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Introduction: No Fixed-Dose Combination (FDC) formulations currently exist for pediatric

tuberculosis (TB) treatment. Earlier work implemented, in the software NONMEM, a rational

method for optimizing design and individualization of pediatric anti-TB FDC formulations

based  on  patient  body  weight,  but  issues  with  parameter  estimation,  dosage  strata

heterogeneity and representative pharmacokinetics remained.

Aim: To further  develop  the  rational  model-based  methodology  aiding  the  selection  of

appropriate FDC formulation designs and dosage regimens, in pediatric TB treatment.

Materials and Methods: Optimization of the method with respect to the estimation of body

weight  breakpoints  was sought.  Heterogeneity  of dosage groups with respect  to treatment

efficiency  was  sought  to  be  improved.  Recently  published  pediatric  pharmacokinetic

parameters  were  implemented  and  the  model  translated  to  MATLAB,  where  also  the

performance was evaluated by stochastic estimation and graphical visualization.

Results: A logistic function was found better suited as an approximation of breakpoints. None

of the estimation methods implemented in NONMEM were more suitable than the originally

used FO method. Homogenization of dosage group treatment efficiency could not be solved.

MATLAB translation was successful but required stochastic estimations and highlighted high

densities of local minima. Representative pharmacokinetics were successfully implemented.

Conclusions: NONMEM  was  found  suboptimal  for  the  task  due  to  problems  with

discontinuities and heterogeneity, but a stepwise method with representative pharmacokinetics

were successfully implemented. MATLAB showed more promise in the search for a method

also addressing the heterogeneity issue.



Individualisering av design och dosering av kombinationstabletter – 

Metodologi och applicering inom pediatrisk tuberkulos 

Inga kombinationstabletter (flera läkemedelssubstanser i samma tablett) har ännu 

utvecklats för behandling av tuberkulos hos barn. Detta är problematiskt eftersom att en 

effektiv behandling av tuberkulos kräver många läkemedel samtidigt. 

Tidigare datormodellering har utförts i mjukvaran NONMEM i syfte att utveckla en 

rationell metod för att hitta en optimal design (doser i tabletterna) och dosering efter 

kroppsvikt (antal tabletter) av en sådan kombinationstablett. Modellen hade dock matematiska 

problem, en tendens att underdosera vid låg kroppsvikt och var baserad på värden ifrån studier 

på vuxna människor, vilket inte är optimalt. 

Syftet med detta arbete var att vidareutveckla denna metod och lösa problemen. Därför 

gjordes olika försök att optimera metoden i NONMEM samt för att kunna ge alla barn, 

oavsett kroppsvikt, en liknande behandlingskvalité. Nyligen publicerade uppgifter om hur 

dessa läkemedel fungerar i kroppen (farmakokinetik) för barn inkluderades även i 

NONMEM-modellen. Slutligen så översattes modellen till en annan mjukvara, MATLAB, där 

den utvärderades och jämfördes med NONMEM-modellen. 

Ett bättre sätt att bestämma kroppsvikten där ytterligare en tablett bör tas upptäcktes. Dock 

hittades ingen bättre lösning till de matematiska problemen i mjukvaran NONMEM. Trots 

många försök så kunde inte heller problemet med underdosering vid låg vikt lösas. 

Användningen av barnbaserad farmakokinetik visade också hur problematiskt det kan vara att 

anta att barn är små vuxna. Översättningen till MATLAB hittade lika bra tablettdesigner som 

NONMEM men uppvisade andra problem med den metod som prövades här.  

Då problemen inte kunde lösas så pekar mycket på att NONMEM inte är en optimal 

mjukvara för denna uppgift. MATLAB-modellen uppvisade också andra stora problem men 

även en större flexibilitet. Mer arbete med MATLAB krävs kunna utveckla en ännu bättre 

metod för att designa en kombinationstablett och dess dosering för barn med tuberkulos. 
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1 Introduction

1.1 Tuberculosis

Tuberculosis (TB) is currently the second most deadly disease in the world due to a single
infection, surpassed only by HIV1. About a third of the world population has been estimated to
be latent carriers of the disease, 10 % of which will fall ill in TB during their lifetime. Without
proper treatment, two thirds of these 10 % would die.
The world health organization (WHO) currently recommends a first-line treatment of drug-

susceptible TB with rifampicin, pyrazinamide, isoniazid and ethambutol for two months, followed
by a four month continuation phase with rifampicin and isoniazid2. These drugs are 50 years
old now, yet still remains efficacious in treating drug-susceptible TB; treatment success of new
cases were reported globally in 2011 as 87 % (73 % for HIV positive cases).

However, drug resistant strains of TB bacteria constitute a growing problem3. Since the 1990s
bacteria resistant to at least isoniazid and rifampicin, denoted multi-drug resistant tuberculosis
(MDR-TB) strains, has become a growing threat. Of new cases today, 3.6 % globally are
estimated to be MDR-TB, with above 20 % in some central Asian and eastern European
countries2.
MDR-TB has a recommended treatment length of 20 months with second-line drugs, with

markedly lower success rate than ordinary TB3. The toxicity of the drug treatments is also worse
and includes possible toxicity interactions of anti-retroviral therapy during co-infection with
HIV, such as neuropathy, arrhythmias and hepatitis4. Even worse, extensively drug-resistant
tuberculosis (XDR-TB) strains has been around since 2006 and requires treatment with an
even more extensive and long drug treatment with a higher risk of toxicity than MDR-TB
treatment3.

1.2 Fixed-Dose Combination drugs

Fixed-dose combination (FDC) drug formulations consists of two or more drugs in a fixed ratio5.
Such formulations aim to simplify multiple-drug regimens and have been shown to improve
patient compliance5,6. Since successful treatment of TB is intimately dependent on adequate
drug combinations, WHO currently recommends the usage of FDC formulations7.
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A rational methodology for model-assisted development of optimal dosage designs and regimens
of single drugs has previously been developed8. This method allowed discrete individualized
doses through a number of dose levels (multiples of tablets) controlled by a covariate. However,
this approach did not deal with formulations including multiple drugs. Such a method is
currently being investigated9.

Moreover, pediatric treatment of TB with FDCs is very problematic. Adult FDC formulations
are used since the market currently lacks such products designed with children in mind10. This
constitutes a problem since young children differs in pharmacokinetic (PK) properties of the
different drugs as compared to adults. This means that supplementary drugs have to be added
to correct the drug ratio of the constituent drugs, thereby increasing the pill-burden and making
it more difficult to reach the optimal dose. The compliance-enhancing effects of FDCs are of
course threatened as well when additional drug formulations are required.
Worse yet, low body weight (<15 kg) results in the need for the splitting of tablets10. Such

action may be in risk of compromising the bioavailability as well as increasing the interoccasion
variability of dosage (assuming non-homogenous substance distribution within the tablets).
Indeed, such problems have been identified and shown by Pouplin et al.10.

1.3 Pharmacometrics and mathematical models

The term pharmacometrics was first coined in 1982 by the journal Pharmacokinetics and
Biopharmaceutics11. A basic interpretation of the field pharmacometrics is the science of
quantitative pharmacology, including pharmacokinetics as well as pharmacodynamics (PD). In
contrast, a more comprehensive definition by Ette & Williams12 is:

Pharmacometrics is the science of developing and applying mathematical and sta-
tistical methods to characterize, understand, and predict a drug’s pharmacokinetic,
pharmacodynamic, and biomarker-outcomes behaviour.

A main concern of pharmacometrics is the development of mathematical models to describe
pharmaceutical biological systems11. These models, when developed and verified, can then be
used to better the understanding of a drug’s kinetics, effects, safety and variability. Mathematical
models also frequently serves as guides and efficient tools in the design of safe and efficacious
drugs, formulations, dosage regimens and even whole clinical trials by simulation in silico to
evaluate expected performance before in vivo or clinical trials commences.
An example of a simple PK model widely employed is the one-compartmental model after

bolus (intravenous) administration11. This model treats the entire body as a single compartment,
representing plasma concentration, to which the drug is input (dosed) and from which the drug
is output (excreted). This system (see Figure 1.1) can be represented by differential equation
system Equation 1.1, where ke denotes the elimination rate constant, A(t) the compartmental
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Dose A1 Excreted
t = 0 ke

Central

Figure 1.1: A conceptual illustration of the 1-compartment model with bolus (intravenous) administration.

amount at time t and A(0) the initialized compartmental amount; at time t = 0. Furthermore,
the analytically exact solution is shown in Equation 1.2, where Cp(t) denotes the plasma
concentration at time t (VD and CL is the volume of distribution and clearance, respectively).

dA
dt = −keA(t)

A(0) = dose
(1.1)

Cp(t) = dose
VD

exp
(
−CL
VD

t

)
(1.2)

The compartmental models are very commonly used and can in some cases be modeled
with a linearity assumption11; that is with no partial derivative of a parameter in the model
dependent on any other parameter and defined at every point (continuous). Linear models are
much easier to estimate parameters in, but it is not always a possible assumption. A few drugs
do for example show what is called zero-rate kinetics (elimination rate is constant and does not
scale with amount). Furthermore, more complicated models can include feedback and some
models include change-points without definable derivatives. The classical Emax-model (see
Equation 1.3) for example, has a partial derivative ( ∂E

∂EC50
) dependent on another parameter

(Emax); E is some pharmacodynamic effect, Emax the maximum achievable E and EC50 the
concentration for 50 % E.

E(t) = Emax × Cp(t)
EC50 + Cp(t) (1.3)

Furthermore, a change-point model (see general form in Equation 1.4, where θA and θB are
parameter vectors and θA 6= θB) is by nature non-linear as well. Here a threshold, c, changes the
definition of function Y (x) and therefore the partial derivatives. In other words the derivatives
are dependent on the value of x and not continuous at point c, which introduces the non-linearity
and special estimation requirements.

Y =

f(x; θA), if x ≤ c

f(x; θB), if x > c
(1.4)

1.3.1 Population models

Another natural categorization of models is that of deterministic versus stochastic models11.
A deterministic model (or structural component) includes no randomness, while a stochastic
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does. Random variables are a natural component of reality and can appear on both the level
of a modeled dependent variable (residual errors) and different parameters in the model as a
variability, e.g. as between-subject variability (BSV).

Residual errors are often symbolized with ε (epsilon) with distribution variances Σ (capital
sigma). BSV often is associated with the symbol η (eta) with distribution variances Ω (capital
omega). Finally, population parameters are commonly shown by θ (theta). These symbols
either denote specific values or vectors/matrices of values (e.g. the vector ηCL for all individual
CL deviations, having variance ΩCL, from the population value θCL). These conventions will
be kept through this thesis. Furthermore, σ2 is the statistical variance, σ is the statistical
standard deviation (

√
σ2), ¯ (bar) denotes arithmetic means and ˜ (tilde) medians.

Data collected and used for modeling in pharmacometrics is often derived from several
individuals from some population, which makes the need for population modeling become
apparent11. Individuals may and often do differ in their PK and PD properties and therefore
introduce BSV, or uncertainty, in the data and estimates (i.e. the need for η values).

One way to account for this is to apply the model and estimate the parameter vector for every
individual separately. Considering a vector of all n individuals’ estimates of the parameter p,
θ̂p = {θ̂p,1, . . . , θ̂p,n}, an arithmetic mean can be calculated as θ̄p =

(∑
θ̂p,i
)
/n, and interpreted

as the population value. The population variance of the parameter, Ωp, can then be computed
from θ̄p and the individual parameter vector θ̂p.
This method has problems11. To begin with, the arithmetic mean of θ̂p does not have to

coincide with the mode (the most likely value) of the distribution, as it does for the normal
distribution. For example, an individual’s PK parameter θp,i is often parametrized (coupled) as
a product of the population parameter θp (the typical value) and a log-normally distributed
ηp,i (see Equation 1.5 for individual i and parameter p; N denotes the normal, Gaussian,
distribution). Log-normal distributions are commonly used because PK parameters often are
found skewed in their distributions towards the large value tail, akin to a log-normal distribution,
which originates in many parameters natural interval being [0,+∞); parameters often must be
positive, while an upper bound seldom is enforced.
On a side note, a log-normally parametrized parameter has another advantage over other

possible parametrizations. Since the mean of N , that ηp,i is sampled from, is 0 it follows that
the mode (most likely value) also is 0. Then, because e0 = 1, it also follows that σ = RSD
where RSD is the relative standard deviation (relative to the mode of the distribution). This
means that the coefficient of variation (CV) is on the same scale as the standard deviation, i.e.
they are directly translatable (CV = RSD× 100 %).

ηp,i ∼ N (0, σ2
p)

θp,i = θp × eηp,i
(1.5)

The estimation of population parameters in the manner discussed has been called the “two-
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stage approach” since it relies on first determining the individual estimates and secondly from
those vectors, calculate the population parameters11. This is not optimal and is also known for
introducing bias when the number of individuals is small as well as over-inflating the variances.
The reason is that an individual θ̂ is not a certain known value, which a calculation of variance
of the vector of them assumes, but an estimate in itself; the symbol ˆ (hat) denotes a statistical
estimate. If one parameter has fewer samples per individual associated with it as opposed
to another parameter, this will increase the uncertainty in the estimation of that parameter.
This the two-stage approach cannot account for; instead it tends to inflate the variability
estimation of θ. This is a problem since inter-individual variability is an important quantity for
understanding and predicting population data with the model.
A solution to this conundrum is mixed effects modeling11. This uses random variables to

supplement the fixed effects in the estimation itself to account for the variability and uncertainty,
i.e. it does not make the assumption that estimates are true values. This is then combined
with the objective function value (OFV), which is an arbitrary function sought to be minimized
during the estimation. The OFVi (individual contribution to OFV) is often calculated as a
likelihood, Li

(
θ̂, Ω̂, Σ̂ | Yi

)
, of the estimate vectors (population θ̂, variance Ω̂ and residuals Σ̂)

being true considering the data.

1.3.2 FDC design method

Considering the highlighted issues in Section 1.2, a rational method for model-assisted develop-
ment of pediatric FDC formulations for TB treatment is in dire need. As mentioned such work
has been initiated (see Svensson et al.9) in NONMEM 7.2.0.
Target population was a set of virtual children, simulated by an LMS method (body weight

from age) with LMS values from WHO child growth standards.13,14. Since these are pooled
from many sources in the world population, this decreased the risk of a nation specific bias.
The covered age interval were also extended beyond 2 to 10 years of age with the aid of centers
for disease control and prevention (CDC) official LMS data15. 100 children were simulated of
both sexes for every element in {agemo ∈ N | (2× 12) ≤ agemo ≤ (18× 12)}. However in the
actual usage of the dataset in the estimations, the limit BW ≤ 30 was always enforced which
resulted in an effective dataset where agemo ∈ [24, 173]. The body weights in the dataset were
then used as a dosage covariates in the FDC design method.

