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Effective long-term treatment of Type 2 Diabetes Mellitus (T2DM) implies modification of
the disease processes that cause this progressive disorder. This paper proposes a mechanism-
based approach to disease progression modeling of T2DM that aims to provide the ability to
describe and quantify the effects of treatment on the time-course of the progressive loss of
β-cell function and insulin-sensitivity underlying T2DM. It develops a population pharma-
codynamic model that incorporates mechanism-based representations of the homeostatic feed-
back relationships between fasting levels of plasma glucose (FPG) and fasting serum insulin
(FSI), and the physiological feed-forward relationship between FPG and glycosylated hemo-
globin A1c (HbA1c). This model was developed on data from two parallel one-year studies
comparing the effects of pioglitazone relative to metformin or sulfonylurea treatment in 2408
treatment-naı̈ve T2DM patients. It was found that the model provided accurate descriptions
of the time-courses of FPG and HbA1c for different treatment arms. It allowed the identi-
fication of the long-term effects of different treatments on loss of β-cell function and insu-
lin-sensitivity, independently from their immediate anti-hyperglycemic effects modeled at their
specific sites of action. Hence it avoided the confounding of these effects that is inherent
in point estimates of β-cell function and insulin-sensitivity such as the widely used HOMA-
%B and HOMA-%S. It was also found that metformin therapy did not result in a reduction
in FSI levels in conjunction with reduced FPG levels, as expected for an insulin-sensitizer,
whereas pioglitazone therapy did. It is concluded that, although its current implementa-
tion leaves room for further improvement, the mechanism-based approach presented here
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constitutes a promising conceptual advance in the study of T2DM disease progression and
disease modification.
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INTRODUCTION

Type 2 Diabetes Mellitus (T2DM) is a progressive metabolic disor-
der that is characterized by a progressive loss of glycemic control, evi-
dent in rising plasma glucose levels beyond the normal physiological range.
This loss of glycemic control is caused by a disruption of the glucose–
insulin homeostasis, due to the chronic loss of sensitivity to insulin in liver,
muscle and fat tissues, coupled with the progressive failure of pancreatic
β-cells to compensate for this decreased sensitivity with increased insulin
secretion (1–4). In the homeostatic feedback relationships between blood
glucose and insulin, rising plasma glucose levels stimulate the β-cells to
produce more insulin. Rising insulin concentrations, in turn, stimulate the
absorption of glucose in muscle and fat and, in the fasting state, sup-
press the production of glucose in the liver (5). In pre-diabetic individ-
uals with impaired glucose tolerance (IGT), insulin-sensitivity is typically
reduced, requiring higher insulin levels (hyperinsulinemia) to maintain gly-
cemic control. However, if in addition to this, β-cell function also becomes
impaired, insulin secretion can no longer maintain the augmented insulin
levels required to compensate for the decreased insulin-sensitivity, resulting
in insufficient uptake of glucose in muscle and fat, inadequate suppression
of hepatic glucose production, and overt hyperglycemia.

Because plasma glucose and insulin concentrations are subject to
severe fluctuations in relation to food intake, the primary glycemic bio-
marker is glycosylated hemoglobin A1c (HbA1c), which provides reliable
information on glycemic control over the mid to long term. The most
important secondary biomarkers used are fasting plasma glucose (FPG)
and fasting serum insulin (FSI), which are more responsive to changes in
glycemic control in the short-term, while avoiding the problems associated
with food intake (provided strict compliance to fasting). It is important to
note here that in the fasted state glycemic control is maintained primarily
by the regulation of endogenous glucose production in the liver and that,
hence, peripheral uptake of glucose plays only a minor role in the control
of FPG and FSI.
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The long-term United Kingdom Prospective Diabetes Study (UKPDS)
has shown that intensive pharmacological therapy with conventional anti-
hyperglycemic agents (including insulin, various sulfonylureas and met-
formin) does not affect the progression of T2DM. It was found that,
although efficacious in the short-term, these agents fail to prevent a
continuing deterioration of glycemic control with time due to an
unimpeded, progressive loss of β-cell function (6, 7). These findings
establish the need for pharmacological agents with disease-modifying
properties capable of maintaining glycemic control over the long-term, and
imply that effectiveness comparisons of antihyperglycemic agents should
explicitly take their long-term effects on T2DM disease progression into
account.

The evaluation of disease-modifying properties that protect against
the progression of T2DM poses several challenges. Firstly, T2DM pro-
gression is a very gradual process that typically takes place over several
decades and therefore leaves only a relatively small trajectory of change
within the limited time frame of a clinical trial (in the order of approxi-
mately 0.2% HbA1c/year (6, 7)), which is difficult to detect. Secondly, in
order to meet short-term effectiveness requirements, anti-diabetic agents
need to have relatively rapid acting effects on glycemic control in addi-
tion to any long-term effects. Another challenge is therefore to disentan-
gle the short-term hypoglycemic effect of an agent from its long-term
effects, a problem that is exacerbated by the fact that for reasons of ethics,
longer-term placebo data are difficult to come by. A third challenge fol-
lows from the absence, in human trials, of any direct biomarkers for the
actual disease processes underlying T2DM. Hence, modification of these
disease processes cannot be measured directly and has to be inferred from
the integrated time courses of more readily available glycemic biomarkers,
such as FSI and FPG.

The traditional change from baseline approach to evaluating clin-
ical trial data on the effectiveness of antidiabetic agents fails to meet
these challenges on all three counts. This approach typically involves com-
paring disease status in terms of glycemic control at the beginning and
end of the trial, usually combined with last-observation-carried-forward
imputation to account for study drop-out. However, this approach effec-
tively collapses the time dimension in the data, and thus disregards the
actual trajectory of change in disease status over time. As a result, it not
only ignores crucial information on disease progression, but also lumps
together the short-term hypoglycemic effects of a treatment with its long-
term effects on the disease. Therefore, even if in the traditional change
from baseline approach point estimates of β-cell function and/or insulin-
resistance are obtained through homeostatic model assessment (HOMA)
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(8), it is difficult to distinguish the disease-modifying properties of a treat-
ment from its direct hypoglycemic effects.

In contrast, disease progression analysis allows a quantitative assess-
ment of the effect of drug treatment on the time-course of the disease.
It uses mathematical models to describe, explain, investigate and predict
changes in disease status as a function of time (9, 10). Frey et al. have
developed such a model for T2DM to study the long-term effect of glic-
lazide on FPG in 634 type 2 diabetic patients (11). A population Pharma-
cokinetic–Pharmacodynamic (PK–PD) model incorporating a linear model
for disease progression was used to quantify the time-course of effect of
gliclazide based on repeated FPG determinations. A mean rate of disease
progression expressed in terms of increasing FPG concentrations during
gliclazide treatment was estimated at 0.84 mmol l−1 per year, although with
a large variability between individuals of 143%. This descriptive model
could be used to simulate the impact of chronic loss of glycemic control
on the initial improvement of glucose control induced by gliclazide over
1 year at different dose levels. Hence, it constitutes an important advance
over the traditional change from baseline approach.

