, e.g. IIV and t-distribution
error models, both offer outliers robustness in the NLME model. The correlawas 0.95 across all models with
tion coefficient of ΔOFV and ΔOFV
significant improvement, higher than the correlation coefficient of
and ΔOFV
that was 0.83. This showed that conclusions
∆OFV
drawn from the results of automated testing of RUV extensions will remain
the same on replacement of residual modeling with linearization, and the only
expected difference would be an increased run time for linearization of structure models with large random effects models.
Regarding the estimates of Ωs on the linearized models (Ω )and their re), they showed good agreespective estimates on the NLME models (Ω
ment with only one outlier, AUC50’s variability in Asenapine model. Interestingly, linearization underestimated this Ω with all RUV extensions except
) versus log (Ω ) across all examples with
t-distribution. A plot of log (Ω
base models and their RUV extensions is shown in Figure 20, estimates less
than -4 on log scale were excluded from the graph. Standard errors (SEs) of
showed a good agreement in the comeach Ω and its respective Ω
monly expected range of SEs for a well identifiable continuous data variability
parameter (0-1), and more deviations occurred as uncertainties’ estimates
moved away from that range, with the main problem being Asenapine model.
Among the RUV extensions, t-distribution was the most associated with deviations, mainly underestimation. That can be easily tracked down to the use
) of AUC50 in Asenapine model
of LAPLACE method, for instance SE(Ω
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was 1.66 10-4 which is too close to zero to be acceptable, given AUC50 parameter estimate of 2.9. This problem of unreasonable estimates in SE(Ω
)
explain all the extreme deviations seen in Figure 21, one of these is PAN0
estimate was 168, but its
parameter in Asenapine model whose Ω
.
4
SE(Ω
)
was
4.15
10
.
With
these
deviations
being justified, it is safe
.
)
to claim that linearization itself or its prediction performance of SE(Ω
showed no built-in drawbacks.

Figure 19. Plot of absolute ΔOFV
versus absolute ΔOFV for CWRES, CWRESI,
IWRES, linearization and NPDE among the published examples for the six extended
RUV models.

Figure 20. Plot of log (Ω
) versus log (Ω ) across the published examples for
the six extended RUV models.
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Figure 21. Plot of log SE (Ω
) versus log SE (Ω ) across the published examples for the six extended RUV models.