The method estimated weight breakpoints (for optimal point of change of dose) and optimal
drug content (per tablet) by minimizing a sum of utility function values (Y ), dependent on AUCi,
for the four drugs in the 18 163 included individuals (see Equation 1.6)9. Since underexposure
was deemed more serious than overexposure (due to low toxicity of the drugs), logarithms of both
target AUCt and individual AUCi were used. This results in a weight of low exposure as more
critical than high exposure (see Figure 1.2). The targets of the four standard drugs modeled
(rifampicin, pyrazinamide, isoniazid and ethambutol) used was AUCt = {23.4, 351, 10.52, 20.5};
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Behaviour of logarithmic deviance utility function
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Figure 1.2: Example of behavior of the logarithmic deviance-based utility function (see Equation 1.6 without
ε). The red dashed line is target area under the curve (AUC) (set to 100 in this demonstration)
and the violet line shows the evaluated utility function with distance from said target. As can
be seen, underexposure is punished more markedly than overexposure.

these values were derived from current WHO dose recommendations and assumed to be the
same in children as in adults.

Yi = lnAUCt − lnAUCi + ε

Y =
∑

Yi
(1.6)

The residual error ε noted in the utility function (again, see Equation 1.6) was modeled as a
NONMEM ETA variable (i.e. BSV). However it was not a true BSV, nor a true residual error,
but rather a sham error introduced since NONMEM (or rather, the OFV calculation) is built
around the assumption of variability in the modeling of population derived data. In contrast,
the model was not actually concerned with the estimation of population parameters but rather
optimal FDC design for an already given population. This error was fixed to a very small size,
namely σ2 = 0.01.
Furthermore, the FDC design method framework was developed to be compatible with any

number of breakpoints. In the original work, final estimates were got for four models with 0 to
3 breakpoints of weight which corresponded to 1 to 4 dose groups. Only the doses of the first
dose group were estimated. The doses of the succeeding dose groups were treated as multiples
of the first (emulating several, whole, tablets of the same composition).
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The AUCs for the given population were calculated as dosed/CLd,i, where CLd,i was present
in the simulated dataset for each individual i and drug d. These simulated clearances were based
on typical values and BSV from previously published adult population PK models16,17,18,19. All
typical values were scaled allometrically from the typical value CLd for drug d to the individual
body weight BWi, with respect to the population median body weight B̃Wd that CLd was
estimated in (see Equation 1.7). Optimally, pediatric population-derived CLd values should be
used instead. Indeed, such estimated parameters have recently been published for all drugs but
ethambutol by Zvada et al.20.

CLd,i = CLd
(
BWi

B̃Wd

)3/4

× eηd,i (1.7)

For the drug isoniazid, the clearance was bimodally simulated. That is, two populations
were simulated with different typical clearances, θCL. Such a categorical split was necessary
since at least two clear populations can be identified regarding metabolizing rate of the drug,
i.e. fast and slow eliminators18. In the PK parameter characterization that provided the
population parameter values for the FDC design method, a mixture model was used to estimate
the underlying population proportion (pfast = 13.2 %). However, the FDC design simulation
currently uses pfast = 25 %. Genetically, this population split is related to different alleles of
the gene N-acetyltransferase 2 (NAT2), encoding an enzyme which metabolizes isoniazid21.
Other outstanding problems are also present. The discontinuous nature of dose levels

complicated the estimation of weight breakpoints and at the moment, necessitates the usage
of a chained estimation procedure consisting of multiple estimation steps with an increasing
slope (γ) of a nonlinear function of exponentials (dependent on the breakpoint and the body
weight)9. This function is an approximation of the Heaviside step function H(x) with a definable
derivative (see Figure 1.3 for comparison)22. See Equation 1.8 for the used approximation of
the true dose scheme step function Equation 1.9; θ̂dose is the estimated first dose and dose(BW)
the final dose used for body weight BW (composed of the sum of every dosei(BW)), with n
breakpoints {BP0, . . . ,BPn}.

dose0 = θ̂dose

dosei(BW) = dose0 × eBW×γ

eBW×γ + eBPi×γ

dose(BW) =
n∑
i=0

dosei(BW)

(1.8)

H(x) =

0, if x < 0

1, if x ≥ 0

dose0 = θ̂dose

dosei(BW) = dose0 ×H(BW− BPi)

dose(BW) =
n∑
i=0

dosei(BW)

(1.9)

In each succeeding step in the chain, where γ was increased, the initial estimates were set
as the final estimates of the preceding step. The very first estimates were chosen as good
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Heaviside step function vs. approximative function of exponentials
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Figure 1.3: The nonlinear function of exponentials (see Equation 1.8) in the FDC design method including
three breakpoints estimated for pyrazinamide and its optimal dosage, as presented at PAGE (see
Svensson et al.9). γ = +∞ (black line) should be interpreted as limγ→+∞ f(BW) (not γ = +∞,
which is not calculable). Note that the true steps in the model were γ = (0.5, 3, 30) but γ ≈ 23.67
resulted in too large intermediary values (>1.8× 10308) to calculate in default R.
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Table 1.1: List of the initial (θ̂init) and final (θ̂opt) estimates in the original chain executions of the FDC
design method, for different number of breakpoints. All executions used FOCE and three steps
with γ = (0.5, 3, 30), except the case of 0 breakpoints where a step-wise estimation was not needed.

Initial estimates Final estimates
Breakpoints 0 1 2 3 0 1 2 3
doserif (mg) 200 150 100 80 220 123 90 69.2
dosepyr (mg) 600 400 300 200 586 328 239 184
doseinh (mg) 60 40 30 20 61.3 34.3 25 19.2
doseeth (mg) 400 300 200 200 403 226 165 127
BP1 (kg) — 15 12 12 — 14.3 9.89 7.85
BP2 (kg) — — 22 22 — — 19.6 13.7
BP3 (kg) — — — 32 — — — 21.5

guesses and are located reasonably close to the found optimum (see Table 1.1). These initial
estimates will hereon be refereed to as θ̂init. Unless otherwise specified or chain-estimating from
a preceding step, these are implied in all estimations.
Furthermore, the lowest dose level in some cases received a substantially suboptimal AUC

average, i.e. they were sacrificed for optimal fitness of the other dose levels. This occurred
because the optimal weight breakpoint of the lowest dose group tended to be located rather
low. This in turn lead to a low amount of individuals in this dose group and an overall low
contribution to the sum of the utility function (again, see Equation 1.6) over the whole of the
dataset (see Figure 1.4 for a visual presentation of the problem via the results for pyrazinamide).

More precisely, the optimal parameter vector θ̂opt when minimizing the FDC design method
utility function (see Equation 1.6) has a small value of BP1 because a small dose0 follows from
this. A small dose0 in turn, enables a more precise dosage (less difference) in the higher dosage
groups (where BW > BP1). See Appendix A.1 for the complete code of the estimation part of
the original FDC design method. Below is a summary of the outstanding issues in the FDC
design method, as implemented by Svensson et al.9:

1. Estimation of discontinuous breakpoint requires chained executions via an approximation.

2. Heterogeneous dosage group treatment efficiency, e.g. underexposure in first dosage group.

3. Allometrically scaled adult PK instead of published pediatric PK (by Zvada et al.20).

1.4 Pharmacometric software

NONMEM is a software originally developed by Stuart Beal and Lewis L. Sheiner for population
PK modeling23. Its name is an acronym of non-linear mixed-effect modeling, where mixed
effects refer to the presence of both fixed (population) and random effects. it is now maintained
as a proprietary software by ICON Development Solutions.
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Figure 1.4: The results of the earlier presented FDC design method for four different scenarios (1 to 4 dose
groups), as presented at PAGE (see Svensson et al.9). Only pyrazinamide is shown for parsimony.
Red lines show target AUC (351 mg L−1) and blue lines the body weight breakpoints estimated
through the method. As can be seen, the lower dose groups are comparatively small and would
receive sub-optimal treatment.
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Perl speaks NONMEM (PsN) is a toolkit developed specifically for usage in conjunction with
NONMEM by the pharmacometrics community24,25. It is written in the programming language
Perl and includes many different automated tools for bootstrapping, log-likelihood profiling,
stepwise-covariate model building, visual-predictive checks etc26. In other words, it automates
certain statistical tasks in association with NONMEM model building and verification that
otherwise would be tedious, time-consuming or even effectively impossible.

One of the tools included in PsN 4.3.2 is stochastic simulation and estimation (SSE)27. This
perl module enables automated and repeated simulation of datasets in NONMEM followed by
re-estimation with one or several models (that may or may not be the same as the simulation
model). A resulting large random sample of estimation sets, in contrast to the usual single
estimation set, enables the calculation of several statistics on re-estimation accuracy where
models can be compared or the uncertainty around estimates be shown.

1.4.1 Estimation algorithms in NONMEM

NONMEM has utilized gradient-based estimation methods for a long time23. These methods
include first-order (FO), first-order conditional estimation (FOCE), FOCE with laplacian
estimation (LAPLACE) and a hybrid method of FO and FOCE (HYBRID) where certain η
variables can be flagged for non-conditional (FO) estimation. All employ a second order Taylor
series expansion, but FOCE also conditionally estimates the individual η variables (not just the
variance Ω). LAPLACE employs a slower, but better, likelihood approximation than FOCE.

Since version 7, NONMEM has also implemented stochastic sampling-based estimation
methods, complementing these traditional gradient-based methods23. These methods go by the
name expectation-maximization (EM) algorithms after their two-step process; an expectation
step (E-step) followed by a maximization step (M-step)28. They were originally developed in
1977 with the purpose of handling incomplete data, i.e. missing observations.

During the E-step all parameter estimates are fixed and the expected likelihood is evaluated
against the conditional distribution of individual η (given data and current estimators)23. During
the M-step, the actual estimators (θ̂, Ω̂ and Σ̂) are updated to maximize the E-step likelihood.
This is repeated until convergence of the population parameters are found.

The different EM-algorithms included in NONMEM 7.3.0 are iterative two stage (ITS), monte
carlo importance sampling (IMP), IMP assisted by mode a posteriori (IMPMAP), stochastic
approximation expectation maximization (SAEM) and full markov chain monte carlo bayesian
analysis (BAYES)23. Main differences are found in the implementations of the E-step.
Since EM methods do not use gradients, it can be presumed that these methods would fare

better than traditional methods with models including discontinuous breakpoints (such as
the weight breakpoint in the FDC design method). This is reasoned because a discontinuous
point c in a function f(x) results in the derivative (i.e. the gradient) df(x)

x being undefined
and discontinuous in the same point c (see Figure 1.5 for simple examples of discontinuous
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Figure 1.5: The blue lines show fA(x) (graphed continuously connected only for intuitiveness) and fB(x),
while the red squares correspond to the derivatives dy

dx evaluated at {x ∈ N× 1
2 | 0 ≤ x ≤ 10}.

In point c = 5, fA(x) contains a jump discontinuity (limx→c− fA(x) 6= limx→c+ fA(x)) and
fB(x) a removable discontinuity (limx→c− fB(x) = limx→c+ fB(x))29. As can be seen, in the
discontinuous point c both derivatives are undefined as well as discontinuous.

fA (x) =
{

1, if x < 5
2, if x ≥ 5

fB (x) = 2− 2|x− 5|
5

functions)29. Since gradient based methods are based on the calculation of the derivatives and
c = BPi in the case of the FDC design method, which makes the discontinuity coincide perfectly
with the value to be estimated, this is naturally problematic23.

One area where the problem of discontinuities is encountered is in the estimation of a lag-
time parameter in a delayed-absorption model11. Such a model utilizes a parameter, tlag (the
absorption lag-time parameter), to delay the absorption of a substance. When t < tlag the
compartment the drug is absorbed into is fixed to 0. In contrast, when t ≥ tlag the compartment
is allowed normal kinetics with the time variable evaluated as t − tlag. This is equivalent to
the compartment being initialized to the dose when t = tlag, and 0 when t < tlag. A jump
discontinuity therefore occurs when t = tlag, which also is the same as the parameter estimated.
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2 Aim

To further develop the rational model-based methodology to aid the selection of appropriate
FDC formulation designs and dosage regimens, individualized by the body weight covariate,
with a specific application to rifampicin, isoniazid and pyrazinamide in pediatric TB treatment.
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3 Material and methods

Computer-assisted simulation, modeling and estimation was performed mainly in NONMEM
7.3.0, with data set management and graphical model evaluation in R. Statistics summation
and verification of intended model function was also performed in R. A brief summary of the
chronology of the tasks, coinciding with the method sections, is presented below.

1. An oral delayed-absorption simulation problem was formulated in NONMEM 7.3.0 and
executed via PsN SSE. The simulated data was re-estimated with the different estimation
algorithms implemented in NONMEM 7.3.0 which were evaluated for performance and
suitability in discontinuous change-point estimation.

2. The most suitable EM algorithm chosen was implemented in the FDC design method.
Strategies to increase the performance and more closely mimic the mechanistic reality of
weight breakpoints was sought in NONMEM.

3. The problem of differing mean deviations from target AUC in different dosage strata
was investigated and sought to be solved by homogenization of treatment efficiency in
NONMEM.

4. Newly published pediatric PK models and parameters were implemented in the NONMEM
simulation of the dataset and compared to the original dataset, statistically and via the
current FDC design method.

5. MATLAB translation of the FDC design method was performed in the search of a more
suitable methodology and software of dosage strata homogenization.

3.1 Simulated oral absorption problem → results

As discussed in Section 1.4.1 a related problem, sharing the property of discontinuous estimation,
concerns estimation of parameters in models including an absorption lag-time parameter. Such a
problem was therefore constructed in NONMEM 7.3.0. A dataset was simulated and parameters
(including the lag-time) re-estimated with a complete set of currently implemented estimation
methods: FO, FOCE, LAPLACE, ITS, IMP, IMPMAP, SAEM and BAYES. The performance
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Absorption Central

Figure 3.1: A conceptual illustration of the 1-compartment model with oral absorption.

Table 3.1: List of the parameters used in oral lag-time simulation. The ke used in Equation 3.1 was calculated
as the fraction of CL and VD.

Variability
Parameter Typical value (θ) Variance (Ω) CV
CL 10 L h−1 0.09 30 %
VD 100 L 0.09 30 %
ka 2 h−1 0.09 30 %
tlag 0.5 h 0.09 30 %

of every method (and by extension, suitability for estimation of discontinuous models) was
afterwards determined.
The model was built with oral one-compartment kinetics, with an absorption compartment

A1 (and a rate constant of transfer, ka) in addition to the central and eliminating compartment
A2 (see Equation 3.1 and Figure 3.1). The simulated dataset contained 25 individuals in total
with individual parameters (CL, VD, ka and tlag) simulated based on made-up typical values.
The inter-individual variabilities were modeled as random variable proportional deviations
(distributed log-normally).

dA1
dt = −kaA1(t)

dA2
dt = kaA1(t)− keA2(t)

A1(t) =

0, if t < tlag

dose, if t = tlag

(3.1)

See Equation 1.5 for parametrization where θp,i is the p:th parameter for the i:th individual,
θp the population typical value of the p:th parameter and σ2

p the population variance of that
parameter. Log-normal distributions were chosen to eliminate the possibility of any θ̂p,i < 0.
Furthermore, see Table 3.1 for a complete listing of the population parameters and BSV used.
Two doses were administered; one at t1 = 0 h and the other at t2 = 24 h. The dataset

were simulated at sampling time points where ts = {t + t2 | t ∈ {0.25, 0.5, 1, 2, 4, 8, 12, 24}}.
Additionally, an additive residual error ε were added to all samples with Σ = 0.04. The time
points were chosen such that no sampling was present before the second dose, to ensure that
no negative samples (including ε) would be present. See Appendix A.2 for the simulation
specification in full.
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Furthermore, another set of time points, tr, was constructed in parallel to the one just
described. This included random perturbations applied to all sampling times (see Equation 3.2),
where the random deviation variable R was additive and distributed uniformly with range
0.25 (15 min) and R̄ = 0. A uniform distribution was chosen instead of a more natural normal
distribution, to ensure that no overlap of the time points could occur.
Since this random perturbation addition was performed on an individual level (through

pre-processing in R) it generated 8 × 25 unique sampling points. The idea was to aid re-
estimation through a larger (more informative) mapping of the complete set of observations to
the continuous dependent variable Cp(t) actually being observed, effectively de-discretizing the
observed data slightly.