Despite its merits, however, the model by Frey et al. (11) does not
address all problems associated with assessing possible treatment-specific
disease-modification of T2DM, as outlined above. Firstly, the model is
purely descriptive of the effect of gliclazide on the time-course of FPG,
which is only one of the symptoms of the combined effects of loss of
β-cell function and insulin-sensitivity over time. Therefore, it is not suit-
able to model any disease-modifying effects of a treatment on these more
fundamental disease processes that cause the observed loss of glycemic
control. Secondly, because data on FSI are not included in a mechanism-
based structure, it does not allow a representation of the effect of gliclaz-
ide at its specific site of action as an insulin secretogogue. Thirdly, because
data on HbA1c are not included, it does not provide a model-based pre-
diction of the long-term effects of treatment on this primary effectiveness
endpoint for T2DM.

Here we aim to address these limitations of the Frey model by devel-
oping a mechanism-based population PD approach that allows the analy-
sis of disease progression in T2DM at the more fundamental level of the
processes actually causing the disease (12). Although these processes, the
chronic loss of β-cell function and insulin-sensitivity, are not readily mea-
surable in vivo, Matthews and co-workers have demonstrated that their sta-
tus can be inferred from homeostatic interaction between FPG and FSI
(8). Their point estimates HOMA-%B and HOMA-%S express β-cell func-
tion and insulin-sensitivity as a percentage relative to the average healthy
individual, but are confounded by anti-hyperglycemic treatment (13).
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The current study aims to develop this approach by showing that it
is possible to integrate information on the time-course of the disease avail-
able in data on FPG, FSI and HbA1c into a single comprehensive, physio-
logically meaningful model structure. This comprehensive model structure
will incorporate mechanism-based representations of the homeostatic feed-
back relationships between FPG and FSI, and the physiological feed-
forward relationship between FPG and HbA1c. The mechanism-based rep-
resentation of the glucose–insulin homeostasis should allow the model to
describe T2DM progression in terms of loss of β-cell function and insulin-
sensitivity over time, and to represent the effects of different treatments at
their specific sites of action. In this way, it aims to differentiate the imme-
diate effects of a treatment on glycemic control from its long-term, dis-
ease-modifying effects on the chronic loss of β-cell function and insulin-
sensitivity. The model was developed on data from two one-year parallel
studies of the QUARTET study group, comparing the long-term effects
of pioglitazone, metformin and gliclazide monotherapy on FSI, FPG and
HbA1c in treatment-naı̈ve type 2 diabetics (14, 15).

Pioglitazone, metformin and gliclazide achieve their anti-hyperglyce-
mic effects through different physiological mechanisms. Pioglitazone is a
novel member of the thiazolidinedione class of insulin-sensitizing agents
(4), which has recently been approved as monotherapy for T2DM patients
who are not adequately controlled by diet and exercise alone. As a nuclear
peroxisome proliferator-activated receptor-γ agonist, pioglitazone affects
insulin resistance in T2DM patients by increasing insulin sensitivity in the
liver, muscle and adipose tissue (16, 17). Hence, pioglitazone achieves its
antihyperglycemic effects by enhancing peripheral glucose uptake as well
as reducing hepatic glucose production. Metformin and sulfonylurea com-
pounds (e.g. gliclazide) form the mainstays of current oral pharmacolog-
ical treatment of T2DM. Metformin is a biguanide compound that acts
primarily by decreasing hepatic glucose production, but its precise mecha-
nism of action is still not completely understood. It is generally classified
as an insulin-sensitizer that, as such, lowers both FPG and, indirectly, FSI
(2–4). Gliclazide is a 2nd generation sulfonylurea compound that stimu-
lates insulin secretion by the pancreatic β-cells (2–4).

METHODS

This study applies a mechanism-based population PD disease progression
approach to the results of two Phase III, one-year efficacy studies comparing
pioglitazone to either metformin or sulphonylurea in monotherapy of newly
diagnosed T2DM patients, which were naı̈ve to antidiabetic medication.
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Study Data

In this analysis, data from two multicenter, randomized, double-blind,
double-dummy, parallel-group studies on the long-term safety and effec-
tiveness of pioglitazone versus metformin (EC404) or gliclazide (EC405)
for the treatment of T2DM in treatment-naı̈ve patients were simulta-
neously analyzed. The study characteristics of both studies are described
in detail elsewhere (14, 15). In brief, the main inclusion criteria were:
male or female T2DM patients inadequately controlled by diet alone, aged
between 35 and 75 years, with HbA1c ≥7.5% and <11.0%, for whom diet
was prescribed for at least 3 months. Patients with concomitant diseases
that could affect glucose homeostasis were not eligible to be randomized
into the study. No antidiabetic medication other than the study medication
was allowed prior to or during the entire study.

The study duration of 52 weeks was preceded by a 2-week screen-
ing period, and consisted of a 12-week forced titration period followed
by a 40-week maintenance period at the individual optimal dose (EC404;
see Fig. 1) or a 16-week titration period followed by a 36-week mainte-
nance period (EC405; see Fig. 1). Treatment consisted of either (a) piog-
litazone 30 mg or 45 mg once daily, or (b) metformin 850 mg once daily
to 850 mg three times daily (EC404), or (c) gliclazide 80 mg once daily to
160 mg twice daily (EC405). The objective of forced titration during the
first weeks of the study was to reach the individual maximum tolerated
dose as quickly as possible. Dose levels were increased at each visit dur-
ing the titration period unless the patient had experienced adverse events
including hypoglycemia at the previous dose, or the investigator considered
the patient at risk of adverse events should the dose be further increased.
In the pioglitazone group, at the end of the forced titration period 83.5%
of patients received maximum dose, in the metformin group 61.6%, and in
the gliclazide group 27.9% of patients received the maximum dose level.
Glycemic control was evaluated with change in HbA1c (%) as the pri-
mary marker for effectiveness; FPG (mmol l−1) and FSI, (mU l−1) were
measured as secondary markers for effectiveness. A maximum of 10 obser-
vations each for HbA1c and FPG, and 9 for insulin, per subject were eval-
uated for a population of 2408 subjects for the pooled studies (EC404:
1176; EC405: 1232). All observed values were log-transformed prior to
analysis to remove the positive skewness towards large values.

