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Abstract
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Tuberculosis (TB) is the world’s most deadly infectious disease and causes enormous public
health problems. The comorbidity with HIV and the rise of multidrug-resistant TB strains
impede successful therapy through drug-drug interactions and the lack of efficient second-line
treatments. The aim of this thesis was to support the improvement of anti-TB therapy through
development of pharmacometric models, specifically focusing on the novel drug bedaquiline,
pharmacokinetic interactions and methods for pooled population analyses.

A population pharmacokinetic model of bedaquiline and its metabolite M2, linked to
semi-mechanistic models of body weight and albumin concentrations, was developed and
used for exposure-response analysis. Treatment response was quantified by measurements of
mycobacterial load and early bedaquiline exposure was found to significantly impact the half-
life of bacterial clearance. The analysis represents the first successful characterization of a
concentration-effect relationship for bedaquiline.

Single-dose Phase I studies investigating potential interactions between bedaquiline and
efavirenz, nevirapine, ritonavir-boosted lopinavir, rifampicin and rifapentine were analyzed
with a model-based approach. Substantial effects were detected in several cases and dose-
adjustments mitigating the impact were suggested after simulations. The interaction effects
of nevirapine and ritonavir-boosted lopinavir were also confirmed in patients with multidrug-
resistant TB on long-term treatment combining the antiretrovirals and bedaquiline. Furthermore,
the outcomes from model-based analysis were compared to results from conventional non-
compartmental analysis in a simulation study. Non-compartmental analysis was found to
consistently underpredict the interaction effect when most of the concentration-time profile was
not observed, as commonly is the case for compounds with very long terminal half-life such
as bedaquiline.

To facilitate pooled analyses of individual patient data from multiple sources a
structured development procedure was outlined and a fast diagnostic tool for extensions
of the stochastic model components was developed. Pooled analyses of nevirapine and
rifabutin pharmacokinetics were performed; the latter generating comprehensive dosing
recommendations for combined administration of rifabutin and antiretroviral protease
inhibitors.

The work presented in this thesis demonstrates the usefulness of pharmacometric techniques
to improve treatment of TB and especially contributes evidence to inform optimized dosing
regimens of new and old anti-TB drugs in various clinical contexts.
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Introduction 

Tuberculosis (TB) is an ancient infectious disease, documented in human 
remains from as early as 7000 years BC. The infection is caused by Myco-
bacterium tuberculosis, an aerobic gram-positive bacillus which was first 
identified by Robert Koch in 1882. It has been estimated that one third of the 
world’s population is carrying M. tuberculosis, but only approximately 10% 
of those infected fall ill.1 The most common clinical presentation is pulmo-
nary TB, but also the central nervous system, bone and joints or lymph nodes 
can be affected. The symptoms of pulmonary TB are cough, chest pain, fa-
tigue, breathlessness and at later stages lung damage. Untreated, 70% of 
patients with smear-positive pulmonary TB (i.e. acid-fast bacilli are detecta-
ble in the patient’s sputum with microscopy) are expected to die within 10 
years of diagnosis.2 TB is highly contagious and spreads from person to per-
son through inhalation of airborne droplets generated when an individual 
with active disease is coughing, sneezing, or talking. The main risk factors to 
contract TB are close contact with a person with active disease, poor or 
crowded living conditions, malnutrition, human immunodeficiency virus 
(HIV) infection, diabetes, smoking and alcohol abuse.3  

TB is traditionally diagnosed based on clinical symptoms, chest X-rays to 
detect lung damage or smear microscopy and bacterial cultures to detect the 
presence of mycobacteria. Molecular detection methods based on DNA am-
plification have more recently been developed, e.g. the semi-automated 
GeneXpert MTB/RIF provides faster diagnosis than the culture-based meth-
ods while at the same time detecting the most common drug-resistances. It 
has been found cost-efficient and is now endorsed by the World Health Or-
ganization (WHO).4 The Bacillus Calmette–Guérin (BCG) vaccine is the 
only available vaccine against TB and is based on attenuated M. bovis, a 
mycobacterial species commonly found in cattle. BCG has been used since 
the 1920s largely with good results, but the efficiency has been variable.5 