R ∈ [−0.125,+0.125]

tr = ts +R
(3.2)

After these two simulation model specifications had been constructed, 10 re-estimation
specifications were made; one for each estimation method, both of traditional and EM type
(discussed in Section 1.4.1) in NONMEM 7.3.0. Two SSE runs were then executed in PsN
4.3.2 (one for each simulation model specification, using ts and tr respectively) where 1000
re-estimations were performed with each estimation model specification. Within each SSE the
re-estimations shared the same 1000 simulated datasets, as is usually done.
The SSE runs were executed on a computer cluster consisting of about 60 nodes, made

available to the Department of Pharmaceutical Biosciences at Uppsala University for the
purpose of pharmacometrics related computation intensive tasks. This cluster ran Linux distro
Scientific Linux release 6.5 (Carbon) with Linux kernel version 2.6.32 and had both NONMEM
7.2.0 and NONMEM 7.3.0 pre-compiled and installed as well as PsN, R, MATLAB and other
computation related software. The computing cluster was interfaced through secure shell (SSH).
Furthermore, the SSE re-estimations were executed with five sets of initial estimates (200

re-estimations per set and model). One of these sets were the true set, i.e. the set that the
simulation model used (see Table 3.1); the other four sets used unique sets of proportional
perturbation applied to the true values. These samples of random proportionals were randomly
generated from uniform distributions, which resulted in new initial estimates centered around
the true parameter values, with the half and double of the true values being the limits (i.e.
within the interval [θi/2, 2θi]). This was done to force the majority of re-estimations to start a
reasonable distance from the true global minimum in the parameter space.
An additional IMP-step was added to all re-estimation specifications. This estimation step

was added after the ordinary estimation method in every re-estimation model file with the
special option EONLY=1. Such an option tells NONMEM to only perform an importance
sampling around the final estimates from the earlier estimation step, and not advance the
parameters further. I.e., a comparable OFV value for all estimation methods could be obtained.
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Table 3.2: Complete summary of all 10 re-estimation models and their respective lines in the two result-
generating SSE runs. The last line denotes the post-importance sampling applied to all models.
The numbers 3 and 4 in HYBRID method refers to parameter ka and tlag, respectively.

Method Settings
FO POSTHOC
FOCE
HYBRID (3,4)
FOCE INTERACTION
FOCE LAPLACE
FOCE INTERACTION LAPLACE
ITS INTERACTION NITER=1000 CTYPE=3
IMP INTERACTION NITER=1000 CTYPE=3
IMPMAP INTERACTION NITER=1000 CTYPE=3
SAEM INTERACTION CTYPE=3 CINTERVAL=10
BAYES INTERACTION CTYPE=3 CINTERVAL=10

IMP EONLY=1 NITER=5 ISAMPLE=1000

A summary of all options used for the estimation methods can be found in Table 3.2.
Automatically calculated statistics from the SSE runs were used in the evaluation of EM

method performance and suitability. This included the bias, relative bias, root mean squared
error (RMSE), relative root mean squared error (RMSEr) and mean OFV (see Equation 3.3
for definitions)27. RMSE is a useful error measure of both bias (closeness to true value) and
precision (variation of estimators) of an estimator (θ̂); it is a unit-preserving version of the
mean squared error (MSE)30.

bias(θ̂) = 1
n

n∑
i=1

θ̂i − θ

biasr(θ̂) = 1
n

n∑
i=1

θ̂i − θ
θ
× 100 %

RMSE(θ̂) =

√√√√ 1
n

n∑
i=1

(
θ̂i − θ

)2

RMSEr(θ̂) =

√√√√√ 1
n

n∑
i=1

(
θ̂i − θ

)2

θ2 × 100 %

(3.3)

The relative bias and RMSEr are even more useful when comparing several estimators θ̂i,
since both are scale independent of the size of the true θi and therefore allows direct comparison.
It should be noted though that the RMSE (and RMSEr) can be problematic. It combines the
mean error as well as the variability of the error (or truly the squared error) distribution, which
in some situations may make the MSE (which is not calculated automatically) more useful to
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disambiguate the error from the error variability31.
The results from these two SSE executions were then summarized and a conclusion regarding

the most applicable method drawn. This conclusion was partly based on the estimates of relative
bias, RMSEr and the amount of re-estimations that terminated (i.e. converged successfully);
most weight was on the difference in OFV since it is a pure statistic measure. For the parameter-
bound relative bias and RMSEr special focus was placed on the parameter responsible for
introducing discontinuity into the problem, namely the tlag parameter.

3.2 Improving estimation in the NONMEM FDC
design method → results

When the best method capable of estimating the oral-absorption simulation problem lag-time
change-point in one non-approximate estimation step had been found, an implementation of
the selected method in the FDC design method was sought. The models were all written in
NONMEM and executed on the computer cluster that was used in the simulated oral absorption
problem (see Section 3.1). Those models that resulted in pre-run errors were deemed complete
failures and those that did result in a started execution were investigated for convergence. A
maximum run time of about 24 h was allowed before the models were killed by force if no
convergence had yet occurred.
The FDC design method with two dose groups were chosen for the incorporation of the

selected EM method since it was the most simple case still demonstrating heterogeneity. Then,
an estimation method record specifying IMP as opposed to FO, with NITER=1000 and
CTYPE=3 as in the oral absorption problem, was added to the NONMEM model specification.
Multiple other successive attempt were then made to rewrite and modify the model, including
different keywords and parametrizations, to accommodate the incorporation of the selected EM
estimation method.
The options INTERACTION and NOINTERACTION controls whether NONMEM should

keep the dependence on η variables for intra-individual type error (residual error) or not, when
computing the objective function value23. NOINTERACTION was suspected to be beneficial
here since no variability in the data were present (as opposed to the oral absorption problem
that included real η and ε variables in the simulations). The option LIKE forces NONMEM to
not compute the likelihood before summing to OFV, but rather interpreting the dependent
Yi variable as a direct component of the OFV sum. Finally, the option ERR was tried as a
replacement for the keyword ETA; this is an alternative method of specifying random variables
in NONMEM models where only one level of random effects is applicable23.

An option especially useful when using the EM methods is AUTO. This option was introduced
in NONMEM 7.3.023 and directs NONMEM to find and set the best settings for the estimation
without user input. It was used as a replacement for the setting of options like CTYPE and
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NITER. This was motivated by the optimal values being unknown for this particular problem,
and it was feared that the current values transferred from the oral absorption problem could
interfere with the success in the FDC design method.
MU referencing is another relatively new feature in NONMEM, introduced along with the

EM methods23. This is the recommended way of implementing the EM methods in the models
and involves the explicit coding of how exactly the θ are arithmetically related to the η (and
individual parameters). Mathematically, it does not introduce any difference but it is claimed to
speed up the estimation process wherever it can be introduced. Therefore, these relationships
were tried to be specified in this implementation as well.

Finally, the model was rewritten to remove the approximation of the truly discontinuous
Heaviside step function (as discussed briefly in Section 1.3.2) since high values of γ (in the
context of a high body weight) are not numerically computable in the NONMEM compilation
used (see the exponentials in Equation 1.8). Additionally, the main aspect IMP was thought
suitable to improve was precisely a direct estimation of the discontinuous point without the
need for an approximation increased in a step-wise fashion. Therefore the code was rewritten
with IF keywords that in NONMEM denotes traditional conditional if-clauses23. In light of
this, the approximative function itself was also sought to be replaced by a logistic function
(see Equation 3.4) and this was investigated for applicability in the problem at hand, i.e. to
approximate the Heaviside step function and be numerically computable for all conceived slopes
in NONMEM.

dose0 = θ̂dose

dosei(BW) = dose0
1 + e−2×γ×(BW−BPi)

dose(BW) =
n∑
i=0

dosei

(3.4)

3.3 Treatment homogenization and utility
function optimization → results

Homogenization of the dosage strata with respect to underexposure was sought in NONMEM,
with methodological focus on the utility function. Therefore, an extension of the utility function
(see Equation 1.6) by a group level deviation from target measure was primarily investigated.
It was reasoned that such an extension could lessen the models dependency on, partially or
even completely, the number of individuals in the dosage strata.
The most simple incarnation of the FDC design method with two dosage groups (one

breakpoint) was chosen. To not introduce a slope limit, the logistic function was chosen instead
of the function of exponentials. A basic case of a group-dependent utility function extension
was then considered as an incorporation of the mean AUC for each drug d and dose group g,
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AUCd,g. Different methods to achieve and include such a mean calculation was investigated for
applicability.
NONMEM has no intrinsic support for the calculation of category level statistics23. Addi-

tionally NONMEM is heavily dependent on the record lines in the input data set; the software
reads and calculates the OFV-contribution from every individual (OFVi) in a linear scanning
type of action and only knows the total OFV for each iteration when it has read all the record
lines. The group mean calculation was also constrained by this and AUCi could not be attained
before all records had been read. Therefore the most feasible method of implementation was
arguably to keep running sums of AUCi values for every drug and dosage group, followed by
mean calculations at the last individual data record.

The inclusion of these calculated AUCd,g values in the utility function was then to be solved
conditionally for every data record, based on the current drug and the individual’s body weight
(and current estimate of BP1). This meant that the mean values could only be incorporated
into the next scan of the records and had to lag one step behind. This introduces errors in
the utility function and OFV but was deemed necessary in NONMEM. Furthermore, it was
assumed that the converging behavior of the estimate vector and OFV would cause the final
vector θ̂ to be close to the minimum. Another side effect was that the means would be constant
and not subject to change if the estimates changed during every scan. This was not considered
a problem since NONMEM updates the estimates between every summed total OFV value.
Therefore the mean calculation was implemented by introducing three variables for every

drug and dosage group: AUCS, AUCN and AUC. Considering 4 drugs and 2 dosage groups
this meant a total of 24 variables. The model was then coded so that AUCS,d,g summed every
individual’s calculated AUCi for drug d and the dose group g (1 if BW < BP1, 2 otherwise).
AUCN,d,g was increased by 1 every time an AUC was added to AUCS,d,g. At the first record
when all records had been read at least once, all the AUCd,g variables were calculated as
AUCS,d,g/AUCN,d,g, and all AUCS,d,g and AUCN,d,g reset to 0 to be ready for the next record
scan (see Appendix A.3 for the implemented NONMEM code).

The utility function was extended to include the deviance of AUCd,g to target (see Equation 3.5
for one example of a used utility function). These deviates had to be unsigned values to correctly
function in records where AUCi < AUCt and AUCd,g > AUCt (or vice versa), without a net
canceling effect of these two deviates. Both equations with absolute values as well as squares
were tried and used.

Yi = |lnAUCt − lnAUCi|+ |lnAUCt − lnAUCd,g|+ ε (3.5)

NONMEM reserves the symbol " for verbatim code, which is code that is directly incorporated
into the resulting FORTRAN program as is without any translation or modification23. This
was heavily used to populate the model with FORTRAN write statements to provide debug
and verification output to the terminal were NONMEM was run. Individual Yi values were
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verified this way as well as total Y values and every AUC, AUCS and AUCN variable.
The initial values of AUC variables were pre-calculated through a script written in R and

pre-coded in the model files. These calculations, based on initial estimates and the dataset
directly, were performed to stop AUC = 0 the first iteration (before the first AUC variables
were obtained) from resulting in a favoring of the initial estimates. The value of γ used in the
models was also used in the script in the logistic function (the doses were not discretized). This
was important to ensure that the initial values of AUC were consistent with the subsequent
calculations in NONMEM. The output from the write statements in the models in context of
the initial mean values from R were also carefully evaluated for consistency.
The option -2LOGLIKELIHOOD was used in the later models. This option overwrites the

normal calculation of OFV in NONMEM by letting Y sum from the individual contribution of
the total OFV directly, which is preferable when working with a utility function that should
be directly subject to minimization23. This works because NONMEM usually calculates the
OFVi as the likelihood of observing the outcomes (Yi) given the current parameter estimates,
Li, and sums −2 lnLi to obtain the OFV. Thus, by referencing the Yi as a direct logarithm of
the likelihood it is subject to a direct summation by NONMEM. A useful side-effect of this is
that NONMEM accepts the lack of any η variables when -2LOGLIKELIHOOD is used; since
no likelihood was calculated by NONMEM internally it is not needed.

Other utility functions were also tried, such as a penalty function with a large fixed additive
value when a group was found to deviate too much. Proportional weighting of the logarithm
deviations of the inter-group deviance was also tried, as well penalties based on the maximum
inter-group differences. A vastly more simple model file was also constructed to evaluate whether
the usage of group level statistics could be used in NONMEM objective function at all. In this
context, a user-supplied CONTR-subroutine (individual contribution calculation subroutine)
was tried as well.

Finally, two chain runs of the FDC-model without group statistics and with an increasing
value of (logistic) γ in the series (0.5, 5, 50, 500) were performed. These models used the
keyword -2LOGLIKELIHOOD and no random variable. One chain run used the absolute value
of the log deviance as utility function and the other one the square. This was performed to
investigate if this method of letting the OFV, that NONMEM always seeks to minimize, be
equal to the sum of individual utility function contributions, that really should be minimized,
would lead the same vector θ̂opt as compared to the original method where sham-like random
variable additions were used.

3.4 Pediatric pharmacokinetic parameters → results

The adult PK parameters were replaced by newly published pediatric PK parameters. Both
the original typical value vector θ and its variance vector, Ω, were exchanged (see Table 3.3 for
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Table 3.3: Comparison of the original and new simulation model of the FDC design method, in terms of the
(population) typical parameter values and their variances. All CL values are given in the units
L h−1 and before allometric scaling; see Equation 1.7 with 50 kg and 12.5 kg as B̃W for adult
and pediatric parameters, respectively. Note that ethambutol has an updated, more correct, CL
variance.

Adult PK Pediatric PK
Parameter θ σ2 θ σ2

CLrif 19.2 0.279 8.15 0.106
CLpyr 3.42 0.0351 1.08 0.0734
CLinh,s 9.70 0.184 4.44 0.0630
CLinh,i — — 8.94 0.0630
CLinh,f 21.6 0.184 11.3 0.0630
CLeth 40.3 0.200 40.3 0.0400
pinh,s 0.75 — 0.44 —
pinh,i — — 0.40 —
pinh,f 0.25 — 0.14 —

summary and comparison of PK parameters). Since the variances were log-normally associated
with the typical values, the published coefficient of variations were on the same scale as the
standard deviations and translated as such (i.e. σ2 = (CV/100 %)2).
The median population body weights used in the allometric scaling (see Equation 1.7) were

also changed. The original weight used in the adult PK-based simulation model was 50 kg. This
was changed for ethambutol to 47 kg since this was the actual value of B̃W in the ethambutol
population19; 50 kg was used originally because it was reasonably close to the true B̃W for all
populations: rifampicin, pyrazinamide, isoniazid and ethambutol. For the new pediatric PK
values, the median body weight was 12.5 kg, which also was used in the pediatric PK-based
simulation20.