All treatment groups were well matched with respect to gender, age
group, body mass index (BMI) and duration of diabetes, and baseline
demographic characteristics were typical for patients with type 2 diabe-
tes (14, 15). Compliance regarding the intake of the study medication was
calculated based on the number of tablets dispensed minus the number
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Fig. 1. Overview of study design for studies EC404 and EC405.

of tablets returned as a percentage of the number of tablets that should
have been taken. Thus determined, mean compliance with active treatment
was estimated at 101.4% in the pioglitazone group and 102.3% in the met-
formin group of study EC404, and 98.7% in both the pioglitazone and
gliclazide groups of study EC405. Although these estimates are probably
inflated, their overall similarity indicates that the study data are not con-
founded by baseline differences or differences in compliance between treat-
ment groups.

Model Description

The model was based on the homeostatic feedback relationship
between FSI and FPG. In the fasted or basal state, plasma glucose lev-
els are primarily determined by endogenous glucose production in the
liver. Most glucose uptake is to the brain, which is insulin-independent.
If the FPG concentration rises, this stimulates the release and produc-
tion of insulin by the β-cells in the pancreas, resulting in rising FSI
concentrations. These elevated FSI concentrations, in turn, suppress the
production of glucose by the liver, resulting in a reduction in FPG con-
centrations. Because brain function quickly deteriorates when plasma glu-
cose concentrations become too low, FPG concentrations need to exceed
a certain minimum threshold before they can stimulate the production of
FSI (empirically determined at approximately 3.5 mmol l−1 (8)). In healthy
individuals, this homeostatic system of feedback relationships keeps FPG
concentrations within their physiological range (3.5–7 mmol l−1). If the
sensitivity to insulin in the liver is reduced, permanently elevated FSI con-
centrations are needed to suppress hepatic glucose production and main-
tain glycemic control. If, in addition to reduced insulin-sensitivity, β-cell
function is also impaired, insulin production becomes insufficient to main-
tain the high FSI levels required to suppress hepatic glucose production
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(often 200% of normal), and fasting hyperglycemia (FPG >7 mmol l−1)
ensues.

In the current model, the physiological FPG–FSI homeostasis was
implemented as two linked turn-over models (18) describing the dynamics
of FSI and FPG (Fig. 2). The homeostatic feedback relationship between
FPG and FSI and the feed-forward relationship between FPG and HbA1c
were described in the following system of interrelated differential equa-
tions:

dFSI
dt

= EFB · B · ( FPG − 3.5 ) · kinFSI − FSI · koutFSI (1)

dFPG
dt

= kinFPG

EFS · S · FSI
− FPG · koutFPG (2)

dHbA1c
dt

= FPG · kinHbA1c − HbA1c · koutHbA1c. (3)

Here, the various kin parameters are the influx rates and the kout param-
eters are the efflux rate constants for FSI, FPG and HbA1c turn-over,
respectively. At time t , the rate of FSI production is proportional to
the FPG concentration, taking the empirically determined threshold of
3.5 mmol l−1 for FPG stimulated FSI production (8) into account, while
the rate of FPG production is inversely proportional to the FSI concen-
tration. At the same time, the production rate for HbA1c is proportional
to the FPG concentration. With a typical rate of increase in HbA1c in the
order of 0.2% over a period of one year (6, 7), the fraction of hemoglo-
bin molecules involved in this process is so small that hemoglobin was not
considered a limiting factor.

The coefficient B in Eq. (1) represents the fraction of remaining β-
cell function relative to normal functionality in healthy persons, and the
coefficient S in Eq. (2) represents the fraction of remaining hepatic insulin-
sensitivity relative to normal sensitivity in healthy persons. That is, B
and S are system-specific factors that represent disease status at time t
and range between 1 (full, normal functionality) and zero (complete loss
of functionality). Because disease progression in T2DM is caused by a
chronic loss of both β-cell function and insulin sensitivity, the coefficients
B and S should be allowed to decrease as a function time. However,
as these disease processes are bounded by a complete loss of function-
ality, linear functions such as used by Frey et al. (11) are physiologi-
cally unrealistic: patients with lower residual functionality at baseline are
likely to show lower rates of disease progression. This implies that the dis-
ease history of patients as they enter the study at t=0 should be taken
into account. Therefore, a chronic loss of both β-cell function and insulin
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Fig. 2. Schematic representation of the structure of the mechanism-based population PD dis-
ease progression model, including the homeostatic feedback between FSI and FPG and the
feed-forward between FPG and HbA1c.

sensitivity was modeled by letting the coefficients B and S decline as
asymptotic functions of time that go from 1 to zero as t goes from minus
infinity to plus infinity:

B = 1
/
1 + exp(b0 + rB · t) (4)

S = 1
/
1 + exp(s0 + rS · t) (5)

Here, the parameters b0 and s0 represent a shift of the disease progres-
sion curves along the time axis: large values indicate that patients have a
longer disease history and are further progressed at baseline. Hence, the
baseline estimates for β-cell function and insulin sensitivity are found by
B0 = 1/(1 + exp(b0)) and S0 = 1/(1 + exp(s0)). The parameters rB and rS

determine the slope of the disease progression curves and hence the rate
of change over time in B and S, respectively. For positive values for rB

and rS Eqs. (4) and (5) asymptotically tend to 0 as t goes to infinity, rep-
resenting the natural course of disease progression in T2DM, whereas for
negative values these equations tend to 1, which would represent a reversal
of the disease processes towards the healthy state.

The coefficients EFB and EFS in Eqs. (1) and (2) are treatment-
specific factors that, attaining values of 1 (in untreated subjects) or
greater, represent the effects of different pharmacological agents at their
specific site of action. Hence, values for EFB greater than 1 repre-
sent the stimulatory effect of insulin-secretogogues such as gliclazide on
the β-cells, counter-acting loss of β-cell function reflected in values of
B smaller than 1. The parameter EFS in Eq. (2) counteracts loss of
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hepatic insulin-sensitivity reflected in values of S between zero and 1, thus
representing the suppressing effect on hepatic glucose production of insu-
lin-sensitizers such as pioglitazone and, purportedly, metformin. PK infor-
mation for the exposure to the different treatments was not available in the
data. At the present stage of model development, therefore, it was assumed
that all treatments take immediate effect at their specific sites of action,
and the treatment effects EFB and EFS were modeled as step-functions
of time. However, due to the delay brought about by the linked turn-over
models, this immediate onset of effect at site of action is expressed in a
slow onset of effect at the level of the observable glycemic biomarkers.
Although not explicitly modeled, therefore, delays in the onset of effect
due to the PK of the treatments are (partially) accounted for by slight
adjustments of the rate parameters in the turn-over models for FPG and
HbA1c.

Modeled as step-functions, EFB and EFS represent purely symptom-
atic effects that are switched on at start of treatment and switched off as
treatment is discontinued. However, in addition to such immediate symp-
tomatic effects, treatments may also affect the long-term progression of
the disease by modifying, either directly or indirectly, the underlying dis-
ease processes. To account for such long-term effects, rB and rS in Eqs. (4)
and (5) were allowed to vary between treatments. Because no placebo data
were available, the gliclazide treatment arm was used as reference, and the
rB and rS for metformin and pioglitazone were estimated proportionally to
those for gliclazide.