Tuberculosis epidemiology 
The global incidence of TB has been decreasing over the last decade but the 
disease remains a large-scale public health problem with an estimated 9.6 
million new cases in 2014.6 The disease burden is heaviest in low-income 
regions as Sub-Saharan Africa and South-East Asia (Figure 1). There is a 
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clear gap between the estimated incidence and the case detection rate, with 
about 3.6 million people remaining undiagnosed.6  

The TB mortality rate is generally decreasing and was 47% lower in 2015 
compared to 1990. Still, approximately 1.5 million lives were lost to TB in 
2014 and TB is now ranked as the world’s leading cause of death from an 
infectious disease.6 These deaths are primarily a result of poverty and poor 
access to healthcare,7 since effective chemotherapy against TB has been 
available for more than 60 years.8 

 

 

Figure 1. Estimated TB incidence rates, 2014. Reprinted with permission from 
WHO Global Tuberculosis Report 2015.  

HIV and tuberculosis coinfection 
The HIV epidemic caused a major upsurge in TB cases during the 1990’s, 
especially in Sub-Saharan Africa. A person living with HIV is 20 to 37 times 
more likely to develop TB,9 and overall 12% of TB-patients are coinfected 
with HIV.6 To make matters worse, TB diagnosis is generally more difficult 
in coinfected patients and the TB mortality rate is doubled.10 Early initiation 
of antiretroviral therapy (ART) during the first 8 weeks of TB treatment is 
now generally recommended and shown to improve outcomes.11–13 Standard 
ART consists of a cocktail of three antiretroviral (ARV) drugs with diverse 
mechanisms of action to maximize effect and protect against resistance de-
velopment. However, concomitant treatment of HIV and TB can be compli-
cated by a range of possible drug-drug interactions and adverse effects.14 
Careful studies to ensure safe and effective combination use of HIV and TB 
drugs should be a research priority.15 
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Drug-resistant tuberculosis 
The potentially largest threat to the progress in the fight against TB is the 
development of drug-resistant mycobacteria. Multidrug-resistant (MDR) TB 
is defined as a TB infection caused by a bacterial strain resistant to at least 
the two most important anti-TB drugs rifampicin and isoniazid (see below). 
In 2014, the number of patients with MDR-TB was estimated to approxi-
mately half a million and the number of detected cases more than doubled 
between 2009 and 2014.6 Close to 90% of all MDR-TB cases occurs in 27 
high-burden countries located primarily in Central Asia and Eastern Europe 
but also India and South Africa are heavily affected.6 Belarus has the highest 
percentage of MDR-TB among newly diagnosed patients: 34%. Extensively 
drug-resistant (XDR) TB is resistant to rifampicin and isoniazid as well as 
any compound in the quinolone class and at least one of the injectable anti-
TB aminoglycosides. XDR-TB is generally very hard to treat, and up to 
2015 it has been reported from 105 countries,6 including Sweden.16 An 
MDR-TB strain that is also resistant to either a quinolone or any of the ami-
noglycosides is called pre-XDR. 

Treatment of tuberculosis 
The first effective drug against M. tuberculosis was streptomycin, introduced 
in 1946.8 It soon became clear that long-term efficacy was hampered by 
resistance development and when additional drugs became available com-
bined regimens including several drugs became the mainstay of anti-TB 
therapy. During an infection, M. tuberculosis bacteria are thought to exist in 
multiple states depending on the specific environment around the organ-
isms.17 Examples of hypothesized sub-states are: rapidly multiplying bacteria 
with ample access to nutrients and oxygen, slowly multiplying bacteria in an 
acid environment caused by active inflammation and dormant bacteria 
(sometimes called persisters) enclosed in the anaerobic environment of the 
lesions that are formed during TB infections.18 Since the metabolic activity 
and other characteristics are different between the mycobacterial sub-states, 
different drugs with various mechanism of action may affect the sub-states to 
different degrees.19 The components of a successful treatment regimen must 
jointly be able to kill all mycobacterial states.20  