The bimodally differentiated population of isoniazid into fast and slow eliminators were at the
same time exchanged into a trimodal population including intermediate eliminators since Zvada
et al.20 estimated parameters for these populations. The simulated isoniazid metabolizing rate
population proportions were accordingly changed to 14 %, 40 % and 46 % fast, intermediate
and slow eliminators respectively. These values correspond to those observed in an African
population21.
A new simulated dataset was then constructed from the exact same distributions of weight

and age as before as well as the same number of individuals per age, but with the new population
parameter estimates. The new dataset was then compared to the original dataset with respect to
the mean and extreme values of clearance of the all drugs and the actual distributions graphed
comparatively in density plots in R. The weight and age distributions were also compared
similarly to the original dataset for verification purposes.

Ethambutol was kept in the simulation model with the current adult θCL since no pediatric
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value could be obtained, while the ΩCL was updated to 0.04 (0.20 was discovered at this stage to
be a mistake). However, the simulation records for this drug were dropped in all the estimations.
Four new optimal design vectors θ̂a,opt from the original dataset, with 0 to 3 breakpoints, were
thus estimated in the FDC design method with FO, in a logistic function chain run with
γ = (0.5, 5, 50, 500). The same was performed for the new dataset generating four optimal
design vectors θ̂p,opt for the differing breakpoint situations.
Summary statistics was put together in R. Measures of fraction of individuals in each dose

group, the relative mean deviation from AUCt and the sum of Yi was computed. Such summary
statistics was performed for every estimator vector in every breakpoint situation (0 to 3), for
both the simulated datasets. Additionally this was performed in the context of both datasets,
that is both with the estimator vector used in the dataset it was estimated from as well as
in the adjacent dataset. For the calculation of the sum of Yi, the absolute of the logarithmic
deviance (Equation 1.6) was used, to avoid opposite signs from canceling.

The summary statistics was calculated mainly to compare the two designs. Specifically, how
well the adult optimal design would be assuming that the new θ and Ω vectors would represent
the hypothetical population receiving the adult FDC design (and vice versa). In lieu of this,
θ̂a,opt were also compared to θ̂p,opt in their respective dataset to highlight differences in the
optimal designs themselves.

3.5 Translation to MATLAB → results

The estimation specification of the FDC design method was rewritten and adapted to MATLAB
R2014b. The main aim was to achieve suitable homogenization of the dosage strata in MATLAB
as earlier was tried in NONMEM (see Section 3.3). Another aim was to investigate the possibility
of estimating the discontinuity directly.
For this purpose, two m-function files were written and one m-script. One m-function file

was constructed to read and parse the dataset (with the normal exclusion criteria BW > 30),
as well as update the dose groups based on (current) estimated breakpoints and re-calculate
AUC values based on (current) dose groups and estimated doses. The other m-function file was
written to handle utility function calculations. Finally, the m-script was made as a configurable
wrapper for the functions to execute the complete estimation and output the results as well as
some performance criteria.

The non-approximative method of solving the problem of dose groups was chosen since it was
deemed possible in MATLAB. I.e. the model was written to use the Heaviside step function
directly (see Equation 1.9) by calculating dose groups for every record in the dataset before each
new function iteration. For the optimization, the MATLAB estimation function fminsearch
was chosen since it is the default implementation of the Nelder-Mead simplex method32.

The Nelder-Mead simplex method was originally developed by Nelder and Mead in 1965 and

Material and methods 29 Uppsala University



has also been called the “amoeba method”33,34. It is a derivative free minimization method,
which places it in the general class direct search methods, and operates by evaluating and
minimizing a utility function Y (θ1, . . . , θn) of n parameters by constructing a simplex P in
n-dimensional space (with n+ 1 vertices)35.
A simplex is a generalization of a tetrahedron (or triangle) in n-dimensional space36. The

initial Nelder-Mead simplex P 0 is in MATLAB placed close to the given initial parameter vector
θ̂init

32. Then, at each iteration it is evaluated at 1 or more vertices and a new simplex P i+1

for the next iteration is constructed from P i. P i+1 is chosen through descent criteria and the
available simplex transformation operations reflection, extension, contraction or shrinkage; it is
constructed to make it a better guess, closer to a minimum, than P i was35.
The method can be visualized in two dimensions (i.e. 2 parameters) as a triangle (a 2-

dimensional simplex) that is evaluated at the parameters at 1 or more of its corners. Based on
the inequalities found, between vertices in P i and between P i and P i−1, a new triangle is then
constructed via the transformation operations that should fall closer to a minimum. This is
continued until all vertices collapse to the same point within some tolerance criteria; that is, a
minimum has been found (which could be global or local).
The main advantage that argued for a direct search method was that it would enable the

Heaviside step implementation of the FDC design method to be used, since discontinuities
does not matter to this class of minimization functions (the derivatives of Y (θ1, . . . , θn) are
never evaluated). The advantage of the Nelder-Mead simplex method as the choice of such a
method was that it is fast, efficient and easy to implement. Additionally, the translated model
was written as generalized as possible so the optimization method itself could be exchanged or
extended.

The case of 1 breakpoint and the adult PK-based dataset, with all four drugs, was chosen as a
test case. The θ̂init used were the same as in the NONMEM implementation and input into the
fminsearch call along with a wrapper function for the utility function. This wrapper function
was called by fminsearch each iteration to obtain a value, Yc, for its current simplex-derived θ̂c

vector. This vector was first controlled such that all values were within a tolerable interval, K.
K was specified for every initial dose of drug d as Kdose = (0× θd,init, 2× θd,init) and every

breakpoint as KBP = (minBW,maxBW) (where BW were the vector of all body weights in
the dataset, after exclusion of BW > 30). If θ̂c was not found within the intervals Kdose and
KBP, an evaluation of Y (θ̂c) = +∞ was hardcoded to punish Nelder-Mead for stepping in that
direction. By extension, this also punished situations with 0 individuals in either dose group.
Next, the doses for DGi were calculated from each dose in θ̂c (θ̂dose × i) and the DG vector

updated for every record, based on the breakpoints in θ̂c and the vector BW. The AUC vector
was then updated based on the doses calculated and the DG vector itself. This new AUC vector
were then used in the actual utility function evaluation, which were the sum of the absolute
logarithmic deviance for every AUCi and corresponding AUCt.
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To clarify, fminsearch was allowed to freely roam in the K-subset of the parameter space
and evaluate the wrapping utility function for the θ̂c it tried as constituents in its simplex.
The wrapping utility function returned the value Yc for each iteration, corresponding to utility
function Y (θ̂c). See Equation 3.6 for the complete utility calculation with 1 breakpoint (2 dose
groups), where d is drug, i individual and θ̂ the estimates.

DG(θ̂BP;BW) =

1, if BW < θ̂BP

2, if BW ≥ θ̂BP

AUC(θ̂;CL;BW) = θ̂d ×DG(θ̂BP;BW)
CL

Y (θ̂) =


4∑
d

n∑
i
|lnAUC(θ̂;CLi,d;BWi)− lnAUCt,d|, if θ̂ ∈ K

+∞, if θ̂ 6∈ K

(3.6)

Default tolerance settings in MATLAB R2014b for both Y and parameters in fminsearch
(1× 10−4) was kept. Furthermore, 1000× nθ = 5000 (utility wrapper) function evaluations and
simplex iterations were allowed (default was 200× nθ). The model was developed and profiled
on a personal computer running Windows 7 Enterprise (64-bit) on Intel® Core™ 2 Duo CPU
T9400 (2.54GHz) and executed on the computer cluster earlier employed. The found minimized
estimator vector θ̂min was then compared to the earlier minimum found in NONMEM, θ̂opt (see
Table 4.2). The corresponding Y values were also compared, where Y (θ̂opt) was calculated in R.

The process was repeated with 2499 unique random initial vectors θ̂rinit (for a total of 2500
minima). This was performed to get a measure of both the variance of found minima in terms
of both parameters and Y and how successfully fminsearch could find the NONMEM minimum
θ̂opt. Each θ̂rinit were constructed by letting each parameter k of θ̂init be uniformly randomized
within the interval L; defined as L = [k/2, 2k] for doses and L = KBP for breakpoints, since
half of some ordinary initial breakpoint values (see Table 1.1) may result in Y (P 0) = +∞.
Since even though no minimum found were likely to end at exactly θ̂opt, due to precision

differences, parameter vectors “close enough” were still to be considered as the same minimum.
Therefore the fractions of minima with no estimated parameter deviating more than a certain
percentage from the corresponding parameter in θ̂opt was calculated. For this purpose, an
arbitrary maximum deviation of 5 % was chosen. The fraction of minimizations with Y ≤ Y (θ̂opt)
were also calculated as a measure of performance.

Finally, all minimized Y values were graphed against the distance, D, of corresponding θ̂
in euclidean space to θ̂opt with respect to the normalized, by θ̂opt, 5 parameter dimensions.
I.e. a matrix with the point θ̂opt set as {1, 1, 1, 1, 1} and all other points relative to this, was
constructed before the euclidean distance was calculated of every point to θ̂opt. See Equation 3.7
where D is the euclidean distance metric between n-dimensional points u and v37.
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D(u, v) =
√

(u1 − v1)2 + · · ·+ (un − vn)2 (3.7)

A distance of 0 would mean a point in the parameter space exactly equal to θ̂opt. Then,
for every value of D in n parameter dimensions a point can be found that has an increase
or decrease of all parameters by D/

√
n× 100 %. For 5 parameter dimensions (4 drugs and 1

breakpoint), the distance D = 1 corresponds both to the point with an increase of 45 % of all
parameters as well as that with all decreased by the same amount.

This graphing method was used to intuitively discover possible multiple competitive minima
in the parameter space, i.e. points with D > 0 with a pattern-breaking low value of the
utility function. In the particular case of exactly 1 breakpoint, a more informative graph
was constructed as the utility function value against this single breakpoint estimator. The
euclidean plot was specifically developed to explore the minimized utility-function and find
possible competetive minima in the general case of nBP 6= 1.

Because of the randomization another focus of this trial was to gain or lose confidence in the
hypothesis that θ̂opt was the true global minimum within the specified randomization intervals.
The resulting 2500 element vector, Y2500, consisted of the corresponding utility function values
(Equation 3.6) to the found minima from the 2499 elements of θ̂rinit and the single ordinary
θ̂init. The hypothesis was stated: min (Y2500) ≈ Y (θ̂opt). If this was false, it would also show in
the euclidean distance graph by a low utility value groups of points with D > 0.
The model were also executed with 0, 2 and 3 breakpoints with similar 2499 sets of θ̂rinit.

The resulting absolute minima, θ̂min, were compared as for 1 breakpoint to the earlier found
NONMEM minima (see Table 1.1), and the success rate evaluated as the same fraction of final
estimators with all parameters within 5 % of NONMEM minima. The euclidean plot was also
used for discovering possible competetive minima in these cases. For more than 1 breakpoint,
another infinite penalty was used in the model to avoid BPi > BPi+1 from being estimated.

In conjunction to the translation of the estimation specification to MATLAB and the possible
findings of non-global (local) minima, the parameter space within the interval M was also
visualized. For this purpose, M was defined for all parameters as L was for doses. Several
heat-maps from the procedure Sammon mappping were constructed to evaluate their location
and density, relative to the found global minimum and the initial estimates, in a graphical
manner for only the case of 1 breakpoint in the adult PK-based dataset.

Sammon mapping is a procedure, proposed initially by John Sammon in 196938, for mapping
down a number of points in a higher-dimenensional dataset to correspond to points in a lower
dimension while keeping the patterns and distances as well as possible39. It differs from principal
component analysis (PCA) by instead of preserving the variance in the data it preserves the
interpattern distances, which was found suitable for visualizing the distances between minima
found in the MATLAB model. Formally it is a non-linear mapping method by minimizing an
error metric, S (Sammon’s stress), dependent on the differences between all the (commonly
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euclidean) distances in the original hyperspace, D′(u, v), and the resulting map, D(u, v) (see
Equation 3.8).

S = 1
n−1∑
u=1

n∑
v=u+1

D′(u, v)
×
n−1∑
u=1

n∑
v=u+1

(D′(u, v)−D(u, v))2

D′(u, v) (3.8)

This was performed by random uniform sampling in the intervalM for each of the 5 parameters
(4 doses and 1 breakpoint). The points θ̂init and θ̂opt were then added to the matrix. For
each point, a corresponding value of Y was calculated in R with the same utility function
(Equation 3.6).

These were then combined to create a semi-random 6-dimensional space, which were
then rescaled. The rescale procedure was based on the vector θ̂init in that this point was
{100, 100, 100, 100, 100, 100} and all other points scaled relative to this (to weight the distances
in the dimensions equally). An exception was done for the dimension Y which were tried in
different scale sizes, {1, 5, 10, 100}, to avoid points with the same Y merging too much by letting
Y having a lesser impact on S than the parameters.
A subset of these points (numbering ∼ 20 000) were subject to an euclidean distance cal-

culation, before this resulting distance matrix was Sammon mapped. The result was then
interpolated in R with the library akima and its interp function to an even grid, which were
colored by the Y value in every interpolated gridpoint and plotted. The points most likely
corresponding to θ̂init and θ̂opt were specifically marked, by closest match.
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4 Results

4.1 Simulated oral absorption problem → method

From the chosen summary statistics of the SSE (see Table 4.1) it can be concluded, based
on respective importance sampling OFV values, that all EM methods were superior to the
traditional methods with one exception: ITS. ITS did fair worse than some traditional methods,
and resulted in extremely long run times. it is also worth noting that the RMSEr for tlag was
the worst of the lot. In addition, SAEM could also be ruled out since a significant portion of
runs did not terminate, in clear contrast with IMP, IMPMAP and BAYES. BAYES took a too
long time to terminate as well (681 s), and was therefore also ruled out for this problem.

Regarding LAPLACE without interaction, no run converged at all. In fact, NONMEM did not
even start the estimation but instead reported that the estimation record in all these models were
“inappropriate” without any further information. In addition, the LAPLACE method worked
with importance sampling when interaction was included. In contrast, LAPLACE ran without
problems in two SSEs executions that did not implement a succeeding importance sampling
step. Further investigation showed that the single addition of an importance sampling step did
indeed precipitate the error message. It is likely that the importance sampling implementation
in NONMEM needs interaction when second derivatives of η variables (i.e. Laplacian) are used.
By comparing the original sampling SSE with the SSE including random perturbations, it

seems probable that this sampling scheme indeed was more informative. This seems especially
true in the context of the traditional methods. For the EM methods (excluding ITS) the
difference was too small for any conclusions about superiority to be drawn, though a non-
inferiority likely is present.
When differentiating the comparable methods IMP and IMPMAP, it is worth comparing

the parameter-specific error statistics. IMP showed the lowest RMSEr for the discontinuous
parameter tlag. Furthermore the mean relative bias for this parameter in IMP runs (not shown
in table) was −0.286 and −0.085 for SSEA and SSEB, respectively. The same statistic for
IMPMAP were computed as −2.647 and −1.207. IMP was therefore chosen as the most suitable
method of estimation.
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Table 4.1: Summary of average statistics of the two SSE runs with the succeeding importance sampling steps.
tc denotes the time to completion, RMSEr the relative RMSE for the population parameter tlag
and Nc the number of successful minimizations. Note that no execution with LAPLACE without
interaction did run, which is responsible for the lack of results for this method.