Matthews and co-workers were the first to use the homeostatic rela-
tionships between FSI and FPG to assess β-cell function and insulin-resis-
tance in their homeostasis model assessment or HOMA approach (8). In
healthy, normal subjects they estimated a plasma glucose:insulin response
of FSI = 5·(FPG−3.5) with typical fasting values of 5 mU l−1 for FSI
and 4.5 mmol l−1 for FPG. These typical values can be substituted in Eqs.
(1) and (2), with EFB=EFS=B=S=1 for healthy, untreated individuals.
Assuming steady-state at t=0, this allows the baseline estimates B0 and S0
in untreated patients to be expressed in terms of their baseline estimates
FSI0 and FPG0, yielding the widely used estimates for β-cell function and
insulin-sensitivity HOMA-%B and HOMA-%S (8, 15):

B0 = FSI0

5 · (FPG0−3.5)
= HOMA − %B (6)

S0 = FPG0 · FSI0

22.5
= HOMA − %S. (7)

Hence, by calibrating the model to the typical glucose:insulin response in
healthy subjects used in the HOMA approach, its baseline estimates for
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both β-cell function and insulin-sensitivity conform to the widely used
HOMA estimates. Substituting the typical values for FSI and FPG found
by Matthews et al. in Eqs. (1) and (2) also allowed, still under the assump-
tion of steady-state, to expressed each kin parameter in these equations as
a function of its corresponding kout parameter, i.e. for FSI kin = 5·kout and
for FPG kin = 22.5 · kout. The baseline value for HbA1c (HbA0) in Eq. (3)
was estimated relative to the baseline estimate for FPG, and in this equa-
tion kin was expressed as kout times the fraction HbA0/FPG0 (frHbA0).

To allow a comparison of our mechanism-based model with the
descriptive model of gliclazide on FPG by Frey et al., we developed a sim-
ilar model on the current FPG data for the gliclazide treatment arm:

FPGt = FPG0 + Et + α · t. (8)

Here FPGt is the fasting plasma glucose status at time t , FPG0 the base-
line fasting plasma glucose, Et is the predicted (symptomatic) drug treat-
ment effect at time t and α presents the slope of the FPG status over time
during gliclazide treatment. As individual AUC’s were not available in the
current study, the relationship between gliclazide effect and FPG decrease
was assessed with a reduced form of the effect model proposed by Frey
et al. The treatment effect was modeled using an Emax model coupled with
an effect compartment model, as described by:

Et = Emax · (1 − exp(−keq · t − tstart))

(EC50 + (1 − exp(−keq · t − tstart)))
. (9)

Here Emax is the maximum effect of gliclazide on FPG, tstart the first time-
point of active drug administration, keq the rate constant of equilibrium
(keq = ln(2)/Eqt1/2 (= equilibrium half-life) and EC50 the time at which
half the effect was reached.

In analogy with the model proposed by Frey et al., a possible effect
of gliclazide on the long-term time trend of FPG (disease modifying
effect) was not analyzed, nor was a reference treatment included (as glic-
lazide was in the current study). No placebo data were reported in the
study by Frey et al., or in the current study. The model was kept iden-
tical to the mechanism-based model with respect to the description of the
titration period and a division between responders/non-responders, as pro-
posed by Frey, was not made.

Modeling Approach

The model for T2DM disease progression described above was imple-
mented as a population PD model. Population PD analysis employs
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a non-linear mixed-effects model framework that combines a structural
model based on a set of differential equations that describe the non-linear
dynamics of a process (here glycemic control over time as a result of dis-
ease progression and treatment effects), with random effects to allow for
variability in model parameters. This allows discrimination between inter-
individual (between-subject) variability and residual variability, including
within subject variability (19).

Except for the inter-individual variability (IIV) in the rate parameters
rB and rS , which were assumed to be normally distributed, the IIV in all
other parameters was assumed to be log-normally distributed and, there-
fore, included into the model as exponential terms. Because the data were
log-transformed before model analysis, the log of the prediction was fitted
to log-transformed data and hence residual variability was described with
additive error models for FSI, FPG and HbA1c. Occasionally, unnaturally
high values for FSI occurred in the raw data, which indicated non-compli-
ance with fasting. For this reason, an additional error term was included
for all FSI observations that were larger than 30 mU l−1 (Sheiner, personal
communication). FSI observations over 55 mU l−1 (1% of all FSI observa-
tions) and their corresponding FPG observations were removed from the
data because of obvious non-compliance with fasting.

Given the complexity of the model structure and the large amount of
data, runtimes were an issue of considerable practical importance. Most
model development, therefore, was performed on a subset of 600 patients
(200 for each treatment) that were randomly sampled from all patients that
completed all ten visits of the trials.

The model was developed and fitted to the data by means of
non-linear mixed-effects modeling using NONMEM (version V, release
1.1, GloboMax LLC, Hanover, USA). The models were compiled using
Digital Fortran (version 6.6, Compaq Computer Corporation, Houston,
Texas) and executed on computers with an AMD Athlon processor under
Windows 2000. The results were analyzed using the statistical software
package S-PLUS for Windows (version 6.2 Professional, Insightful Corp.,
Seattle, USA). A convergence criterion of three significant digits in the
parameter estimates was used. The first-order approximation was used
for initial model development, while the first order conditional estimation
(FOCE with interaction) method was used for the final model runs. Model
simulations were performed using Berkeley Madonna (version 8.01, R.I.
Macey and G.F. Oster).

The influence on the model fit of adding an additional model param-
eter (either structural or stochastical) to the model was evaluated visually
and statistically. For the visual evaluation of the model accuracy a pre-
dictive check was used, in which the identified model and the parameter
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estimates were used to simulate 1000 new datasets of the original trial (20).
The distribution of the simulated FSI, FPG and HbA1c (median and 5th
and 95th percentiles) were compared with the observed values in the orig-
inal dataset. Differences and overlap of the simulated and original distri-
butions indicate the accuracy of the identified model, and provide a tool
to diagnose bias in the model predictions of the change in the observa-
tions in time. Statistical differences in the log-likelihood of nested models
were tested by a likelihood-ratio test, where a reduction of 10.8 absolute
points (corresponding to a conservative P<0.001) in the minimum value
of the objective function (MVOF) for each additional parameter was con-
sidered statistically significant (19). If models were not structurally nested,
the Akaike Information Criterion (AIC) was used, where AIC=MVOF +
2npar and npar is the total number of structural and stochastic parame-
ters included in the model. The influence of covariates other than treat-
ment was explored graphically as part of the model development process.
Because the aim of this study was to establish proof of concept of the
mechanism-based approach presented here, a full model-based covariate
analysis was considered as outside the scope of the current analysis.