First-line treatment 
The current first-line anti-TB therapy recommended by WHO includes a two 
months long intensive phase with daily dosing of a combination of four 
compounds: rifampicin, isoniazid, pyrazinamide and ethambutol, and there-
after a four months long continuation phase with only rifampicin and isonia-
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zid.13 Rifampicin is arguably the most important component of anti-TB ther-
apy and exhibits its effect through inhibition of DNA-dependent RNA poly-
merase obstructing the protein synthesis.21 Rifampicin is active both against 
rapidly growing bacteria and persisters and is therefore said to have a steri-
lizing effect.22 Isoniazid inhibits the production of mycolic acid, a compo-
nent of the bacterial cell wall,23 and has a strong bactericidal effect during 
the first days of treatment.22 Pyrazinamide is a prodrug with a complicated 
and not fully understood mechanism of action.24 It is only active in acidic 
environment and can kill the slow-growing bacteria population that is less 
sensitive to other anti-TB drugs; pyrazinamide is therefore important for 
sterilization.25 Lastly, ethambutol inhibits the biosynthesis of the cell wall 
component arabinogalactan,26 and is thought to act mainly on the actively 
growing bacteria. Its role is primarily to protect the other drugs against de-
velopment of drug-resistance.27 

This combination therapy is highly effective (cure rate over 90% in con-
trolled settings) and the side effects are relatively mild. The main problems 
are the long duration (six months) and the high pill-burden which make the 
treatment onerous for the patient and may result in non-adherence or early 
stopping of therapy and thereby increasing the risk of relapse.28 Combining 
the drugs in one pill, a so called fixed-dose combination (FDC), is one way 
to facilitate the treatment. Nevertheless, the search for shorter, equally effec-
tive and safe anti-TB regimens with low risk of drug-resistance is ongoing 
and a four-month moxifloxacin-based regimen has recently been evaluated 
in a large Phase III trial. Unfortunately, the trial failed to show non-
inferiority of the four-month regimen compared to the six-month standard;29 
and so the search continues. 

Second-line treatment 
It is recommended to always perform drug-susceptibility testing in connec-
tion to a TB diagnosis. When a patient is found to be infected with a strain 
resistant to rifampicin and isoniazid, i.e. MDR-TB, the treatment options are 
limited to much more toxic and less well characterized second-line drugs. 
An MDR-TB regimen usually lasts 20 months and should include five 
drugs.30 The typical regimen includes around 13 pills per day; but a patient 
may need to swallow as many as 14 600 pills over the course of treatment.31 
Another component of the intensive treatment phase is a parenterally admin-
istered aminoglycoside, like kanamycin or amikacin, which means eight 
months of daily painful injections and a large risk of ototoxicity leading to 
permanent hearing loss or deafness.32 The global cure rate of MDR-TB is 
currently as low as 50%.6 Better outcomes, even with shorter treatment dura-
tion, have been reported from controlled settings,33 but the need for new, 
safe and effective anti-TB drugs to combat the drug-resistant forms of TB 
remains urgent.   



Bedaquiline 
In 2012, bedaquiline (BDQ, development compound code TMC207) became 
the first anti-TB drug with a novel mechanism of action to gain regulatory 
approval by the US Food and Drug Administration (FDA) in more than 40 
years. A conditional approval from the European Medicines Agency (EMA) 
was obtained 2013. Bedaquiline is a diarylquinoline that targets mycobacte-
rial ATP synthase and disrupting the bacteria’s energy metabolism.34,35 The 
activity against M. tuberculosis was first shown in vitro,36 and in animal 
models (mouse and guinea pig).37–39 The initial short study of bedaquilie in 
TB patients showed only a modest effect,40 but with longer treatment dura-
tion bedaquiline was found effective. In a randomized, placebo-controlled 
Phase IIb study it was shown that bedaquiline added to an optimized back-
ground regimen significantly improved the treatment outcome.41 A larger 
observational study recently confirmed the favorable outcomes and safety.42 
An oral formulation of bedaquiline is marketed under the trade name Sirtu-
ro and the recommended regimen consists of a two week loading phase 
with 400 mg dosed daily followed by a continuation phase of 22 weeks with 
200 mg dosed three times per week. 