SSE A (Original sampling) SSE B (Random perturbed)
Method OFV tc RMSEr Nc OFV tc RMSEr Nc

FO -183 24 25.7 1000 -224 27 18.7 1000
FOCE -203 72 21.9 768 -210 70 20.1 779
FOCE + I -187 42 20.4 1000 -176 51 22.9 1000
HYBRID -203 77 21.9 788 -211 88 20.0 775
LAPLACE — — — 0 — — — 0
LAPLACE + I -88.1 107 26.3 715 -95.1 113 24.8 686
ITS -176 1219 54.0 989 -161 410 44.1 1000
IMP -248 83 7.30 1000 -250 90 7.32 1000
IMPMAP -247 66 8.51 1000 -250 82 7.42 1000
SAEM -247 122 7.38 938 -247 161 7.37 903
BAYES -246 681 7.67 1000 -248 612 7.71 1000

4.2 Improving estimation in the NONMEM FDC
design method → method

The direct implementation of the IMP estimation method in NONMEM resulted in an error
about the estimation record being “inappropriate”; the same error message that occurred when
LAPLACE without interaction was used in combination with importance sampling in the
simulated oral absorption problem (see Section 4.1). This error message re-appeared every time
residual error variables (ε) were coded as ETA without any EPS variables in the code. Even
when NOINTERACTION was specified, an error about missing EPS variables resulted.

The inclusion of very small dummy ETA variables (Ω = 1× 10−9), not coupled to any
quantity, did not work as well. These models did indeed run but they could never observed to
converge. In addition, no effect of the size of these dummy ETA variables on the converging of
the estimations could be observed.
A shift to only model ε residuals as EPS variables without any η inclusion also was not

accepted by NONMEM. Variables with coded with EPS always were regarded by NONMEM
as second level error variability (which needed a first level). Finally when only ERR was used,
NONMEM did run but never converged. From these trials it was concluded that the IMP
estimation method needed both levels of errors to run in NONMEM, which could not be found
in the data.

The requirement of an ETA keyword also meant that MU referencing was not found possible.
MU referencing could not be associated with ε in the models, but only with inter-individual η
variables. This also extended to variables coded with the keyword ERR. With MU referenced
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ETA coded dummy variables the same problem arose, namely that the models ran but never
converged.

When ERR coded ε variable variances Ω were inflated to 0.0225 (≈15 % CV) converge of the
models could finally be observed (after non-estimated fixed breakpoints had been removed).
The estimates were found somewhat close to estimates earlier known from FO, but the run
time was extremely long (2.92 h). An inflation of these ERR coded variables to 0.09 (≈30 %
CV) did not change the final estimates and had a similarly long run time (4.34 h). Estimation
did not improve with NOINTERACTION (similar estimates, run time of 5.82 h). Note that no
conclusion can be drawn about these run times since the cluster used assigns different nodes
with different hardware, based on currently available resources (which also is highly variable).

The chained increase of γ and re-use of final estimates as initial estimates, as in the original
FDC design method with FO, did still result in worse estimates. When the approximation of
Heaviside step function was removed and replaced by a pure discontinuity (through if-clauses),
no model could run. These substitutions always resulted in error messages regarding an inability
to obtain “initial estimate of the variance-covariance components”.

In conjunction to this it was also found that the compiled version of NONMEM on the cluster
could not work with the large numbers that γ = 30 resulted in, as the original FDC design
method used when it was built. This original model used NONMEM 7.2.0 in the older cluster
DORIS built with a compiler setting that allowed higher numerical values. The maximum
value, before the return of +∞, was found to be the same as that seen in R (as mentioned in
Figure 1.3 in Section 1.3.2).
In addition IMP was not found able to estimate directly to a high value of γ (23). It was

concluded that IMP, precisely like FO, could not estimate directly to the highest value of the
slope factor γ but necessitated the usage of step-wise increase of its value. This in context
of a direct Heaviside step function not working, meant that it could be concluded that IMP
estimation would not be able to provide any performance increase over FO. No increased
performance was found on either of the estimate accuracy, precision, run time, mechanistic
accuracy or convenience by direct estimation of high slope factor value.

The final substitution of the function of exponentials (see Equation 1.8) to a logistic function
did prove successful. A comparative example plot of the two functions can be seen in Figure 4.1.
Runs with FO as estimation method enabled as high values of γ as preferable, given that these
were also increased in a chained step-wise fashion, where final estimates from the prior step
were input as initial estimates in the subsequent step. The total runtime (excluding manual
work) was 668 s for the four chained logistic executions and 616 s for the three chained function
of exponentials executions.

The final estimate vector θ̂opt from the logistical models were found superior with respect to
the utility function value, as compared to the estimate vector from the original FDC design
method. This can be attributed to the high values of γ much more closely mimicking the true
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Figure 4.1: The nonlinear function of exponentials (see Equation 1.8) in the original FDC design method
compared to the logistic function (see Equation 3.4). Only two drug doses are shown for brevity,
where BP = 15 kg and dose0 = 100 mg. Note that the nonlinear function of exponentials requires
a larger value of γ for the same slope and that it cannot be calculated at γ ≥ 24 in the compiled
versions of NONMEM at the used cluster, while the logistic function can. In fact, the value can
be set to an arbitrary high number in the logistic function and at limγ→+∞ f(BW) = H(BW),
reducing to being completely identical to the Heaviside step function.
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Table 4.2: Comparison of the original function of exponentials versus the logistic function in chained
step-wise runs. Fraction of population in DG1 and mean AUCi deviations from AUCt =
{23.4, 351, 10.52, 20.5} were calculated in R with discrete dose groups, i.e. individuals with
BW < BP1 were placed in DG1 and those with BW ≥ BP1 in DG2. The utility function used
in R (for calculation of residuals, Yi) was the absolute of the logarithmic deviation function
(Equation 1.6). Note that NONMEM at the cluster did not allow for γ ≥ 24 (Yi summed to +∞)
in the function of exponentials, but succeeded with all high values that were tried in the logistic
function.

Logistic function Function of exponentials
Slope (γ) 0.5 5 50 500 0.5 3 23
doserif (mg) 128.8 120.8 120.5 120.5 137.4 124.1 123.3
dosepyr (mg) 342.4 321.3 320.3 320.4 365.3 330.2 328.0
doseinh (mg) 35.81 33.60 33.50 33.51 38.20 34.52 34.30
doseeth (mg) 235.6 221.1 220.4 220.5 251.3 227.1 225.7
BP1 (kg) 15.54 13.80 13.70 13.70 17.29 14.52 14.28
Fraction [DG1] (%) 24.4 13.6 12.9 12.9 35.2 17.9 16.4
AUCi −AUCt [DG1] -20.1 -20.4 -20.3 -20.3 -18.8 -20.4 -20.2
AUCi −AUCt [DG2] 11.6 8.96 8.90 8.93 14.8 10.2 10.1
Sum of Yi 27521 27394 27385 27382 27817 27427 27412
Runtime (s) 164 135 230 139 188 216 212

Heaviside function that mechanistically underlies a discrete dose decision (see Table 4.2).

4.3 Treatment homogenization and utility
function optimization → method

The mean calculating NONMEM code itself did work exactly as intended, i.e. resulted in the
same mean values that were generated through R. However, it was not found possible to use
these means in the calculation of the utility function value.

No effect on the OFV could ever be observed when these variables were used in the definition
of Yi in NONMEM 7.3.0. Indeed, this was also found to be true when -2LOGLIKELIHOOD was
used and the OFV therefore was exactly equal to the sum of all Yi; the OFV was not observed
to react to the changing value of Yi over every iteration. Instead only the first encountered
value of the variable that was incorporated into the definition of Yi (usually AUC) was used by
NONMEM in the calculation of Y for every iteration.
Even a user-supplied CONTR subroutine that overwrote the internal OFV-contribution

calculation for ever individual could not help correct this problem either. When it was defined
to use the value of a group statistics and the set individual contribution outputed to the
terminal, it too was seen to react to the change of the value over every itertion. However, the
total sum of these contributions (the OFV) never accounted for these changing values. The
problem of group homogenization was therefore considered unsolveable in NONMEM 7.3.0. See
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Table 4.3: Result of the two chained step-wise runs with -2LOGLIKELIHOOD and no random variables.
Fraction of population in DG1 and mean AUCi deviations from AUCt = {23.4, 351, 10.52, 20.5}
were calculated in R with discrete dose groups, i.e. individuals with BW < BP1 were placed
in DG1 and those with BW ≥ BP1 in DG2. The utility function used in R (for calculation of
residuals, Yi) was the absolute of the logarithmic deviation function (Equation 1.6). Note that
the final estimates of the square deviance chain was comparable to the earlier results without
-2LOGLIKELIHOOD and the ordinary utility function (see Table 4.2), while problems were had
with the absolute deviance chain.

Absolute deviance Square deviance
Slope (γ) 0.5 5 50 500 0.5 5 50 500
doserif (mg) 128.1 126.5 127.2 127.0 128.8 120.8 120.4 120.5
dosepyr (mg) 340.8 335.7 337.5 337.2 342.4 321.3 320.3 320.4
doseinh (mg) 34.28 34.03 34.22 34.20 35.81 33.60 33.50 33.50
doseeth (mg) 234.8 231.9 233.0 232.8 235.6 221.1 220.4 220.4
BP1 (kg) 15.44 14.91 15.00 14.98 15.54 13.80 13.69 13.70
Fraction [DG1] (%) 23.74 20.36 20.98 20.83 24.42 13.58 12.93 12.95
AUCi −AUCt [DG1] -20.29 -20.16 -19.99 -19.99 -20.14 -20.44 -20.33 -20.34
AUCi −AUCt [DG2] 11.18 10.95 11.31 11.24 11.58 8.96 8.9 8.93
Sum of Yi 27464 27415 27409 27402 27521 27394 27383 27385

Appendix A.4 for a reduced example demonstration of the occurrence of the problem.
Interesting results were found with the chained estimations of θ̂opt with -2LOGLIKELIHOOD

and lacking random variables. The usage of the absolute of the logarithm deviance resulted in far
from optimal estimates (see Table 4.3), whilst the squared deviance did not encounter any such
problem but instead resulted in the same minimum as seen before (see Table 4.2). In fact with
the absolute deviance, the position of the breakpoint hardly moved at all, while no problems
were reported by NONMEM. That the vector θ̂opt from the squared utility function with
-2LOGLIKELIHOOD does seem slightly worse (Y = 27385) as compared to the non-squared
ordinary logarithm deviance (Y = 27382) is because the evaluation statistics calculated in R
originated from the ordinary logarithm deviance and not the minimized squared utility.

4.4 Pediatric pharmacokinetic parameters → method

The dataset simulated from the new pediatric parameters were verified as having the same
distributions of age and body weight as the original dataset (see Figure 4.2A and Figure 4.2B for
wegiht and age distributions, respectively). Furthermore even though the same age and weight
distributions are present, from the CL distributions it is clear that there is a significant difference
the datasets for rifampicin, pyrazinamide and isoniazid (see Figure 4.3A). In particular the
trimodal distribution of acetylator status of isoniazid in the new dataset results in a notably
larger variance of the distribution (see Figure 4.3B).

The difference between the two datasets is also visible in aggregate statistics. The CL average
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Figure 4.2: Interpolated density plots from R (“rectangle” smooth method with double default binwidth)
of the body weight and age distributions in the two simulated datasets. The distributions for
the adult and pediatric PK-based simulations are completely equivalent, since the same LMS
method (outlined in Section 1.3.2) was used. The ragged appearance in the age plot illustrates
the age distributions discretization on months. Note that the exclusion criteria BW > 30 and
inclusion criteria agemo ≥ 24, creates the right smooth tail and left sharp cut-off in Subfigure B,
respectively.
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Figure 4.3: Interpolated density plots from R (“rectangle” smooth method with double default binwidth) of
the clearance in the two simulated datasets. Note that the trimodal nature of the new isoniazid
NAT2 status (Subfigure B) results in a much wider variability (Subfigure A).

Results 40 Uppsala University



Table 4.4: Comparison of the original and new simulation in the FDC design method, in terms of the clearance
mean, median and extreme values. Note that differences in isoniazid are the most significant.

CL C̃L minCL maxCL
Dataset A P A P A P A P
Rifampicin 11.0 12.1 9.46 11.3 0.999 2.60 103 54.8
Pyrazinamide 1.73 1.58 1.68 1.49 0.536 0.342 4.32 5.29
Isoniazid 6.98 10.6 5.62 9.36 0.813 1.80 71.3 54.3

is clearly higher for rifampicin and isoniazid, as well as lower for pyrazinamide; the same can
be said about the median (C̃L) (see Table 4.4). Translated to AUC it will result in a lower
AUC (underexposure) for rifampicin and isoniazid as well as a higher AUC (overexposure) for
pyrazinamide since AUC simply is defined as dose

CL .
The estimations of new design vectors for both datasets all minimized successfully. The

complete summary statistics from R can be found in Table 4.5. All Yi sums were comparable
with each other, but not with earlier summaries presented.

The optimizations based on pediatric PK showed better fits (lower sum of Yi) in all the
breakpoint situations. Furthermore, the vectors from optimizations based on scaled adult PK
(θ̂a,opt) were found to fit the pediatric PK-based dataset notably better than vice versa. These
optimal vectors additionally evidently differed from each other much more in the doses than in the
breakpoints. For example, for 2 breakpoints (ordered as {doserif, dosepyr, doseinh,BP1,BP2}):

θ̂p,opt

θ̂a,opt
= {1.20, 0.90, 1.60, 1.09, 1.00}

Finally, the problem of a low fraction and poor fit of DG1 were found to persist also in the
estimation with pediatric PK parameters. In fact, in the situations with 3 breakpoints, no
subjects were present at all in the lowest dose group.

4.5 Translation to MATLAB → method

For 1 breakpoint the ordinary initial estimates, θ̂init = {150, 400, 40, 300, 15}, did not precipitate
a minimization result in fminsearch in the MATLAB method close to the NONMEM minimum
θ̂opt = {120, 320, 33.5, 220, 13.7} with Y (θ̂opt) = 27384.79. It resulted in an estimator vector,
θ̂0 ≈ {143, 380, 38.7, 263, 17.8}, with a significantly worse utility function value of Y (θ̂0) =
27796.51 (∆Y = 411.72). The same was also true for 2 and 3, but not 0, breakpoints.

The 2499 randomized minimizations were more successful. For 1 breakpoint the lowest utility
function value of the resulting estimator vectors undercut Y (θ̂opt) by 20.87 (minY = 27363.92).
125 vectors were found better or as good as θ̂opt, approximately 5.00 % of all random initialized
minimizations. The corresponding fractions for 0, 2 and 3 breakpoints were 100 %, ∼16.7 %
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Table 4.5: Comprehensive summary of the chained step-wise runs (logistic function and γ = (0.5, 5, 50, 500))
with ethambutol dropped, in both the original adult-based (A) and the new pediatric-based
(P) dataset. Only the last execution, γ = 500, is presented. Fraction of population in dose
groups (DG), mean proportional AUC deviations from AUCt = {23.4, 351, 10.52} in both datasets
for every estimate vector were calculated in R with discrete dose groups, i.e. individuals with
BW < BPn were placed in DGn, successively from minBW. The utility function used in R (for
calculation of residuals, Yi) was the absolute of the logarithmic deviation function (Equation 1.6).