Competing risks analysis
A multi-state model for competing risk analysis of FDPS data was successfully developed. The model can jointly describe the semi-competing terminal
process of death and the two competing (during study years) non-terminal processes of developing T2DM and DO. Visual predictive check of the final
model stratified by subjects’ treatment group is shown in Figure 22, where the
simulated data showed a good agreement with the observed proportion of subjects in the different states. Final model parameters’ estimates with their uncertainties are presented in Table 7. Four-years data from FDPS was previously analysed by Kaplan-Meier estimators to obtain the cumulative survival
curve, concluding a reduced risk of developing T2DM in intervention group
compared to the control group.47 Such analysis did not take into account the
interval censoring nature of the data and regarded DO as a non-informative
process, assuming the risk of developing T2DM for a subject with censored
survival time do not differ from that of subject still in the study; that would
result in biased estimates of both the cumulative incidence and covariate effects. Transition intensities for death state in our model were described by
scaling Gompertz-Makeham formula estimated in Swedish healthy subjects to
adapt for the different death incidences observed in FDPS data (Eq.55), where
and θ .
are the state specific scaling parameters. The intercept
θ .
parameter , the scale parameter and the shape parameter are function of
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sex and age, so older male subjects were at higher risks of death than younger
women in the same state. In general, the risk of dying in the FDPS was lower
than the risk of dying in the Swedish reference population. This is reasonable
as the subjects upon inclusion into the FDPS were healthy apart from impaired
glucose tolerance. Patients with T2DM were at higher risk of dying than
healthy subjects or DO (healthy) subjects, reflected by their respective scaling
parameters’ estimates. Apart from transition intensities to death, we used constant hazards for transition intensities as when testing other distributions, such
as Weibull or log-normal, none further improved the model fit. During study
years, the risk of developing T2DM is higher than DO. Relaxing the assumption that the risk of being diagnosed with T2DM is independent of dropping
out or staying in the study, resulted in a significant LRT of 8 at . (1) thus
provided the evidence for better model fit to the data, and as suspected, subjects at DO (healthy) state were at 3.5 times lower risk of developing T2DM
than subjects who stayed in the study albeit being healthy, rejecting the assumption of non-informative DO. When testing baseline covariates, BMI and
intervention effect were significant on both the risk of being diagnosed with
T2DM and dropping out while HbA1C was significant only for the risk of being
diagnosed with T2DM. All the nine methods of insulin sensitivity assessment
resulted in significant improvement of fit, however QUICKI and HOMA were
accompanied with the highest statistical significance according to the LRT.
When testing for time varying covariates, measurements from previous visit
were tested for significance in predicting states at current visit in forward forecasting fashion. Only HbA1C and insulin sensitivity measurements were significant. Here, QUICKI, HOMA and Avignon index were the most informative with almost the same statistical significance, and we kept QUICKI in the
final model. Transition intensities in the final model were formulated as
(Eq.53-57), where θ is the population estimate of mean transit time from
state to state among subjects with median values of added covariates, θ .
is the effect of the added covariate , INTER is a flag of 0 to control group and
1 to intervention group. BBMI is baseline value of BMI, PHbA is the previous visit measurement of HbA1C, and PQUICKI is the previous visit measurement of QUICKI.
Though with a different methodology, we successfully identified the same
covariates (age, BMI, HbA1C, and insulin sensitivity) recently used for stratifying patients with T2DM into subgroups with differing disease progression
and risk of diabetic complications.105 The model is a (partially) interval-censored Markov model as subjects are observed only at the same intervals and
transition intensities did not depend on the time spent in the current states. The
and
because they varied with time dependmodel is non-stationary in
ent covariates, and homogenous in
and
. We could not test covariates
as no covariates were assessed after DO. Finally, our model is naturally
on
extendable for joint modelling (where NLME analysis is preferred) of xenobiotics, biomarkers, covariates and competing risks outcomes, i.e. repeated
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measurements of drug concentrations and reasonable biomarkers are used to
establish the drug pharmacokinetic-pharmacodynamic relation, and the latter
is used as a predictor for the clinical outcome of the competing risks in different scenarios by incorporation in the relative transition intensities, all within
one model code.
COV

θ

∙

,

BBMI
30.48
MTT

∙

λ
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θ

∙

PQUICKI
0.316
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Table 7. Estimates of the multi-state model’s parameters with their relative standard
errors (RSE %).
Parameter

Estimates

RSE%

θ

(years)

17.83

0.107

θ
θ
θ
θ
θ
θ
θ
θ
θ
θ

(years)
(years)