The uptake of bedaquiline is increased when given together with food and 
maximal concentrations are expected four to six hours after dosing.43 The 
binding to plasma proteins is very high, more than 99.9%, and the distribu-
tion to tissues is extensive.43 Bedaquiline is mainly cleared through hepatic 
metabolism where primarily cytochrome P450 (CYP) 3A4 catalyzes the 
biotransformation of bedaquiline to the N-monodesmethyl metabolite M2, 
which in turn undergoes the same transformation to the N-didesmethyl me-
tabolite M3 (Figure 2).43 Renal elimination of bedaquiline is negligible. The 
terminal half-life of bedaquiline is extremely long (more than five months) 
and the compound has been detected in samples collected more than a year 
after the end of bedaquiline therapy. 

 
Figure 2. Bedaquiline’s main metabolic pathway: biotransformation to M2 and 
thereafter M3 (other pathways not shown). 

Bedaquiline is generally better tolerated than many of the current second-
line anti-TB drugs, but there are certain safety concerns. In vitro studies 
showed that bedaquiline and its metabolites can induce phospholipidosis, a 
lysosomal storage disorder.44 It has also been noted that bedaquiline treat-
ment can cause QT-prolongation, and this effect has specifically been linked 
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to M2 exposure.45 An additional concern is limited access due to high prices 
and restricted regulatory registration. According to a report from Médecins 
Sans Frontiers, barely two percent of those patients who could benefit from 
bedaquiline or delamanid (the only other recently approved anti-TB drug) 
have access to these novel drugs.46 

Pharmacokinetics and pharmacodynamics 
Pharmacokinetics (PK) describes the link between a dose administered and 
the subsequent concentrations in a body. It covers the processes of absorp-
tion, distribution and elimination. PK is often characterized through studies 
where drug concentrations are measured in for example blood samples and 
can be described with compartmental models. Pharmacodynamics (PD) rep-
resents the effects of a compound, both the desired response and the adverse 
effects. PD can be quantified in innumerous ways, all depending on the par-
ticular effects studied. Linking PK and PD is the basis of clinical pharmacol-
ogy, where the central theorem is that the effect of a drug is dependent on its 
concentration at the site of action.  

Drug-drug interactions 
When multiple drugs are administrated simultaneously, as in anti-TB therapy 
or even more in concomitant treatment of TB and HIV, it may happen that 
the drugs influence each other.47 In studies of drug-drug interactions (DDIs) 
the compound causing the interaction effect is called the perpetrator drug 
while the affected compound is called the victim drug. Interactions can occur 
both on the PK and the PD level and may lead to insufficient efficacy or 
increased rates of adverse events. PD interactions are often discussed in 
terms of synergy or antagonism and concern the drugs’ mechanism of action, 
often at receptor level. PK interactions, which are the most common type of 
interaction between anti-tubercular and ARV drugs,47 change the victim 
drug’s exposure by altering the absorption, distribution or elimination. PK 
interactions are common for drugs which are primarily cleared through he-
patic metabolism since many compounds can block or alter the expression of 
liver enzymes and thereby change the metabolic activity.48 Obstructed me-
tabolism is called inhibition and normally starts as soon as coadministartion 
is initiated. Ritonavir, an ARV protease inhibitor, is an example of a strong 
inhibitor of cytochrome P450 isoforms.49 It can even be used to boost the 
concentrations of other ARVs such as lopinavir. Induction, i.e. increased 
expression of metabolic enzymes, is a slower process with gradually increas-
ing effect. An example of a strong inducer is rifampicin which can cause 
many clinically relevant interactions.50 
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Biomarkers for tuberculosis 
For TB, the PD variable ultimately used for evaluation of efficacy is relapse-
free cure.51 To directly observe this is burdensome due to the lengthy treat-
ment and follow-up time (up to two and a half years), and the large sample 
size needed to capture low relapse rates. Therefor different alternative bi-
omarker-based endpoints, i.e. a metric that is easier to observe and correlates 
to the clinical endpoint, are often used in trials. Many different metrics de-
rived from assays of mycobacterial load, immunological markers, imaging 
techniques, etc., have been suggested as biomarkers for TB.52,53 In longer 
studies, assay results are commonly only analyzed in terms of posi-
tive/negative and any quantitative information is disregarded. Month two 
sputum culture status, i.e. the proportion of patients with positive cultures 
after two months of treatment, has been shown to correlate with the propor-
tion of relapse.53,54 However, the sensitivity is limited since this marker only 
incorporates binary information from one single time point. Another option 
used in several recent clinical trials is time to sputum culture conversion 
(TSCC).29,55,56 Culture conversion is commonly defined as the first of two 
negative samples, i.e. samples where no mycobacteria could be detected 
after culturing, collected at least one month apart with no other positive 
samples in-between.51 TSCC for a study/study arm is reported as the median 
time from start of treatment to culture conversion and/or as survival curves 
with hazard ratios. 