No BP 1 BP 2 BP 3 BP
Dataset A P A P A P A P
doserif (mg) 220.3 264.2 120.4 144.8 86.65 104.3 69.49 83.24
dosepyr (mg) 585.9 522.7 320.3 286.4 230.4 206.2 184.8 164.7
doseinh (mg) 61.26 97.83 33.49 53.61 24.10 38.60 19.32 30.82
BP1 (kg) — — 13.69 13.74 9.078 9.902 7.380 8.110
BP2 (kg) — — — — 18.19 18.25 13.70 13.70
BP3 (kg) — — — — — — 21.81 21.72

Fit of designs in the estimation dataset:
Fraction [DG1] (%) 100 100 12.9 13.2 0.0606 0.27 0 0
Fraction [DG2] (%) — — 87.1 86.8 40.7 40.9 12.9 12.9
Fraction [DG3] (%) — — — — 59.3 58.9 49.6 49.2
Fraction [DG4] (%) — — — — — — 37.4 37.9
AUCi/AUCt [DG1] (%) 13.1 9.08 -13.9 -17 -12.4 -26.8 — —
AUCi/AUCt [DG2] (%) — — 16.5 12.5 8.01 4.15 -0.679 -4.42
AUCi/AUCt [DG3] (%) — — — — 13.7 9.88 12.8 8.88
AUCi/AUCt [DG4] (%) — — — — — — 13.2 9.05
Sum of Yi 20764 18153 20345 17713 19141 16588 18902 16316

Fit of designs in the other dataset:
Fraction [DG1] (%) 100 100 12.9 13.2 0.0606 0.27 0 0
Fraction [DG2] (%) — — 87.1 86.8 40.7 40.9 12.9 12.9
Fraction [DG3] (%) — — — — 59.3 58.9 49.6 49.2
Fraction [DG4] (%) — — — — — — 37.4 37.9
AUCi/AUCt [DG1] (%) -6.79 40.7 -29.1 7.16 -35.5 -3.72 — —
AUCi/AUCt [DG2] (%) — — -3.97 45 -11 34.3 -18.3 23.4
AUCi/AUCt [DG3] (%) — — — — -6.19 41.7 -7 40.4
AUCi/AUCt [DG4] (%) — — — — — — -6.72 40.7
Sum of Yi 21661 24356 21244 23972 20135 22994 19923 22763
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Interpolated distribution of utility values in MATLAB minima
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Figure 4.4: Interpolated density plot from R (“rectangle” smooth method with double default binwidth) of
the utility function distribution of the 2500 terminated MATLAB fminsearch minimizations of
the adult PK-based FDC design method, for the case of 1 breakpoint. Red line denotes utility
function value of NONMEM minimum θ̂a,opt (see Table 4.6); the green line shows utility function
value of minimization from ordinary initial estimate vector θ̂init (see Table 1.1).

and ∼2.1 %, respectively.
With 1 breakpoint, none of the vectors had no parameter differing from corresponding

parameter in θ̂a,opt more than 1 %, 6 no more than 2.5 % (∼0.24 %), 164 no more than 5 %
(∼6.6 %) and 441 no more than 10 % (∼17.6 %). With 0, 2 and 3 breakpoints the fractions
within 5 % were 100 %, ∼6.2 % and ∼0 %, respectively.

The resulting spread of minimized utilities were large with 1 breakpoint, [27364, 29953].
Furthermore, the distribution was not very discrete. With 8 significant digits, 1739 different
values resulted (of 2 589 047 possible in the range observed). See Figure 4.4 for an overview of
the minimized Y distribution. Similar wide ranges were also observed with 2 and 3 breakpoints
but not 0 breakpoints, where the difference between maximum and minimum Y were negligible.

The complete execution of all 2500 minimizations took 1.97 hours, 7.42 hours, 8.82 hours and
12.52 hours for 0, 1, 2 and 3 breakpoints, respectively. Code profiling on PC revealed that
with 1 breakpoint, every fminsearch call on average lasted 11.5 s. The most time-demanding
calculation, 56 % of the utility function evaluations, were the re-calculation of AUC (based on
the dose estimators) with an average of 6.4 s per minimization. The calculation of Y was the
next largest time-consumer (37 %).
Of those 1 breakpoint minimization vectors within the 5 % limits of θ̂a,opt, initial estimates
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Table 4.6: Summary statistics of the 164 initial estimate vectors of the 2500 MATLAB fminsearch mini-
mizations of the adult PK-based FDC design method for the case of 1 breakpoint, with final
minimization vectors including all parameters within 5 % of the NONMEM minimum θ̂a,opt (see
Table 4.2). All doses k in initial vectors were uniformly randomized from L = [k/2, 2k] and the
breakpoint from range of body weights in the dataset. For comparison, corresponding statistics of
the full set of all 2500 vectors are presented in parenthesis. Note slight bias by mean and median.

doserif dosepyr doseinh doseeth BP
Mean 151 (189) 388 (498) 40.1 (50.0) 308 (374) 14.6 (19.0)
Median 139 (191) 341 (498) 35.3 (50.0) 281 (376) 13.0 (19.0)
Min 75.3 (75.3) 201 (200) 20.0 (20.0) 150 (150) 8.29 (8.29)
Max 295 (300) 782 (800) 79.8 (80.0) 595 (600) 29.4 (30.0)
σ 61.2 (65.2) 165 (171) 17.2 (17.3) 125 (129) 5.31 (6.24)
CV (%) 40.5 (34.4) 42.6 (34.4) 43.0 (34.6) 40.4 (34.6) 36.5 (32.8)

varied greatly. Very small differences of this subset of initial vectors from the full set of all
uniformly randomized vectors were observed. Notably, the mean and median of all parameters
were closer to NONMEM θ̂a,opt and found minimum whilst the range and standard deviation
stayed the same, suggesting a slight bias in the distribution towards the minimum (see Table 4.6)
No minimizations terminated prematurely with respect to the the maximum number of

simplex iterations allowed (1188 was maximum used for 1 breakpoint), nor with respect to
utility function evaluations (1978 as maximum for 1 breakpoint). Additionally, no minimizations
terminated with the estimated vectors evaluated to Y = +∞, i.e. a final parameter vector with
1 or more parameters outside the allowed intervals Kdose and KBP.

No competitive minimum could be identified in either of the breakpoint cases. The most
optimal minimum identified was always located very close to the earlier identified θ̂a,opt (θ̂min =
{120, 320.6, 32.2, 221, 13.7} for 1 breakpoint). Additionally, the relationship between euclidean
distance and utility function value showed no irregular patterns indicative of the existence
of a significant second minimum. For 1 breakpoint, higher breakpoint parameter estimates
(reducing the model to that of no breakpoints), resulted in trend-breaking lower values of Y .
See Figure 4.5 for the graphical visualization of Y dependence on euclidean distance and the
parameter θ̂BP.
The Sammon maps illuminated the utility function in the parameter space as being very

noisy and including a lot of local minima, in consistency with what resulted from the MATLAB
minimizations. A scale of the utility function as 10 % of that of every parameter (normalized
after ordinary initial estimate vector θ̂init) was chosen since a too high value (100 %) created a
map were the utility function practically took over a whole dimension of the 2 available in the
plot. In contrast, a too low value (5 %) presented a too noisy and uninformative map of the
parameter space. See Figure 4.6 for the resulting map.
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Utility function values by euclidian distances
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(A) Y of minimizations with euclidean distance

Utility function values by breakpoint estimators
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Figure 4.5: Dependence of utility function value of the 2500 MATLAB fminsearch minimizations of the
adult PK-based FDC design method for the case of 1 breakpoint, on euclidean distance measure
(Subfigure A) and breakpoint estimator (Subfigure B). Minimizations within 5 % limits of
NONMEM minimum θ̂a,opt are marked red. Blue circle marks location of NONMEM minimum
θ̂a,opt (see Table 4.6); green circle shows minimization from ordinary initial estimate vector θ̂init
(see Table 1.1).
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Sammon 2D map of normalized 6D parameter and utility space
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Figure 4.6: Heat and contour plot of sammon map of the adult FDC design estimation method euclidean
parameter and utility space with 1 breakpoint; including 20 001 randomly sampled points, the
ordinary initial estimate vector θ̂init (white circle, see Table 1.1) and NONMEM minimum θ̂opt
(black circle, see Table 4.2). Random sampling was done from the interval M = [k/2, 2k] for
every parameter k in θ̂init and the Y values evaluated in R with the absolute of the logarithmic
deviation function (Equation 1.6). Before mapping all parameters were scaled relative to θ̂init
(set to 100 for all k and 10 for Y ). Colors denote scaled value of Y ; below 10 are better designs
than θ̂init. Note the high density of noise around θ̂init indicating local minima (red colors).
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5 Discussion

5.1 IMP as estimation method

From the oral absorption problem (Section 3.1 and Section 4.1), it seemed clear that IMP
would be the most suitable estimation method for the problem at hand. I.e, it was presumed
based on the findings to fair best with estimating a parameter that introduces discontinuity. In
the actual implementation however (Section 3.2 and Section 4.2) this was not found to be the
case. Even though the method finally could be implemented, it was not very time effective or
presented as good estimates as FO and FOCE. In conclusion, it was vastly inferior to the FO
estimation that was used originally and for the rest of the work.
The main reason that it did not work as intended is most likely related to the fact that the

oral absorption problem had variability. It included both an Ω vector for the entire θ vector,
as well as an ε variable coupled to the sample concentrations. This was true not only for the
estimation model, but also for the simulation model. Such variability is highly beneficial for the
usage of EM methods, since they perform random sampling based on these variances23. This is
also seen represented in the fact that IMP only succeed in the implementation trial once the
variances of the η variables (Ω) was inflated to much larger and more natural values. With a
very small value of Ω, a very small space around the initial estimates may be sampled.

However, in the problem of optimal FDC design and weight breakpoints, there is not any true
variability present. The estimators are not population parameters and no variability can exist.
Furthermore, NONMEM is designed specifically for population modeling including variability
and uncertainty23. Therefore a problem of this type is suggested to either be solved sequentially
with FO or with another software, such as MATLAB.

5.2 Homogenization of dosage strata

Considering the NONMEM homogenization trials (Section 3.3 and Section 4.3), the software
always treated the group statistics variables as constants after they initially had been set. This
is a direct result of the way NONMEM operates. When a variable is encountered by NONMEM
in the definition of the Yi, the software will only accept it as a changing quantity if it is defined
in the INPUT statement of the datafile as well. If it is not, then the software always assumes
that it must be a constant and therefore does not allow it to internally change.
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Stranger still, this was found to hold up even though the internal variables actually do change
value from iteration to iteration as calculated by the generated FORTRAN program. I.e., even
when the values of the defined Yi variable were output to the terminal and observed to react to
the changing group statistics, the OFV still did not agree with them (see Appendix A.4). This
means that the level at which these values are treated as constants goes deeper in the software
than what is normally seen at the level of the abbreviated code in the model specification file.

It cannot be completely ruled out through these homogenization trials, that it is not possible
to solve such a problem in NONMEM 7.3.0. It can only be stated that this is likely not
straightforward, and that some sort of solution is warranted that overrides or tricks the software
into doing something it is not meant to do. In conclusion, NONMEM simply is not built for
this kind of task. Therefore, MATLAB or another similarly flexible software is suggested.
When considering the usage of -2LOGLIKELIHOOD to force NONMEM to evaluate a

user-supplied utility function directly, without the inclusion of random variables, surprisingly
large problems were encountered with an absolute of the logarithm deviance. This likely was
caused by |f(x)| of a continuous f(x) being discontinuous where f(x) = 0 (see Figure 1.2
with f(x ∈ [100,+∞]) inverted by y = 0). This is a removable discontinuity, a point where
df(x)

dx changes sign and cannot be defined (see Figure 1.5). This means that the absolute
function should be strongly discouraged for unsigning a utility function. An absolute value of
a function, over an interval including f(x) = 0, will always present this discontinuity which
may not be immediately obvious. It is suggested to use the square, another exponent or some
other continuously positive function that retains a smooth continuous minimum at the desired
location.

5.3 Pediatric pharmacokinetic parameters

Concerning the exchange of PK parameter source from an adult to a pediatric study (Section 3.4
and Section 4.4), the difference between the optimal estimates found was large even though
allometric scaling was used in the adult PK dataset (see Equation 1.7). In the case of 2 dose
groups, a 20 % increase of rifampicin, 11 % decrease of pyrazinamide and 60 % increase of
isoniazid was found as the new optimal doses. This highlights that cross-population allometric
scaling should be avoided where it is possible, to not incorrectly model children as small adults.
If children are given FDC TB drug dosages based on allometric scaling of these adult PK

parameters, as well as assumed that pediatric PK used here is the true population parameters,
this is very troublesome. Indeed, it has been reasoned recently that children might be underdosed
in TB-treatment, which caused the WHO to update its guidelines in 201040. Optimal rifampicin
doses for example, are markedly higher (see Table 4.5) than what would be expected when
allometrically scaling the adult-derived population clearance, indicating risk for underexposure.

Of course, it should also here be noted that the pediatric PK is not known with any considerable
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certainty. For example, the African population fractions estimates of fast, intermediate and
slow eliminators for isoniazid (14 %, 40 % and 46 %) would be very inappropriate in other
populations. This trimodal split of CLinh is also the most important attribute responsible for
the large dose increase of 60 %.
In East Asia the fractions have been measured to 40 %, 46 % and 14 %21. That is, the

population proportions are almost completely reversed with respect to fast and slow eliminators.
Additionally the source of these African population estimates, Sabbagh et al.41, also found that
the African population was the most diverse studied in terms of haplotypes. From Figure 4.3B
it should also be clear that a change in the proportions will have a large effect on the optimal
dosage of isoniazid.

5.4 MATLAB translation of design model

The MATLAB translation (see Section 3.5 and Section 4.5) was successful but showed surprising
results concerning the minimization difficulty. The fact that the ordinary initial estimate vectors
θ̂init did not result in the NONMEM minimum, for any other case than that of 0 breakpoints,
suggests that the Nelder-Mead simplex method is likely performing worse than FO in NONMEM
7.3.0 in such tasks where nBP > 0 including a fixed search starting point; but a definitive
conclusion can not be drawn without comparative statistics.