RESULTS

In the course of model development, the kout parameter for FSI in
Eq. (1) tended to very large values, indicating that this process occurs at
a time-scale too short for the resolution in the data. Sensitivity analy-
sis showed that increasing this parameter beyond a value of 1 day−1 had
very little effect on the model fit, yet resulted in very long runtimes and
adversely affected the stability of the model. Therefore, its value was fixed
to 1 day−1 (Sheiner, personal communication).

Table I shows that, during model development on a subset of 600 sub-
jects, the initial model structure, with linear functions for decline in β-cell
function and insulin-sensitivity with cut-offs at 0 and 1 (Model A), yielded
an MVOF 49.1 points inferior to a model with asymptotic exponential func-
tions as in the final model described previously (Model B; Eqs. (4) and (5)).
Between-subject variability (IIV) could be described for the baseline param-
eters (b0, s0 and frHbA0), the treatment-specific effectiveness parameters
(EFB and EFS), and the rate parameters for disease progression (rB and rS).
In the final model fitted to the full dataset on 2408 patients (D), covariance
was estimated between the random effects on b0, s0 and frHbA0. When in
model E the rB for pioglitazone was fixed to zero, this yielded a deteriora-
tion of the MVOF by 355 points, demonstrating that the negative estimate
for this parameter was significant at P<0.001.
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Table I. Overview of Some Key Modeling Steps in the Development of the Final Popula-
tion Disease Progression Model

Model descrip-
tion + changes
relative to parent

Model model MVOFa # Additional parameters Change in MVOF

Ab Linear disease
progression,
IIV on b0, s0,
frHbA0, rB and
rs and covariance
b0 × s0

−46888.7 – –

Bb Exponential
disease progres-
sion (Eqs. 4–5),
IIV structure as
model A.

−46937.8 0 −49.1*

Cb B + covariance
b0 × s0× frHbA0

−47512.6 +2 −574.8*

D C fitted to full
data on 2408
subjects

−176764.6 – –

E D with rB for
pioglitazone fixed
to 0

−176409.6 −1 355.0*

a MVOF = minimum value of objective function obtained using FOCE with interaction.
b Fitted on subset of 600 individuals.
* Indicates a statistically significant difference in goodness-of-fit compared to the parent
model (P < 0.001).

Figures 3, 4 and 5 display the results of predictive checks for FPG,
FSI and HbA1c per treatment arm. In Fig. 3, metformin and pioglitazone
show an asymmetrical overlap of the area enclosed by the 5th and 95th
percentiles of the simulated distributions with the original distributions for
FPG, indicating a satisfactory description of the observed FPG data for
these treatment arms. For gliclazide, the 95th percentile of the simulated
distribution tends to fan out as time increases, indicating that the model
tended to over-predict the upper variability in FPG levels with time for
this treatment arm. However, it should be noted that in the model sim-
ulations all subjects remain in the study for the duration of the trial even
if their glycemic control was poor, whereas in the observed data poorly
controlled subjects dropped out of the study for ethical reasons. Given
a progressive deterioration of glycemic control with time, therefore, it is
not unexpected that the model tends to predict higher upper ranges for
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glycemic levels than observed in the study data. For all treatment arms,
however, the median lines of the simulated distributions in Fig. 3 closely
follow the trends in the medians of the observed data as calculated per
visit and per treatment. This shows that the model adequately described
the average change in FPG over time for all treatments.

The predictive check for FSI yielded mixed results, which were only
partly attributable to the large variability in the FSI data. The upper
panel of Fig. 4 shows a satisfactory asymmetrical overlap and an ade-
quate agreement of the central tendencies of the simulated and observed
distributions for the pioglitazone treatment arm. The lower panel for glic-
lazide shows a similar over-prediction of the FSI variability with time as
observed for the FPG data. The central tendency of the simulated data is
offset above the medians of the observed data for this treatment group,
reflecting an overestimation of the treatment effect of gliclazide especially
during the first two months of treatment. Apart from this offset, the sim-
ulated median trend runs largely parallel to the observed trend, indicating
that the model captures the longer-term trend in observed FSI levels rea-
sonably well.

The middle panel of Fig. 4 shows the results of the predictive check
on the FSI data for the metformin treatment arm. Interestingly, the medi-
ans in the observed data show no evidence of a reduction in FSI levels
on treatment with metformin, as is the case for the pioglitazone treatment
arm in the upper panel. Such a reduction of FSI by metformin has been
reported elsewhere (21) as a necessary consequence of the suppression of
hepatic glucose production due to the reported insulin-sensitizing prop-
erties of metformin (2, 13). Accordingly, the model, due to its a priori
mechanistic assumption that metformin acts solely as a hepatic insulin-sen-
sitizer, predicted an initial decline in FSI levels as shown by the median
trend line for the simulated data in Fig. 4. Note that the model fit com-
pensates for this misspecification by predicting a subsequent increase in
FSI levels that is not evidenced in the observed data. As a result, the fur-
ther results for metformin reported below should be interpreted with cau-
tion.

Figure 5 shows the results of the predictive check for HbA1c. Gen-
erally, the model adequately described the treatment-dependent trajecto-
ries in HbA1c levels over time for the gliclazide and pioglitazone treatment
arms. In the metformin treatment arm, the medians of the observed data
show evidence of a slight rise in HbA1c levels during the last three vis-
its that was not matched by the median line of the simulated distribution.
This is probably related to the spuriously predicted secondary rise in FSI
levels due to the absence of an initial reduction of FSI by metformin, as
reported above. A slight ‘fanning out’ of 95th percentile of the simulated
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distributions for pioglitazone and gliclazide as compared to the observed
distributions is at least partly attributable to the effects of drop-out in the
observed data (see account Fig. 3 above).
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Table II shows that all parameters were estimated with considerable
precision, with coefficients of variation (CV) ranging between 0.3% and
16.2%. The estimated kout for FPG indicates an equilibrium half-life of
33 days, reflecting in the current set up the rates of onset of effect for
pioglitazone and metformin. The kout for HbA1c indicates an equilibrium
half-life of 25.5 days relative to change in FPG, reflecting the delayed
response of HbA1c. The parameter estimates for the short-term effect EFS

did not differ significantly between metformin and pioglitazone, indicat-
ing a 65–70% increase in hepatic insulin-sensitivity for these treatments.
The estimate for EFB for gliclazide indicated a 111.5% increase in insulin-
secretion (β-cell function), but this estimate is probably inflated given the
initial overshoot observed in Fig. 4.