The quantitative information in serial measures of mycobacterial load are 
utilized in evaluation of early bactericidal effect (EBA) in short-term trials, 
defined as the drop in mycobacterial load over a specified time period (up to 
14 days). Additionally, a few analyses of longer trials have made use of the 
quantitative information in serial measurements, which is expected to be 
statistically more powerful for differentiation between regimens and charac-
terization of exposure-response relationships.57–60 The most established 
quantitative marker of mycobacterial load is counting of colony forming 
units (CFU). A sample is serially diluted, plated on nutrient-rich agar plates 
and after 3-4 weeks incubation the resulting bacterial colonies are counted. 
Through back-calculations the number of viable cells per sample volume 
(CFU/mL) is obtained. A more recent alternative is the semi-automated my-
cobacterial growth incubator tube (MGIT) system. In MGIT, a sample is 
inoculated in nutrient-rich broth in a growth tube which also contains a fluo-
rochrome quenched by the presence of oxygen. As bacteria grow and con-
sume oxygen, the quenching effect fades and fluorescence becomes visible 
in UV light. When the fluorescence reaches a certain threshold, a signal can 
be detected and the time point (time to positivity, TTP) is automatically rec-
orded.61 Shorter TTP indicates higher mycobacterial load; if no signal is 
obtained by day 42 after inoculation the sample is regarded to be negative. 
MGIT provides results faster than traditional plating and is regarded as more 
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sensitive. It has been suggested that TTP can substitute CFU,56 and MGIT 
has indeed been the method of choice in several recent clinical trials in the 
TB field. 

Pharmacometrics 
Pharmacometrics is a multi-disciplinary field where statistics, mathematics 
and computational science meet pharmacology, physiology and biology. In 
pharmacometrics mathematical models and statistical methods are developed 
and applied to characterize, understand, and predict a drug’s PK and PD 
features in populations.62 The models are often defined by differential equa-
tions to capture dynamic changes over time. Pharmacometrics can for exam-
ple answer research questions regarding a drug’s PK characteristics in a pa-
tient group, which dose to give to maximize the probability of a desired out-
come or how to best design a clinical study. It has been shown to improve 
the statistical power in clinical trials and to add value to applications for 
regulatory approval of new drugs.63,64  

Nonlinear mixed-effects models 
Pharmacometric analyses often utilize nonlinear mixed-effects (NLME) 
models. These are mathematical descriptions of a system including a struc-
tural component describing the typical behavior (fixed effects) and a sto-
chastic component describing variability in the behavior (random effects). 
Compartmental models are commonly used for the structural component and 
the parameters defining the structure are called population parameters. The 
structural component can also include covariate effect, i.e. relationships be-
tween certain subject characteristics (e.g. body weight) and parameters (e.g. 
volume of distribution). The stochastic element of a NLME model can fur-
ther be divided in explained variability assigned to specific population pa-
rameters and residual unexplained variability caused by measurement errors, 
flaws in the recording of data, model misspecification, etc. The explained 
variability can occur on different levels, most commonly as inter-individual 
variability (IIV). 

A NLME model with IIV for continuous data can generally be described 
by Equation 1. 

 

	 , , , , , , , , ,  (1)  

yij is the dependent variable (e.g. j:th observation in individual i to be de-
scribed by the model), f is the function of the structural model and h is the 
function of the residual error model. tij is the independent variable (e.g. time 
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of the observation) and g is a vector function defining individual parameters 
based on the vector of population parameters θ, the vector of individual ran-
dom effects ηi (drawn from the covariance matrix Ω), the discrete design 
components xi (such as dose) and the vector of covariates zi. The residual 
error model also includes the vector εij which describes the deviation be-
tween the observation and the model prediction. The components of εij are 
generally expected to be normally distributed around zero with a variance 
defined by the covariance matrix Σ. 

Categorical data NLME models describe the probability of a response yij 
given the independent variable and individual parameters as defined by 
Equation 2. 