Furthermore, the distribution of final utility values spanned great intervals, except again for 0
breakpoints, and assumed many discrete values (see Figure 4.5), which is highly indicative of the
instability of the estimation with respect to the initial estimate vector. This could be glimpsed
in the Sammon map of the parameter space as well (see Figure 4.6). The parameter-utility
space seems to contain a fair amount quick derivative sign changes and the space thus has got
many pitfalls where a minimizer might get stuck.
On the other hand, assuming that a parameter of a found minimum can deviate no more

than 5 % to be regarded as the same minimum (taking into account precision variability),
∼7 % of all random initialized minimizations for 1 breakpoint did terminate at the expected
minimum. Similarly was true for 2 breakpoints, but not 0 or 3. The fact that 0 breakpoints
wasn’t problematic and 3 very so, is highly indicative of the breakpoints contributing the largest
to the minimization difficulties. For a fixed value of a breakpoint, a certain dose combination
will be optimal which may be where Nelder-Mead got stuck. The relative low utility function
values for a large last weight breakpoint (seen in right side of Figure 4.5) indicates another
problem, namely the possible collapse of the model to that of a lower breakpoint model and a
sudden increase in fit.
Considering the wide interval that every parameter was sampled from, especially the break-

point, ∼7 % must still be considered a good minimization performance even if not completely
optimal (especially if more than 2 breakpoints are necessary). An advantage of this method was
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that the usage of a direct search algorithm as opposed to a gradient-based enabled the usage of
the true Heaviside step function (see Equation 1.9) without any approximation. This removes
the inconvenience of chain-estimation where “good enough” increasing steps had to be chosen.
In contrast, the fact that the hypothesis that minima found through NONMEM truly are

the global minima could not be rejected, indicates that the advantage of a gradient-based
estimation might be huge for this problem. Surely NONMEM finding the global minima cannot
be completely ascertained, but from the large number of minimizations it is very likely to be
true in the evaluated interval L. It is not surprising that NONMEM would fair better, since
gradient-based methods have access to one more level of function- and space-characterizing
information. On the other hand, a direct estimation of the breakpoints without the need to
remove the discontinuities they produce is clearly an advantage.

The method of imposing parameter boundaries by penalizing the minimization with +∞ did
prove completely fruitful, since no minimizations returned such a penalty and therefore failed
related to it. Nelder-Mead is normally an unbounded estimation method; the only means of
imposing parameter boundaries is to either impose such penalties or to transform the parameter
space to one containing asymptotes. Transformations might introduce unforeseen problems
however, since the space for both initial simplex construction and subsequent transformation
operations is not the utility function space anymore; i.e. optimal minimization might be
hindered. Therefore this method of limiting the search space is suggested as a solution in
optimal FDC design estimation.
The need for a stochastic sampling in the parameter space to obtain the global minimum

stands as a clear disadvantage as compared to NONMEM. On the other hand, if the approximate
time of execution of the MATLAB model should be matched to NONMEM chained logistic
function cluster executions (see Table 4.2), this would result in about 60 executions (excluding
manual work of the chained method). Under the assumption of the same fraction of successful
findings of the minimum (5 % within θ̂opt with 7 % success rate), 4 minimizations could succeed
which might be enough.

Of course the run times are not directly comparable, but they indicate that the durations of
estimation are not necessarily too different from each other to invalidate a stochastic sampling
to solve the problem. Especially if some iterative and more informative stochastic approach was
chosen, where the information gained from earlier minimizations is used for future minimizations.
For example, several levels of minimizations might be performed by shrinking the randomized
interval around previously obtained best minima. Additionally, normal distributions can be
used instead of uniform distributions and the run times can most likely be shortened up by
optimizing the code further.

On the other hand, the addition of more breakpoints (or drugs) results in a higher dimensional-
space which probably will make Nelder-Mead simplex method a more and more poor choice34,42.
It has been observed to often fail and break down numerically, especially in higher-dimensional
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problems34. There are other alternative methods in the class of direct search methods and many
might be more suitable for this particular problem. More research into this area is suggested,
especially in the case of direct search estimation methods in application to breakpoint estimation
for multiple dose groups, and corresponding methodology most suitable.

5.5 Conclusion

In conclusion, this report shows that NONMEM at present is not well-suited for these kinds of
problems, neither for estimation of discontinuous breakpoints nor homogenization by group
statistics. If homogenization based on continuously calculated group statistics is demanded,
NONMEM is discouraged as a tool of choice. When NONMEM is to be used the discontinuous
breakpoint limitations encountered are encouraged to be solved with a logistic approximation
with FO as estimation method, as implemented here. No solution to the homogenization
problem can however be suggested, which in a general reactive case might be unsolvable in
NONMEM 7.3.0 even if that could not exclusively be proven.
In contrast, MATLAB showed potential to work around the problems, albeit the stochastic

estimation process needed presented a clear disadvantage as compared to the NONMEM solution.
However, a method of reducing or eliminating this Nelder-Mead artifact wasn’t studied. It
should also be noted that homogenization was not attempted to be solved in MATLAB. These
areas invites further study and could present different unforeseen problems.

The pediatric PK implementation illuminated the necessity to take the possibility of differing
pharmacokinetics into account when optimizing doses for children. As was seen here, an
allometric scaling has limitations that may result in significantly different estimations of optimal
tablet design and dosage. In pediatric TB FDC optimal design, adult-based allometrically
scaled PK parameters resulted in both under- and overexposure for different drugs as compared
to the optimal design based on parameters obtained in a pediatric population.
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A NONMEM models

A.1 Svensson’s FDC design method

Below the complete code is listed for the FDC design method developed by Svensson et al.9 (as
introduced in Section 1.3.2). Note that this illustrates only the first stage (γ = 0.5) of the three
stages (γ = (0.5, 3, 30)) originally used in the chained executions and that only one breakpoint
is active in this code.

1 ;; 1. Based on: run79

;; 2. Description : Multiple problems , 1 BP , Martin BP model sigma

0.01 FIX

3 ;; x1. Author : Elin Svensson

; ref :

5 ; Author : Elin Svensson

7 ; Target rif : AUC =23.4 mg*h/L ( from adult dose 40 -54 kg patients :

450 mg and CL from rif model by Wilkins et al 2008 ( developed on

patients mainly in that WT - category )

; Target pyr : AUC = 351 mg*h/L ( from adult dose 40 -54 kg patients :

1200 mg and CL from rif model by Wilkins et al 2006 ( developed on

patients mainly in that WT - category )

9 ; Target eth : AUC =20.47 mg*h/L( from adult dose 40 -54 kg patients :

825 mg and CL from rif model by Jonsson et al 2010 ( developed on

patients mainly in that WT - category )

; Target iso : AUC =10.52 mg*h/L ( Donald 2007 )

11 ; CL from Wilkins and Jonssons models

13

$SIZES MAXIDS = 120000 NO= 500

15

$PROBLEM Multiple problems , 1 BP , Martin BP model sigma 0.01 FIX

17 $INPUT ID GENDER AGEM ZSCORE BW FAST RAND CL DRUG DV ONEDV

19 $DATA sim03_20130722_longitudinal . csv IGN =@ IGNORE (BW.GT.30)

21 $PRED

; Slope factor for BP model

23 GAM = 0.5
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25 ; --- Define doses and target AUCs for each drug

27 DOSE1 = THETA (1)

DINC = DOSE1

29 TARGET = 23.4

FEL = ETA (1)

31

IF( DRUG .EQ.2) THEN

33 DOSE1 = THETA (2)

DINC = DOSE1

35 FEL = ETA (2)

TARGET = 351

37 ENDIF

39 IF( DRUG .EQ.3) THEN

DOSE1 = THETA (3)

41 DINC = DOSE1

FEL = ETA (3)

43 TARGET = 10.52

ENDIF

45

IF( DRUG .EQ.4) THEN

47 DOSE1 = THETA (4)

DINC = DOSE1

49 FEL = ETA (4)

TARGET = 20.5

51 ENDIF

53 ; --- Break points

55 BP1 = THETA (5)

BP2 = BP1 + THETA (6)

57 BP3 = BP2 + THETA (7)

BP4 = BP3 + THETA (8)

59

DOSE2 = DINC *( EXP (BW* GAM ))/( EXP (BW* GAM ) + EXP ( BP1 * GAM ))

61 ; DOSE3 = DINC *( EXP (BW* GAM ))/( EXP (BW* GAM ) + EXP ( BP2 * GAM ))

; DOSE4 = DINC *( EXP (BW* GAM ))/( EXP (BW* GAM ) + EXP ( BP3 * GAM ))

63 ; DOSE5 = DINC *( EXP (BW* GAM ))/( EXP (BW* GAM ) + EXP ( BP4 * GAM ))

65 DOSEFINAL = DOSE1 + DOSE2 ; + DOSE3 + DOSE4 + DOSE5

67 ; --- AUCs

69 AUC = DOSEFINAL /CL
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71 ; --- Optimize dose

73 Y = LOG ( AUC ) - LOG ( TARGET ) + FEL

75 YTOT = Y

77 $THETA

(0, 150 ) ; DOSE RIF (mg)

79 (0, 400 ) ; DOSE PYR (mg)

(0,40) ; DOSE INH (mg)

81 (0, 300 ) ; DOSE ETH (mg)

(5, 15 , 70) ; BP1 (kg)

83 0 FIX ; BP2 (kg)

0 FIX ; BP3 (kg)

85 0 FIX ; BP4 (kg)

$OMEGA

87 0.01 FIX ; LOG error RIF

0.01 FIX ; LOG error PYR

89 0.01 FIX ; LOG error INH

0.01 FIX ; LOG error ETH

91 $ESTIMATION METHOD =0 MAX = 9999 PRINT =1 MSFO = run80 . msf

; $COVARIANCE

93

$TABLE ID CL DRUG NOPRINT NOAPPEND ONEHEADER FILE = patab80

95 $TABLE ID AGEM ZSCORE BW FAST NOPRINT NOAPPEND ONEHEADER FILE = cotab80

$TABLE ID GENDER NOPRINT NOAPPEND ONEHEADER FILE = catab80

97 $TABLE ID GENDER AGEM ZSCORE BW FAST DRUG TARGET CL AUC DOSEFINAL

YTOT FEL BP1 BP2 BP3 BP4 NOPRINT NOAPPEND ONEHEADER

FILE = mytab80 . tab

$TABLE ID DRUG TARGET CL AUC BP1 NID G1NID G2NID DIF RRMSE1 RRMSE2

RRMSE3 RRMSE4 G1RRMSE1 G1RRMSE2 G1RRMSE3 G1RRMSE4 G2RRMSE1

G2RRMSE2 G2RRMSE3 G2RRMSE4 ORRMSE1 NOPRINT NOAPPEND ONEHEADER

FILE = retab80 . tab

A.2 Oral absorption problem simulation model

Below the complete code is listed for the oral absorption model used for simulation (as presented
in Section 3.1). Note that the sampling time points were not set in the NONMEM model
file but in the input dataset pre-constructed in R. In addition, the re-estimation models were
identical with the exception of an estimation record line (specifying the methods evaluated).

;; x1. Author : Gunnar Yngman

2 $PROB 1- Comp oral lag - time data simulation ( randtimes ) ( IMP )

$INPUT ID TIME AMT DV EVID TALD

4 $DATA ../ data_rand IGNORE =@
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$SUBROUTINE ADVAN6 TRANS1 TOL =6 ; General non - linear model

(non - stiff )

6 $MODEL COMP =( DEPOT , DEFDOSE )

COMP =( CENTRAL )

8

$PK

10 TVCL = THETA (1)

TVV = THETA (2)

12 TVKA = THETA (3)

TVALAG1 = THETA (4)

14

CL = TVCL * EXP ( ETA (1))

16 V = TVV * EXP ( ETA (2))

KA = TVKA * EXP ( ETA (3))

18 ALAG1 = TVALAG1 * EXP ( ETA (4))

20 KE = CL/V

S0 = V

22

$DES

24 DADT (1) = -KA*A(1)

DADT (2) = KA*A(1) - KE*A(2)

26

$ERROR

28 DEL = 1E -12 ; LOG (0) is NOT defined ...

IPRED = LOG (A(2)/V + DEL ) ; Log - transformation of predictions

30 IRES = DV - IPRED

32 W = 1 ; Add . on log - scale --> prop on normal scale !

IF(W.EQ.0) W = 1

34 IWRES = IRES /W

36 Y = IPRED + W* EPS (1)

38 NDV = EXP (Y) ; Normal DV ( not on log - scale )

IF( NDV .LE .( DEL *10)) NDV = 0 ; No DEL rest in NDV

40 IF( EVID .EQ.1) NDV = 0 ; No NDV for dose events

42 $THETA (0,10) ; CL

$THETA (0, 100 ) ; V

44 $THETA (0,2) ; KA

$THETA (0,0.5) ; ALAG1

46

$OMEGA 0.09 ; omCL

48 $OMEGA 0.09 ; omV

$OMEGA 0.09 ; omKA

50 $OMEGA 0.09 ; omALAG
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52 $SIGMA 0.04 ; res

54 $SIMULATION ( 23889 NORMAL ) ONLYSIMULATION PREDICTION

$TABLE ID TIME AMT DV EVID TALD NOPRINT ONEHEADER NOAPPEND

FILE = sim_rand

A.3 Mean calculations

The core code used in the NONMEM homogenization trial is listed below. Note that everything
else in the model has been stripped, which includes the FORTRAN write statements used to
verify correct behavior as well as the other debugging variables.

1 $PRED

; --- IDNTOT ( needed for " hack " solution )

3 IDNTOT = 72652 ; OBS : Dependent on IGNORE (..) !

5 ; --- If initialization call , initialize all counters (2 DG , 4 drugs )

IF ( ICALL .EQ.0) THEN

7 ; --- S for Sum

; --- Dose group 1

9 AUCS11 = 0

AUCS12 = 0

11 AUCS13 = 0

AUCS14 = 0

13 ; --- Dose group 2

AUCS21 = 0

15 AUCS22 = 0

AUCS23 = 0

17 AUCS24 = 0

19 ; --- N for Number (of sums )

; --- Dose group 1

21 AUCN11 = 0

AUCN12 = 0

23 AUCN13 = 0

AUCN14 = 0

25 ; --- Dose group 2

AUCN21 = 0

27 AUCN22 = 0

AUCN23 = 0

29 AUCN24 = 0

31 ; --- M for Mean (S/N) [ Output from get - better -init - AUCM .R]

; --- Dose group 1

33 AUCM11 = 28. 99954
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AUCM12 = 386 . 71175

35 AUCM13 = 12. 70932

AUCM14 = 26. 80086

37 ; --- Dose group 2

AUCM21 = 33. 03889

39 AUCM22 = 440 . 54190

AUCM23 = 14. 30807

41 AUCM24 = 30. 47740

43 AUCM = 0 ; The ( changing ) mean used in the utility function

ENDIF

45

; --- If first data record

47 IF ( NEWIND .EQ.0) THEN

; --- Keep track of total records summed ( for debug )

49 AUCNTOT = AUCN11 + AUCN12 + AUCN13 + AUCN14 + AUCN21 + AUCN22 +

AUCN23 + AUCN24

; --- If all have been summed , calculate AUCMXX

51 IF ( AUCNTOT .GE. IDNTOT ) THEN

; --- Check for AUCNXX = 0 and guarantee AUCMXX = 0 if so

53 IF ( AUCN11 .EQ.0) AUCN11 = 1

IF ( AUCN12 .EQ.0) AUCN12 = 1

55 IF ( AUCN13 .EQ.0) AUCN13 = 1

IF ( AUCN14 .EQ.0) AUCN14 = 1

57 IF ( AUCN21 .EQ.0) AUCN21 = 1

IF ( AUCN22 .EQ.0) AUCN22 = 1

59 IF ( AUCN23 .EQ.0) AUCN23 = 1

IF ( AUCN24 .EQ.0) AUCN24 = 1

61 ; --- Dose group 1

AUCM11 = AUCS11 / AUCN11

63 AUCS11 = 0

AUCN11 = 0

65 AUCM12 = AUCS12 / AUCN12

AUCS12 = 0

67 AUCN12 = 0

AUCM13 = AUCS13 / AUCN13

69 AUCS13 = 0

AUCN13 = 0

71 AUCM14 = AUCS14 / AUCN14

AUCS14 = 0

73 AUCN14 = 0

; --- Dose group 2

75 AUCM21 = AUCS21 / AUCN21

AUCS21 = 0

77 AUCN21 = 0

AUCM22 = AUCS22 / AUCN22

79 AUCS22 = 0
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AUCN22 = 0

81 AUCM23 = AUCS23 / AUCN23

AUCS23 = 0

83 AUCN23 = 0

AUCM24 = AUCS24 / AUCN24

85 AUCS24 = 0

AUCN24 = 0

87 ENDIF

ENDIF

89

; --- If not initializing , do sum AUCs

91 IF ( ICALL .NE.0. AND . ICALL .NE.1) THEN

; --- Sum up the AUCs ( and count numbers summed )