140.3
62.63
0.711
0.863
1.553
0.465
-1.158
-3.04
-6.227
6.417

0.37
0.449
0.122
0.045
0.151
0.458
0.477
0.412
0.128
0.215
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Figure 22. Visual predictive checks of the multi-state model stratified by subjects’
treatment group showing the CIF of the different states.
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Selection of Phase I study design for
antihyperglycemics
The study power of each study design as the relative ratio RR to the study
power of sMTT model are presented in Table 8. For all tested MoAs, intravenous provocations were always more powerful than oral provocations, except
for MTT-24 with certain MoAs. Repeated fasting sampling NO had for many
MoAs higher power than sMTT. Notable though is that safety was not assessed in this study and repeated fasting glucose sampling after drug treatment
may be associated with more hypoglycemia than other designs. For drug effects increasing insulin-independent glucose clearance, the MTT-24 and
OGTT were the least powerful study designs. Potentially, the stimulation of
insulin release, at a higher rate by incretin activity, made insulin-independent
glucose clearance less important.
Although the sampling schedule explains most of the results, the power to
detect drug effect is also related to how glucose and insulin responses are provoked in the design. The most powerful design to detect drug effects on glucose absorption was the MTT-24, mainly due to the large number of observations but also the repeated oral intake of glucose. As glucose is absorbed several times, the power to detect a drug effect on glucose absorption should be
high. When comparing OGTT to sMTT, with the same number of observations, the sMTT is more powerful, this can be explained by the slower absorption rate in the sMTT design, with a longer duration allowing for easier detection of changes in absorption process. Designs provoking a strong insulin response will have a lower power to detect drug effects on basal glucose production, basal insulin secretion and insulin-independent glucose clearance,
while the opposite applies for drug effects on insulin-dependent glucose clearance. Thus, when accounting for the number of observations, NO will be the
most powerful study design for basal glucose production, basal insulin secretion and insulin-independent glucose clearance, while IVGTT will be the most
powerful for drug effects on insulin-dependent glucose clearance.
In our investigations, RRs were used. Consequently, any changes in absolute power that are the same for the designs will not affect the relative power
as they cancel out, i.e. magnitude of drug effect and variability, linear or nonlinear PK-PD relationship. In addition, the results are independent of which
statistical test used if the metric uses ∆OFV between nested models, e.g. the
Akaike Information Criterion.
Precision and accuracy of model parameters and simulated glucose conare visualized
centrations were computed by SSEs. REE and REE
/
in Figure 23. The precision and accuracy of AUCGD/PL was in general better
than for the θ . All investigated designs for drug effects on basal insulin and
glucose absorption performed well in terms of accuracy and precision, thus
for these MoAs the power to detect a drug effect is the main difference. Those
designs with a good precision and accuracy of θ performed well in terms of
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glucose simulations as well. Only for drug effects on insulin-dependent gluand AUCGD/PL
.
cose clearance with NO, was the bias large in both θ
and
There was also a small, though significant bias for both θ
for NO. Thus, although NO design being surprisingly powerAUCGD/PL
ful, it resulted in the worst precision and accuracy. The accuracy and precision
of parameters and glucose concentrations derived from OGTT, IVGTT and
GGI were overall good for all MoAs. Thus, the most powerful study designs,
albeit including the two most invasive, are also producing accurate and precise
estimates. Both sMTT and MTT-24 designs were disappointingly biased in
terms of θ . These designs mimic real life the most, but the accuracy was poor
for θ , θ
and θ , and in particular the precision for sMTT of θ
.
Slightly reassuring was the results of accuracy and precision of AUCGD/PL
for these designs, as they performed similar to other designs.
Our results represent a model-based analysis. Although not investigated, it
is possible that the results would hold true for a more traditional analysis, such
as a t-test of AUCG with and without treatment; that remains however to be
verified. Noting that the results would be invalidated if a t-test of AUCG was
performed on baseline-corrected AUCG as the information of drug effects on
basal conditions would be disregarded. Based on our results, an overall summary (Table 9) was developed, this guidance can be used in a scenario when
the IGI model is used, involving a certain expected drug effect.
Table 8. The study power of each design given as the ratio for how many times more
individuals are needed for sMTT to achieve equivalent power to the compared design.

Target of
deug effects

Study designs
BINS
CLG
CLGI
EGP
GABS

sMTT
1
1
1
1
1

MTT-24
8.7
0.6
17.3
2.0
3.9

OGTT
1.5
0.3
2.8
0.6
0.4

NO
2.0
0.8
2.7
1.7
-

IVGTT
5.8
2.8
18.0
4.2
-

Table 9. Recommendation on study design based on REE , REE
pothesized site of drug mechanism of actions.
Targets of
drug effects
BINS
CLG
CLGI
EGP
GABS

/

GGI
5.4
3.9
7.9
4.8
-

and hy-

/

Best
MTT-24
GGI
IVGTT
GGI
MTT-24

Less invasive alternative
NO
sMTT
OGTT
NO
sMTT

Best
Less invasive alternative
IVGTT
NO
MTT-24
sMTT
IVGTT
OGTT
GGI
NO
MTT-24
sMTT
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Figure 23. A descriptive representation of the distribution of REE of both the parameter and AUCGD/PL for each of the study designs with all of the drug effects.
The red color denotes the most powerful study design and the gray color denotes the
2nd most powerful study design.