 
	 , , , ,  (2)  

A last type of NLME models utilized in this thesis is (repeated) time-to-
event (TTE) models. A TTE model characterizes the time to a certain out-
come (the event) by defining the instantaneous hazard hi(t) of that outcome 
(Equation 3). 

 
	 , , , ,  (3)  

Multiple observations from the same individual are needed to assign indi-
vidual random effects to the hazard. The probability for individual i of not 
having had an event by time t (i.e. the survival, Si(t)) is described by Equa-
tion 4. 
 

	  (4)  

Lastly, the probability for individual i of having an event at time t, fi(t), is 
described by Equation 5. 
 

	 ∗  (5)  

Maximum likelihood estimation methods 
Maximum likelihood (ML) estimation is often used to find the model param-
eters which best describe a set of observations. Given a certain model, ML 
estimation identifies the parameters that maximize the probability of observ-
ing the data at hand. The likelihood of the observed data for individual i can 
be defined by Equation 6.65 
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	 , , , , , , ∙ ,  (6)  

The total likelihood for all individuals is given by the sum of the individual 
likelihoods. The integral over the marginal density function usually does not 
have an analytical solution, but numerical optimization procedures can be 
applied. To minimize the logarithm of the likelihood is equivalent to maxim-
ize the likelihood and often numerically simpler in practice. This is used in 
gradient based estimation methods where parameter estimates are obtained 
through a quasi-Newton algorithm applied to an approximation of the likeli-
hood. The approximation varies between methods but is generally based on 
Taylor series expansions. 
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Aims 

The general aim of the thesis was to support the improvement of anti-TB 
therapy through development of pharmacometric models. 
 
The specific aims were: 
 
 To characterize the novel anti-TB drug bedaquiline’s dose-exposure-

response relationship in patients with drug-resistant tuberculosis. 
 

 To assess the impact of drug-drug interactions between bedaquiline and 
antiretroviral drugs or other anti-TB drugs, and to generate  
general recommendations for evaluation of PK interactions when  
involving a compound with long half-life. 

 
 To develop methodology aiding pooled population PK analyses where  

existing data are used in an efficient way to answer novel research  
questions. 
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Methods 

Study designs and data 
All studies from which data are included in this thesis were conducted ac-
cording to Good Clinical Practice standards, with ethical approval from ap-
propriate local authorities and with informed consent from the participants. 

Bedaquiline dose-exposure-response (Paper I-II) 
For the PK analysis (Paper I), data from the two registration Phase IIb stud-
ies sponsored by Janssen Pharmaceutical were used. Study C208 (TMC207-
C208, ClinicalTrials.gov number NCT00449644) was a randomized, double-
blinded and placebo-controlled study that enrolled newly diagnosed pulmo-
nary drug-resistant TB patients between 18 and 65 years.41,66 Patients with 
concomitant HIV-infection who were receiving ARV treatment were ex-
cluded. The study was divided in two parts; in stage one patients received 8 
weeks and in stage two 24 weeks of interventional treatment. Patients were 
randomized to receive either bedaquiline or placebo on top of a preferred 
background regimen of five second-line anti-TB drugs. Blood samples for 
PK analysis were drawn after the last doses of week 2 and 8 for all patients 
in stage one and after the last doses of week 2 and 24 for a subset of patients 
in stage two. The schedule included samples just prior to and 1, 3, 5, 6, 8, 12, 
and 24 h after dosing. Additional trough samples were collected at 5-7 time 
points throughout the treatment period and samples were also collected dur-
ing the follow-up period lasting 96 weeks after the end of bedaquiline 
/placebo treatment. 

Study C209 (TMC207-C209, NCT00910871) was an open-label study en-
rolling adult MDR- and XDR-TB patients receiving 24 weeks of bedaquiline 
treatment on top of an individualized background regimen.42 Patients could 
have started anti-TB treatment before the initiation of the study. Subjects 
with HIV infection were included if their CD4+ count was above 250 
cells/µL and the protocol requirements for ARV treatment were met. Blood 
samples for PK analysis were drawn 1 hour before intake of bedaquiline at 
the end of week 2, 12 and 24 of the study. 