93 ; --- Dose group 1

IF (DG.EQ.1) THEN

95 IF ( DRUG .EQ.1) THEN

AUCS11 = AUCS11 + AUC

97 AUCN11 = AUCN11 + 1

ENDIF

99 IF ( DRUG .EQ.2) THEN

AUCS12 = AUCS12 + AUC

101 AUCN12 = AUCN12 + 1

ENDIF

103 IF ( DRUG .EQ.3) THEN

AUCS13 = AUCS13 + AUC

105 AUCN13 = AUCN13 + 1

ENDIF

107 IF ( DRUG .EQ.4) THEN

AUCS14 = AUCS14 + AUC

109 AUCN14 = AUCN14 + 1

ENDIF

111 ENDIF

; --- Dose group 2

113 IF (DG.EQ.2) THEN

IF ( DRUG .EQ.1) THEN

115 AUCS21 = AUCS21 + AUC

AUCN21 = AUCN21 + 1

117 ENDIF

IF ( DRUG .EQ.2) THEN

119 AUCS22 = AUCS22 + AUC

AUCN22 = AUCN22 + 1

121 ENDIF

IF ( DRUG .EQ.3) THEN

123 AUCS23 = AUCS23 + AUC

AUCN23 = AUCN23 + 1

125 ENDIF

IF ( DRUG .EQ.4) THEN
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127 AUCS24 = AUCS24 + AUC

AUCN24 = AUCN24 + 1

129 ENDIF

ENDIF

131 ENDIF

133 ; --- Which mean AUC to use ?

; --- Dose group 1

135 IF (DG.EQ.1) THEN

IF ( DRUG .EQ.1) AUCM = AUCM11

137 IF ( DRUG .EQ.2) AUCM = AUCM12

IF ( DRUG .EQ.3) AUCM = AUCM13

139 IF ( DRUG .EQ.4) AUCM = AUCM14

ENDIF

141 ; --- Dose group 2

IF (DG.EQ.2) THEN

143 IF ( DRUG .EQ.1) AUCM = AUCM21

IF ( DRUG .EQ.2) AUCM = AUCM22

145 IF ( DRUG .EQ.3) AUCM = AUCM23

IF ( DRUG .EQ.4) AUCM = AUCM24

147 ENDIF

A.4 Carry-over value example

Below follows a simple example of a problematic situation caused by the assumption of NONMEM
that all variables not originating in the datafile are constants. The code only uses the dataset
to run, count and sum the Yi values. -2LOGLIKELIHOOD is used to make the OFV exactly
equal to ∑Yi, and the θ and η are only sham variables. Furthermore, output via FORTRAN
write statements is included to make detail the behavior.

1 ;; 2. Description : Show that NM can ’t handle carry - over values

;; x1. Author : Gunnar Yngman

3

$SIZES MAXIDS = 120000 NO= 500

5

$PROBLEM Show that NM can ’t handle carry - over values

7 $INPUT ID GENDER AGEM ZSCORE BW FAST RAND CL DRUG DV ONEDV

9 $DATA sim03_20130722_longitudinal . csv IGN =@ IGNORE (BW.GT.30)

11 $PRED

13 ; Define simple counter variable :

IF ( ICALL .EQ.1) COUNTER = 1

15

; If first individual in scan , increase counter and print :
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17 IF ( NEWIND .EQ.0) THEN

" 9966 format (A,I1 ,A,I3 ,A, E12 .6)

19 " write (* , 9966 ) " | ICALL ", INT ( ICALL ) ,&

" " | NEWIND 0 | COUNTER ", INT ( COUNTER ) ,&

21 " " | AYTOT == ", AYTOT

23 " 9968 format (A, F10 .4, F10 .4, F10 .4, F10 .4, F10 .4)

" write (* , 9968 ) " THETA " ,&

25 " THETA (1)

COUNTER = COUNTER + 1

27 ENDIF

29 ; Define Y ( individual contribution ) as current value of counter :

Y = COUNTER + ETA (1)

31

; Keep track of total Y:

33 IF ( NEWIND .EQ.0) THEN

" AYTOT = 0

35 ELSE

" AYTOT = AYTOT + ABS (Y)

37 ENDIF

39 $THETA (0, 100 ) ; Dummy

41 $OMEGA 0 FIX

43 $ESTIMATION METHOD =0 MAX = 9999 - 2LOGLIKELIHOOD PRINT =1

Below is the output of the above listed code, with some lines stripped for brevity. As can be
seen, the OFV evaluates correctly the first time (217 956). However, in the following iterations
it does not change as the counter (and the true ∑Yi) does.

Raw output:

| ICALL 0 | NEWIND 0 | COUNTER 0 | AYTOT == 0.000000E+00

THETA 100.0000

| ICALL 1 | NEWIND 0 | COUNTER 1 | AYTOT == 0.000000E+00

THETA 100.0000

First Order

MONITORING OF SEARCH:

| ICALL 2 | NEWIND 0 | COUNTER 2 | AYTOT == 0.000000E+00

THETA 100.0000

| ICALL 2 | NEWIND 0 | COUNTER 3 | AYTOT == 0.217953E+06

THETA 100.0100

0ITERATION NO.: 0 OBJECTIVE VALUE: 217956.000000000
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CUMULATIVE NO. OF FUNC. EVALS.: 2

NPARAMETR: 1.0000E+02

PARAMETER: 1.0000E-01

GRADIENT: 7.2652E+08

| ICALL 2 | NEWIND 0 | COUNTER 4 | AYTOT == 0.290604E+06

THETA 74.0818

// -- LINES REMOVED -- //

| ICALL 2 | NEWIND 0 | COUNTER 18 | AYTOT == 0.130772E+07

THETA 99.9900

0ITERATION NO.: 1 OBJECTIVE VALUE: 217956.000000000

CUMULATIVE NO. OF FUNC. EVALS.: 17

NPARAMETR: 1.0000E+02

PARAMETER: 1.0000E-01

GRADIENT: -3.6326E+08

| ICALL 2 | NEWIND 0 | COUNTER 19 | AYTOT == 0.138037E+07

THETA 134.9859

// -- LINES REMOVED -- //

| ICALL 2 | NEWIND 0 | COUNTER 31 | AYTOT == 0.225218E+07

THETA 100.0100

0ITERATION NO.: 2 OBJECTIVE VALUE: 217956.000000000

CUMULATIVE NO. OF FUNC. EVALS.: 30

NPARAMETR: 1.0001E+02

PARAMETER: 1.0000E-01

GRADIENT: -3.6326E+08

| ICALL 2 | NEWIND 0 | COUNTER 32 | AYTOT == 0.232483E+07

THETA 100.0000

Elapsed estimation time in seconds: 17.90

| ICALL 3 | NEWIND 0 | COUNTER 33 | AYTOT == 0.239748E+07

THETA 100.0000
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B Glossary

B.1 Abbreviations

AUC

area under the curve 12, 13, 15, 16, 20, 25, 26, 29–31, 41–43, 70

BAYES

full markov chain monte carlo bayesian analysis 17, 20, 23, 34, 35

BP

breakpoint 13, 15, 18, 25, 26, 30–32, 37–39, 41, 42, 44, 49

BSV

between-subject variability 10, 12, 13, 21

CDC

centers for disease control and prevention 11

CV

coefficient of variation 10, 21, 28, 36, 44

DG

dose group 30, 31, 38, 39, 41, 42

EM

expectation-maximization 17, 20, 22–25, 34, 47

E-step

expectation step 17

FDC

fixed-dose combination 7, 8, 11–20, 24, 25, 27–30, 36, 37, 41, 43–48, 50, 51, 57, 73, 74
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FO

first-order 17, 20, 23, 24, 29, 35, 36, 47, 49, 51, 68

FOCE

first-order conditional estimation 17, 20, 23, 35, 47, 68

HYBRID

hybrid method of FO and FOCE 17, 23, 35

IMP

monte carlo importance sampling 17, 20, 22–25, 34–36, 47, 68

IMPMAP

IMP assisted by mode a posteriori 17, 20, 23, 34, 35

ITS

iterative two stage 17, 20, 23, 34, 35

LAPLACE

FOCE with laplacian estimation 17, 20, 23, 34, 35

MDR-TB

multi-drug resistant tuberculosis 7

MSE

mean squared error 23

M-step

maximization step 17

NAT2

N-acetyltransferase 2 13, 40

OFV

objective function value 11, 12, 22–24, 26, 27, 34, 35, 38, 48, 64, 65

PCA

principal component analysis 32

PD

pharmacodynamic 8, 10
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PK

pharmacokinetic 8, 10, 13, 15, 20, 27, 28, 30, 32, 40, 41, 43–45, 48, 51, 73, 74

PsN

perl speaks NONMEM 17, 20, 22

RMSE

root mean squared error 23, 35, 69

RMSEr

relative root mean squared error 23, 24, 34, 35

SAEM

stochastic approximation expectation maximization 17, 20, 23, 34, 35

SSE

stochastic simulation and estimation 17, 20, 22–24, 34, 35

SSH

secure shell 22

TB

tuberculosis 7, 8, 11, 19, 48, 51

WHO

world health organization 7, 11, 12, 48

XDR-TB

extensively drug-resistant tuberculosis 7

B.2 Mathematical symbols

A(0)

initialized compartmental amount; at time t = 0 9

A(t)

compartmental amount at time t 8, 9

A1

compartmental amount in absorption compartment 9, 21
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A2

compartmental amount in central compartment 21

agemo

age in months from birth 11, 40

AUC

arithmetic mean of AUC (AUCS/AUCN) 26, 27, 38

AUCi

individual AUC 11, 12, 26, 30, 38, 39, 42, 70

AUCN

current number of AUCi summed to AUCS 26, 27, 70

AUCS

current sum of AUCi 26, 27, 70

AUCt

target AUC (see Table 1.1) 11, 12, 26, 29–31, 38, 39, 42

BW

body weight 11, 13–15, 25, 26, 28–31, 37–40, 42

c

some point of a discontinuity 9, 17, 18

Cp(t)

plasma concentration at time t 9, 22

CL

clearance 9, 10, 13, 21, 28, 29, 31, 39–41, 49

D

euclidean distance function or value 31–33

d

drug index variable 13, 25, 26, 30, 31

dose

drug dose 9, 13, 15, 21, 25, 30, 37–39, 41, 42, 44
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E

some pharmacodynamic effect 9, 71

e

Euler’s number; base of natural logarithm 10, 13, 25

Emax

maximum achievable E 9

EC50

concentration for 50 % E 9

ε

residual error variable(s) 10, 12, 21, 24, 35, 36, 47, 72, 73

η

individual deviation(s) from typical population parameter(s) θ 10, 13, 17, 24, 25, 27, 34,
35, 47, 64, 72

f

some function f(x) 9, 14, 17, 18, 37, 48

g

dose group index variable 25, 26

γ

slope value of continuous approximative function of the Heaviside step function 13–15, 25,
27, 29, 36–39, 42, 57

H

Heaviside step function 13, 37, 71

i

general index variable 10, 13, 18, 21–23, 25, 26, 30–32

K

permitted search subset of parameter space for the Nelder-Mead simplex algorithm 30,
31, 44

ka

absorption rate constant 21, 23
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ke

elimination rate constant 8, 9, 21

L

θ̂init uniform randomization interval for stochastic estimation with the Nelder-Mead
simplex algorithm 31, 32, 44, 50

Li

individual contribution to the likelihood L 11, 27

M

θ̂init uniform randomization interval for Sammon mapping procedure 32, 33, 46

n

general enumerator; some number in N 10, 13, 23, 25, 30–33, 42, 49, 72

N

set of natural numbers including 0; {0, 1, 2, . . . ,+∞} 11, 18, 72

N

normal, Gaussian, distribution 10

Ω

distribution variance of individual deviation(s) η 10, 17, 21, 27, 29, 35, 36, 47, 72

Ω̂

estimate of distribution variance Ω of individual deviation(s) η 11, 17

P

a Nelder-Mead simplex (n-dimensional tetrahedron) 30, 31

p

parameter index variable 10, 13, 21, 28

S

Sammon’s stress; error measure subject to minimization in Sammon mapping procedure
32, 33

Σ

distribution variance of residual error variable(s) (ε) 10, 21, 73

Mathematical symbols 72 Uppsala University



Σ̂

estimate of distribution variance Σ of residual error variable(s) (ε) 11, 17

σ

statistical standard deviation (
√
σ2) 10, 44

σ2

statistical variance 10, 12, 21, 28, 73

t

time variable 9, 18, 21, 22, 35, 69, 70

tlag

absorption lag-time parameter 18, 21, 23, 24, 34, 35

θ

some parameter(s) or typical value(s) 9–11, 13, 21–23, 25, 27–31, 47, 64, 71, 73, 74

θ̂

estimate of some parameter(s) or typical value(s) θ 10, 11, 13, 17, 21, 23, 25, 26, 30, 31,
41, 44

θ̂c

current algorithmic state estimate of some parameter(s) θ 30, 31

θ̂init

standard initial estimates for estimation of θ (see Table 1.1) 15, 30–33, 41, 43–46, 49, 72

θ̂min

estimated design with minimum utility function value, Y , for stochastic estimation with
the Nelder-Mead simplex algorithm 31, 32, 44

θ̂opt

optimal final NONMEM estimates for FDC design (see Table 4.2) 15, 27, 31–33, 36, 39,
41, 46, 50

θ̂a,opt

optimal final NONMEM estimates for ethambutol-lacking FDC design based on adult-
sourced PK (see Table 4.5) 29, 41, 43–45

Mathematical symbols 73 Uppsala University



θ̂p,opt

optimal final NONMEM estimates for ethambutol-lacking FDC design based on pediatric-
sourced PK (see Table 4.5) 29, 41

θ̂rinit

randomized initial estimates for stochastic estimation of θ with the Nelder-Mead simplex
algorithm 31, 32

u

point in euclidean space 31–33

v

point in euclidean space 31–33

VD

volume of distribution 9, 21

Y

utility function or total evaluated value 9, 11, 12, 27, 30–33, 38, 39, 41, 43–46, 73, 74

Y2500

vector of 2500 found minima for stochastic estimation with the Nelder-Mead simplex
algorithm 32

Yc

current state evaluation of utility function Y 30, 31

Yi

individual contribution to utility function Y 11, 12, 24, 26, 27, 29, 38, 39, 41, 42, 47, 48,
64, 65
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