Table II also shows that the reference group of patients treated with
gliclazide yielded population estimates for rB and rS that were significantly
larger than zero, and hence showed continued disease progression in β-cell
function and insulin-sensitivity relative to baseline. Both pioglitazone and
metformin yielded estimates for rB of less than −200% of the rB obtained
for the reference group. Table I shows that the negative estimate of rB

for pioglitazone was significant at P<0.001. However, for metformin this
negative estimate clearly reflects the spuriously predicted secondary rise in
FSI levels already discussed above and therefore does not represent a true
improvement of β-cell function. Hence, only pioglitazone showed a true
and significant improvement in predicted β-cell function over time rela-
tive to baseline. With a population estimate for rS of 101% (74.7–127%),
the metformin treatment group did not differ significantly in its rate of
decline in insulin-sensitivity from the reference arm treated with gliclazide
although, again, this finding should be interpreted with caution. The rS for
the pioglitazone treatment arm was 56.7% (39.5 – 73.9%) compared to the
reference arm.

The effects of these different estimates for rB and rS on the trajecto-
ries of change in β-cell function and insulin-sensitivity over time are dis-
played in Figs. 6 and 7. Because of the misspecification of the effect of
metformin on FSI, the model predictions for its effects on β-cell function
and insulin-sensitivity are not reliable. Therefore, the results for the met-
formin treatment arm are not displayed in these figures. Figure 6 shows
that gliclazide shows a steady decline in β-cell function over time, whereas
pioglitazone shows a steady improvement in β-cell function. Here, the
dashed line shows how the immediate, specific effect of gliclazide as an
insulin-secretogogue is gradually offset by the long-term decline in β-cell
function in the gliclazide treatment group. Similarly, in Fig. 7 a decline
in insulin-sensitivity over time in the gliclazide treatment arm is observed,
whereas the decline for pioglitazone occurs at a slower rate. Again, the
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Table II. Final Parameter Estimates of the Final Homeostatic Disease Progression Model
Applied to the Combined Data of Studies EC404 and EC405. A: Structural Parameters; B:

Stochastic Parameters

A Parameter

Estimate CV (%)a

b0 0.635 3.65
s0 1.38 1.17
kout FSI (day−1) 1 –
kout FPG (day−1) 0.021 4.06
kout HbA1c (day−1) 0.0272 1.99
frHbA0 0.82 0.28
EFB gliclazide (% increase) 111.5 2.28
EFS metformin (% increase) 69.9 3.25
EFS pioglitazone (% increase) 64.9 2.54
rB gliclazide (year−1, reference) 0.178 13.80
rB metformin (% of reference) −282 −16.20
rB pioglitazone (% of reference) −224 −15.30
rS gliclazide (year−1, reference) 0.245 8.76
rS metformin (% of reference) 101 13.30
rS pioglitazone (% of reference) 56.7 15.50

B Inter-individual variability (IIV)
Parameter Estimate CV (%)a

IIV b0 0.967 3.34
IIV s0 0.519 3.55
IIV frHbA0 0.0158 3.52
IIV EFF 0.13 3.85
IIV rB 0.0125 11.5
IIV rS 0.00805 7.83
Covariance IIV b0× IIV s0 −0.48 −3.9
Covariance IIV b0× IIV frHbA0 −0.053 −5.62
Covariance IIV s0× IIV frHbA0 −0.0185 −11.6

Residual variability
Residual Error FSI 0.0891 2.1
Residual Error FPG 0.0163 2.56
Residual Error HbA1c 0.00192 2.74
Residual Error FSI>30 mU l−1 0.375 7.55

a Coefficient of Variation, reflecting precision of parameter estimate.

dashed line shows how the treatment-specific effect of pioglitazone as an
insulin sensitizer is offset by its long-term rate of decline in insulin sensi-
tivity.

Our implementation of the descriptive model for the action of gliclaz-
ide on FPG by Frey et al., as described in Eqs. (8) and (9), was optimized
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Table III. Final Parameter Estimates of Our Implementation of the Frey Model as Applied
to the FPG Data for Gliclazide of Study EC405

Parameter Inter-individual variability

Estimate CV(%) Estimate CV(%)

F PG0: Baseline FPG (mmol l−1) 10.9 0.93 0.049 6.10
α: slope of the FPG status over 1.2 10.2 1.72 20.6
time (mmol l−1 year−1)
Covariance between IIV FPG0 −0.0978 −11.9
and EC50
Emax −20.7 −27.6
EC50 (day) 5.79 33.3 0.397 18.8
Eqt1/2: Equilibrium half-life (day) 15.2 10.7
keq (day−1) 0.046
Residual Error FPG 0.0183 4.72

under FOCE with the interaction option, as opposed to the FO method
used by Frey et al. (11). Similarly, a significance level of p<0.001 (10.8
points decrease in MVOF) was used in guiding decision making regard-
ing optimal model design, as opposed to 0.05 used by Frey et al. Between-
subject variability was identified on FPG0, α and EC50. A proportional
residual variability described the data best, as opposed by the additive
residual variability used by Frey et al. No significant effect of baseline
FPG on Emax or any other parameter could be identified. Table III shows
the final parameter estimates for this model as obtained on the FPG data
for the gliclazide study arm. Generally, the precision of the parameter esti-
mates for this model is adequate (CV 0.93–33%). The baseline estimate
for FPG for the Frey model as applied to our data (10.9 mmol l−1) was
slightly higher than the baseline estimate for treatment-naı̈ve patients pub-
lished by Frey et al. (9.6 mmol l−1), and the baseline estimate for FPG of
our mechanism-based model (10 mmol l−1). The constant rate of increase
in FPG of 1.2 mmol l−1 year−1 estimated by the Frey model on our data
was 43% higher than the published estimate of 0.84 mmol l−1 year−1 pub-
lished by Frey et al.

Figure 8 shows 10 year predictions (corresponding to the duration of
the UKPDS studies) of FPG concentrations for treatment with gliclaz-
ide, based on simulations with our mechanism-based model (Table II),
the Frey model as implemented on our data (Table III), and the Frey
model as published (11). Our mechanism-based model predicts a nearly
linear increase in FPG from year one onwards, at an approximate rate of
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1 mmol l−1 year−1 (found by robust linear regression) that is intermediate
between the rates of increase estimated by both applications of the Frey
model. This figure also shows that in our model a nearly linear increase
in FPG is the resultant of two clearly non-linear disease processes. Note
that both the rate of onset and the size of effect of gliclazide action on
FPG concentration predicted by our mechanism-based model appear vir-
tually identical to those predicted by the published Frey model.

DISCUSSION

Mechanistic PD models contain specific expressions to describe the
mechanism of action of the drug and one or more physiological processes,
thus allowing a distinction between drug- and system-specific parameters
(12). The current study develops a mechanism-based approach to disease
progression modelling of T2DM. This approach integrates data on FPG,
FSI and HbA1c into a comprehensive, physiologically meaningful model
structure that contains mechanism-based expressions for the homeostatic
relationships between FPG and FSI, and the physiological relationship
between FPG and HbA1c. It contains expressions to describe the mecha-
nism of action of different classes of drugs at their specific sites of action.
In principle, it allows a distinction between parameters specific to these
drugs (the treatment-specific effects EFB and EFS), and parameters specific
to the system (e.g. the parameters describing the disease processes: b0, s0,
rB and rS).