62

Optimal designs for SG and SI Model-based assessment
In the first optimization, where the hot glucose was allowed to vary within the
design space, the optimized design had glucose dose of 0 mg/kg and hot glucose dose approached the maximum allowed dose in the design space, as the
valuable information obtained from administrating hot glucose allowed full
description of glucose kinetics with unique separation of endogenous glucose
production from glucose elimination, and cold glucose becomes rather unimportant. Unfortunately for practical issues the whole glucose dose cannot be
hot glucose, so hot glucose was fixed to 10 % of total glucose dose for the
remainder of optimizations. With this condition set, the results of the optimizations are presented in Table 10 with the sampling schedules in Table 11. On
optimizing all design variables simultaneously without restrictions (left side
of Table 10), all optimized designs introduced baseline measurement followed
by start of insulin infusion before glucose administration by ~1 min for sparse
design and ~3 min for rich design. Replicates of samples were always introduced, as these replicates are informative for residual error. For optimized rich
design, Insulin infusion was chosen at baseline state before initiating glucose
dose which was 60% of the standard glucose dose. Insulin amount was 3.4
times the standard insulin dose, and infusion duration was 15 times longer
than the standard infusion duration. Such design pushed the system close to
the most informative state for the parameters of interest but introduces hypoglycemia. Sampling times were focused in specific ranges with much fewer
samples during the periods of rapid changes in glucose and insulin and focusing more on the periods where the feedback mechanisms are dominating, i.e.
the elimination phase, and hypoglycemia ~108 min after dose administration
until the end of the IVGTT.
Higher doses for glucose and insulin were needed to optimize the sparse
design compared to the rich design. Glucose dose was 83% of standard glucose dose, insulin dose 5.2 times the standard insulin dose and infusion duration was 14.2 times longer than the standard infusion duration. The optimized
sparse design was more efficient than the SRD despite 22 fewer samples.
However, 55% and 78% of simulated patients of the optimized rich and sparse
designs, respectively, showed hypoglycemia. To overcome this design problem, a set of simulations of the SRD with varying glucose and insulin doses
within the range of results were performed, aiming to find a proper dosing that
can be fixed during further optimizations. A recommended design with lower
glucose dose (90 mg/kg) and lower insulin dose (24 mU/kg) was chosen that
would cause hypoglycemia in less than 2% of the simulated patients. Average
glucose concentrations’ time profiles following the four different dosing
schemes: the SRD, the optimized rich design, the optimized sparse design and
the recommended design, are shown in Figure 24, where the recommended
design shows fewer cases of hypoglycemia than the optimized designs. Two
designs were deduced from the recommended design: rich and sparse design
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where only the sampling times were optimized, shown in the right side of Table 10. The optimized rich recommended design without replicates was 1.10
times efficient as SRD. The interpretation of this is that by lowering the glucose and insulin dose, 10% fewer patients can be included in a study and 15
fewer samples can be taken with maintained precision of parameters’ estimates related to SG and SI. All optimized designs showed good precision even
with sparse sampling, thus using optimized designs with low efficiency would
still provide well estimated parameters. The improvement was substantial for
and that had extremely poor expected precision under standard designs.
Although the study population size in this work was large, the results of efficiency are valid for other study population sizes; only the actual precision of
the parameters will depend on the study population size.
Table 10. Table of designs. Standard rich design (SRD) and standard sparse design
(SSD) are reference designs. Two design spaces are defined: a full flexible and a
recommended with restricted space for size and time of doses. Optimized rich design
(ORD) and optimized sparse design (OSD) are optimizations from the full flexible
design space while optimized recommended rich design (ORRD)and optimized recommended sparse design (ORSD) are based on the recommended design space. The
effect on efficiency of removing replicates (w/o rep) was also investigated.
SRD

SSD

Glucose dose [mg/kg]

330

330

Design
space
50-330

Time of glucose dose [min]

0

0

0-10

Insulin dose [mU/kg]
Time of insulin infusion [min]
Insulin infusion duration
[min]
No. of samples

30
20

30
20

5

5

32

10

0-180
0-240
1-240

ORD

277

OSD
w/o rep
277

Recommended
design space
901

0.94

0.94

01

OSD

201

ORD
w/o rep
201

3.0

3.0

103
0

103
0

158
0

158
0

75

75

71

71

32

15

10

8

-

ORSD
w/o rep
-

-

-

-

-

24

1

-

-

-

-

20

1

-

-

-

-

-

-

-

-

32

17

10

9

5

1

ORRD
-

ORRD
w/o rep
-

ORSD

Efficiency SRD ref.