From a conceptual point of view, therefore, our approach consti-
tutes an important advance over the purely descriptive disease progression
model for the action of gliclazide on the time-course of FPG by Frey et al.
(11). In that model, the signs and/or symptoms of the disease (FPG lev-
els) are modeled directly, without consideration of the underlying biologi-
cal system (22). In contrast, the mechanism-based approach proposed here
takes explicit account of key features of the underlying biological system,
especially the homeostatic interaction between FSI and FPG. It therefore
allows a more detailed, mechanism-based description of disease progres-
sion in terms of the disease processes causing the loss of glycemic control
expressed in the time-courses of FPG and HbA1c, i.e. the chronic loss of
β-cell function and insulin-sensitivity.

The model presented here represents a first implementation of the
mechanism-based approach to disease progression modelling of T2DM dis-
cussed above. The primary objective of this model was to show that the key
elements of this approach can be successfully implemented on actual clinical
trial data: (i) a structural representation of the FPG–FSI homeostasis, (ii)
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the representation of treatment effects at their specific sites of action, (iii) a
description of disease progression in T2DM in terms of plausible functions
describing loss of β-cell function and insulin-sensitivity over time acting at
their mechanistically appropriate sites in the FPG–FSI homeostasis, and
(iv) a structural representation of the physiological link between FPG and
HbA1c levels. For this purpose some simplifying assumptions were made
which will be discussed later. Because HbA1c is the primary biomarker for
long-term glycemic control (23), the ability of our mechanism-based model
to adequately describe the time-course of this biomarker should be a pri-
mary criterion in evaluating the model.

Despite the structural complexity of the model, all parameters could
be identified with considerable precision. This reflects the additional power
obtained by integrating information on the time-course of the disease
available in three different biomarkers into a single comprehensive model.
The model adequately predicted the observed time-course in FPG and
HbA1c over the duration of the trial for all treatments (Figs. 3 and 5),
although a slight bias in the prediction of HbA1c for metformin indicated
an underestimation of disease progression for this treatment. The time-
course of FSI was adequately predicted for pioglitazone, but showed some
bias for the metformin and gliclazide treatment arms. For gliclazide, this
bias appeared to consist primarily of an offset of the predicted versus the
observed FSI levels occurring during the first weeks of treatment, without
adversely affecting the predicted change in FSI over the remainder of the
trial. Hence, this bias was not propagated in the predicted time-courses of
FPG and HbA1c for gliclazide. The observed biases for the FSI data for
metformin and gliclazide will be further discussed later, where it is argued
that they may be due to, on the one hand, a discrepancy between the gen-
erally accepted mechanism of metformin action and the current data, and
on the other, a short-coming in the current implementation of the model
to adequately take account of the complex titration of gliclazide treatment.
It can be concluded that the model satisfactorily described the observed
time-courses for FSI, FPG and HbA1c in the pioglitazone treatment arm,
and adequately described the long-term trend in FSI and the overall time-
courses for FPG and HbA1c in the gliclazide treatment arm.

The latter is confirmed by the similarity between the long-term pre-
dictions of the time-course of FPG for gliclazide treatment by our mech-
anism-based model and those of the model by Frey et al., either as
published (11) or as applied to our gliclazide data (Fig. 8). The (nearly)
linear increase in FPG predicted by both models corresponds to an appar-
ent linear glycemic deterioration observed in the UKPDS over 6 years
of sulphonylurea therapy. In these studies, however, the rate of glycemic
deterioration appears to level off after 8 years of therapy, which may be
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explained by an adjustment of therapy regimen when FPG levels exceeded
target concentrations (6). It is important to note that, in contrast to
the linear model by Frey et al., the apparent linear increase of FPG
predicted by the mechanism-based model results from two physiologi-
cally bounded, non-linear disease processes (Fig. 8). The rates of increase
of FPG estimated by the Frey model at 0.84 and 1.2 mmol l−1 year−1

(CVs 14% and 10%) for the Frey data and the current data, respectively,
are not significantly different from the average predicted rate of 1 mmol
L−1 year−1 for the mechanism-based model. These similar rates of increase
of FPG estimated by different models on different one-year studies are
higher than the long-term increase observed in the UKPDS, which appears
to be in the order of 0.2–0.5 mmol l−1 year−1 (6). This discrepancy indi-
cates that the rate of glycemic deterioration over the first year of gliclaz-
ide therapy may be greater than in subsequent years. Finally, the predicted
rates of onset of the effect of gliclazide on FPG appear quite similar for
the three models, despite the fundamentally different way this is achieved
by the mechanism-based model.
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It was found that change in β-cell function and insulin-sensitivity in
each individual could be estimated as a continuous process over time,
in units comparable to the widely used point estimates HOMA-%B and
HOMA-%S. This allowed the estimation of disease status for each patient
at baseline, and the description of T2DM disease progression in terms
of a continuous change from baseline in β-cell function and insulin-
sensitivity over time. Different parameters could be estimated for the
short-term effects of a treatment at its specific site of action (EFB and
EFS in Eqs. (1) and (2)), and its long-term effects on the time-courses
of β-cell function and insulin-sensitivity (rB and rS in Eqs. (4) and (5)).
This allowed a distinction between the specific, short-term anti-hyper-
glycemic effect of a treatment and its possible long-term effects on the
time-course of the underlying disease processes. Because the short-term
effects estimated by EFB or EFS were modeled as step-functions reflecting
the presence or absence of treatment, these coefficients do not affect the
underlying disease processes and hence reflect symptomatic effects. Inde-
pendently of these short-term effects, treatments could also yield long-term
effects through treatment-specific changes in the estimates for rB and/or
rS representing the rate of loss of β-cell function and insulin-sensitivity,
respectively. Hence reduced estimates of these slope parameters for a treat-
ment represent modifications of the respective disease processes, and there-
fore indicate disease-modifying, protective properties of that treatment rel-
ative to the reference group.

The findings presented in Table II indicate that patients in the glic-
lazide treatment arm experienced loss in both β-cell function and insulin-
sensitivity throughout the duration of the study. At the level of FPG, this
is consistent with the continued disease progression despite sulphonylu-
rea treatment observed in the UKPDS (6, 7), and a disease progression
estimated at 0.84 mmol l−1 year−1 FPG reported by Frey et al. (11), see
also Fig. 8. Patients in the pioglitazone treatment arm were found to have
a reduced rate of loss of insulin-sensitivity as compared to the gliclazide
arm, and a significant improvement in β-cell function over the first year
of treatment (P<0.001). This improvement in β-cell function for pioglit-
azone predicted by the mechanism-based model is consistent with a con-
tinued increase in HOMA-%B observed by Tan et al. (24) in a subset of
subjects from the same patient population that were followed for 2 years.

It should be noted, however, that with a study duration of 1 year it
cannot be fully excluded that the estimates for rB and rS may be con-
founded by short-term effects such as a symptomatic effect with a long
equilibrium half-life or a gradual decrease in the effectiveness over time.
With longer study durations and the availability of placebo data the prob-
ability of such confounding effects should decrease considerably, allowing
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more reliable estimates of disease modification. However, the optimal
study design would include both placebo data (either a placebo arm or a
long run-in period) and an off-response. For such an off-response, treat-
ment must be stopped at the end of the study period and allowed to wash
out, after which one or more final samples are taken. The model can then
be used to compare the estimated disease status after wash-out of treated
patients with the predicted disease status for untreated patients. If the dis-
ease returns to a status better than predicted in untreated patients, this
provides definite evidence of a protective effect of treatment on disease
progression through disease modification.

Because different parameters are estimated for the short- and long-
term effects of treatment, our mechanism-based approach avoids the
confounding of these effects inherent to the popular HOMA-based point
estimates for β-cell function and insulin-sensitivity (13). Because these esti-
mates are based on FPG and FSI samples at a single point in time,
they cannot separate the effects of treatment from the underlying disease
status. For example, administration of an insulin-secretogogue will artifi-
cially boost FSI levels and thereby increase HOMA-%B (see Eq. (6)), even
though this does not reflect an actual structural improvement in the insu-
lin production capacity of the β-cells.

In Fig. 6, the dashed line for gliclazide includes its direct effect on
insulin secretion and shows what HOMA-%B estimates of β-cell func-
tion in gliclazide-treated patients would look like: after start of treatment
HOMA-%B for gliclazide goes up and remains much higher than the esti-
mates for pioglitazone and metformin, which do not boost insulin secre-
tion. The solid line for gliclazide in this figure represents the net estimate
for β-cell function obtained via Eq. (6) that is not confounded by the
direct effect of gliclazide on insulin secretion. Hence, at any point in time
it predicts what the HOMA-%B estimate would be for an off-response at
that point. In contrast to HOMA-%B, therefore, this net estimate of β-cell
function for gliclazide is directly comparable to the estimate obtained for
pioglitazone.

Although the model adequately described the effect of gliclazide
and pioglitazone on the long-term change in FPG, FSI and HbA1c,
some assumptions of the current implementation of our mechanism-based
approach appear to have affected the accuracy of the model fit. On the
one hand, simplifying assumptions regarding, for example, drug exposure
are likely to have affected the model fit. On the other hand, adopting cer-
tain mechanistic assumptions on, for instance, the specific mechanism of
action of the different anti-diabetic treatments may also have influenced
the accuracy of the model fit. Because mechanism-based assumptions limit
the range of possible model structures, the degrees of freedom open to a
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mechanism-based approach to achieve an accurate model fit are inherently
limited relative to a purely descriptive approach.

The effect of one such mechanism-based assumption on the model
prediction is apparent in the misspecification of the effect of metformin
on FPG in Fig. 3. Metformin has generally been classified as an insulin-
sensitizer that acts mainly by decreasing hepatic glucose production (2, 13,
24) and accordingly has been reported to lower fasting serum insulin con-
centrations (18). Through its homeostatic feedback, therefore, the model
predicted a decrease in FSI in response to the reduction in FPG result-
ing from the initiation of metformin monotherapy. However, in the actual
data from the 587 patients in the metformin treatment arm, no decrease
in the FSI concentration was observed. Because the pioglitazone arm does
show the expected reduction in FSI concentration as a result of its insulin-
sensitizing effect (Fig. 4), this finding casts some doubt on whether met-
formin is indeed a true insulin-sensitizer. Given that the exact molecular
action of metformin is still not completely understood, its curious behav-
ior in the current data suggests that it may have pleiotropic effects in
addition to its suppressive effect on FPG production. Recent molecular
studies indicate the possibility of pleiotropic effects of metformin through
its activation of AMP-activated protein kinase (AMPK) in hepatocytes
(25). It follows that a better understanding the mechanism of metformin
action is necessary before a satisfactory mechanism-based model of the
effect of metformin on disease progression in T2DM is possible.

The simplifying assumption of an immediate onset of effect of treat-
ment at its specific site of action resulted in acceptable predictions for
pioglitazone and metformin due to the delayed propagation of their effect
via the various turn-over models. However, the immediate effect of glic-
lazide on FSI levels during the first weeks of treatment was clearly over-
predicted (Fig. 4). Apparently for gliclazide, the delay in onset of effect
due to its pharmacokinetics and exposure (resulting from changes of dose
during the titration period) cannot be ignored. This is in line with findings
of Frey et al. (11) that for gliclazide treatment, effective glycemic control is
highly sensitive to the titration regimen used. It is expected that this short-
coming of the model can be considerably improved by modeling the short-
term effect more accurately by accounting for the different rates of onset
to effect associated with different PK–PD relationships and mechanisms of
action for the various treatments and the consequent differences in titra-
tion regimens. For example, gliclazide, as a sulphonylurea compound, has
a rapid effect on both FSI and FPG, which may result in instances of
hypoglycemia during titration that are much less a concern for either met-
formin or pioglitazone, which show a more slow onset to effect.
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In conclusion, the current model, despite some short-comings due
to simplifying assumptions and limitations in the study design, allowed
an adequate description of the time-courses of HbA1c, FPG and, to a
lesser extent, FSI, subsequent to treatment with different classes of oral
anti-diabetic drugs. It allowed the quantification of the effects of differ-
ent treatments on the progressive loss of β-cell function and insulin-
sensitivity underlying disease progression in T2DM in a large body of
data. Hence, we conclude that the model developed here, incorporating
mechanism-based representations of the homeostatic feedback relation-
ships between FPG and FSI and the physiological relationship between
FPG and HbA1c, constitutes a viable approach to mechanism-based dis-
ease progression modeling of type 2 diabetes. This approach, therefore,
holds promise of a valuable tool for the evaluation of disease modify-
ing properties of antidiabetic agents, both existing and newly developed.
Future implementations of our mechanism-based approach need to take
account of differences in exposure and onset of effect between treatments.
Work is underway to further increase the mechanistic legitimacy of the
model by replacing the still largely descriptive function for loss of β-cell
function with a mechanism-based model incorporating the effects of gluco-
toxicity and lipotoxicity on β-cell apoptosis. Ultimately, we envision that
the approach developed here can lead to a fully mechanistic model for
T2DM disease progression based on the complex interactions between glu-
cose and fat metabolism underlying this disease.
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