1

0.14

-

3.4

1.9

1.4

1.0

-

1.8

1.1

0.74

0.66

Efficiency SSD ref.

6.9

1

-

23

13

9.4

7.1

-

2.8

7.3

5.2

4.6

1

Parameters fixed during optimization

Table 11. Table of sampling times. Number of replicates in a sampling time is given
in parenthesis.
Design

Sampling times [min]

Standard Rich
Optimized Rich
Optimized Recommended Rich
Standard Sparse
Optimized Sparse
Optimized Recommended Sparse

0, 2, 3, 4, 5, 6, 8, 10, 12, 15, 18, 20, 22, 24, 26, 28, 30, 35, 40, 45, 50, 55, 60, 70, 80, 100, 120, 140, 160, 180, 210, 240
0 (9), 6, 8, 15 (2), 20, 43, 44 (5), 78 (2), 108 (2), 147 (2) 220, 230 (2), 233, 235, 240
0, 2, 3, 4, 12, 15 (3), 20, 22, 24, 24.5, 26, 28, 29, 44 (3), 100, 103 (5), 240 (7)
0, 2, 10, 15, 30, 45, 70, 100, 150, 240
0 (2), 1, 15, 74 (2), 93, 137, 230, 240
0, 2, 15 (2), 30, 45, 100, 103, 211, 230
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Figure 24. Plots of the average glucose concentration time profile under different
designs using the rich sampling times, A recommended design with glucose dose 90
mg/kg given at time 0, and insulin infusion of 24 mU/kg started at 20 min, for 5min,
showed a hypoglycemia less likely profiles than both the optimized rich design and
optimized sparse design.
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Conclusions

In conclusion, new more informative models were successfully developed by
acknowledging the complexity of the data, novel methods were proposed and
applied for model development/evaluation process, and models were used to
improve study designs for clinical trials and clinical diagnosis.
In specific:
 A novel method was developed and applied to investigate the translation
of information between NLME models.
 The clinically used parameters in the IMM were successfully mapped to
their corresponding IGI model parameters.
 The description of hepatic glucose production in the IMM was investigated and its impact on the clinical diagnosis indices was quantified.
 An improved version of the IMM was developed for healthy individuals
and patients with T2DM, with a more appropriate description of hepatic
glucose production that enhances the overall description of glucose kinetics. In addition to clinical assessment of metabolic indices, the model can
be used to explore disease progression, drug effects or to optimize the
study design for both clinical trials or clinical diagnosis.
 A novel diagnostic tool based on residual analysis was developed, that can
identify the nature and the magnitude of RUV model misspecification in
a fast and robust way while suggesting improvements. It is already implemented as resmod tool in PsN.
 A novel method based on CWRES modeling to assess quantitatively
structural model assumptions was developed, evaluated and applied to
two integrated complex semi-mechanistic models. The new method can
identify structural misspecification, wherever this misspecification occurs, and quantify the magnitude and impact on goodness of fit. It is already implemented in PsN as part of qa tool for model development/evaluation process.
 The possible merits of linearization if used to evaluate RUV models for
continuous data was investigated. Linearization performed similar to residual modelling in identifying significant RUV extensions. In addition,
linearization can predict the impact of including RUV extensions on the
variability assigned to model parameters and their uncertainties, allowing
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its utilization for variability attribution with automated model building
procedures.
A multi-state model for competing risk analysis of the FDPS was developed in a NLME platform. The model described the dependence of mechanisms leading to incomplete observations and accounted for the occurrence probability of the non-terminal processes in the interval between
visits, while allowing simultaneous estimation of covariate effects on all
transition intensities.
The most appropriate glucose provocation study depends on and can be
predicated from the drug’s MoA. An overall summary was developed to
aid designing the studies of antihyperglycemic drugs using model-based
analysis.
Two optimized IVGTT designs for model-based assessment of glucose
effectiveness and insulin sensitivity in patients with T2DM were presented. These designs are more efficient than standard rich and sparse designs respectively, with reduced resources, reduced discomfort for the patients, constrained to prevent hypoglycemia and providing precisely estimated parameters.
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