In both studies bedaquiline was administered at 400 mg daily for the first 
two weeks and thereafter at 200 mg three times weekly. Patients were in-
structed to take their medication together with water after breakfast and in-
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take was supervised with directly observed therapy (DOT) as mandated by 
national guidelines. Concomitant medications with potential to induce or 
inhibit CYP3A4 were not permitted. Body weight and albumin concentra-
tions were measured throughout the treatment and follow-up period (up to 21 
observations of each per patients). In each PK sample both bedaquiline and 
M2 were quantified. In total, the final dataset included 335 patients and 
2843, 2873, 5438 and 4684 observations of bedaquiline, M2, body weight 
and albumin, respectively. 

For the PK-PD analysis (Paper II) mycobacterial load data in the form of 
MGIT TTP observations from study C208 were used. Triplicate spot sputum 
samples were collected at the day prior to start of treatment, weekly until 
week eight and every second week until week 24 after start of treatment. 
MGIT cultures were initiated independently for each of the samples in the 
triplicate. Samples collected after discontinuation of the interventional 
treatment were not considered in the analysis. The full dataset included 206 
patients and 7385 MGIT evaluations of which 3900 samples resulted in a 
positive signal within 42 days (Figure 3). 

 
Figure 3. Boxplot of observed TTP in MGIT per protocol sampling time and arm. 
Negative samples were included at the censoring time of 42 days and each sample 
was assigned to the protocol sampling time closest to the exact sampling time. At 
the later time points after start of treatment the lower quartile, median and upper 
quartile of TTP all have the same value (42 days), hence the box is represented by a 
line at 42 days.    
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Bedaquiline drug-drug interactions (Paper III-VI) 
For the analyses of bedaquiline DDIs (Paper III, IV and V), data from four 
different Phase I studies were used. The design of the trials were similar; all 
were cross-over studies including two single doses of 400 mg bedaquiline 
administered alone or together with the perpetrator drug (Figure 4). PK sam-
ples were collected over 14 days after each dose. The perpetrator drugs in-
vestigated were efavirenz, nevirapine, ritonavir-boosted lopinavir (lop-
inavir/ritonavir), and the rifamycins rifampicin and rifapentine. Administra-
tion of the perpetrator drug started prior to the bedaquiline dose to allow the 
interaction to reach full effect.  

Figure 4. General design of Phase I DDI studies with bedaquiline. 
 

Three of the studies recruited healthy volunteers while one study (bedaqui-
line-nevirapine DDI) included HIV-infected individuals. The bedaquiline-
efavirenz DDI study (ACTG 5267, NCT00992069) was conducted by the 
AIDS Clinical Trials Group and included 35 evaluable subjects.67 Janssen 
Pharmaceuticals sponsored the bedaquiline-nevirapine (TMC207-TiDP13-
C117, NCT00910806) and bedaquiline-lopinavir/ritonavir (TMC207-
TiDP13-C110, NCT00828529) studies, each including 16 subjects. The be-
daquiline-rifamycins study was conducted by the Global Alliance for TB 
Drug Development (TMC207-CL002, NCT02216331) and 16 subjects were 
include in each of the two arms (rifampicin and rifapentine).68 The time be-
tween the first and second bedaquiline dose was four weeks except in the 
study with nevirapine where it was six weeks. The study with lopinavi-
re/ritonavir used a mixed sequence, with half of the group receiving bedaqui-
line alone first and the other half bedaquiline together with the perpetrator 
drug first. Administration of the perpetrator drugs was started at different 
times (14, 10, 28 and 8 days before the bedaquiline dose for efavirenz, lop-
inavir/ritonavir, nevirapine and the rifamycins, respectively) and continued 
throughout the PK sampling period in all studies. Overall, 17-23 blood sam-
ples were collected after each bedaquiline dose and both bedaquiline and M2 
concentrations were measured in all studies. Additionally, M3 concentra-
tions were assayed in the bedaquiline-efavirenz DDI study.  

A fifth study in MDR-TB patients on anti-TB therapy including bedaqui-
line were used to confirm the DDI predictions from the Phase I studies for 
nevirapine and lopinavir/ritonavir (Paper VI).69 Adult patients were recruited 

Day: 411  x x+14

PKPK

Perpetrator
drug

BDQ 400mg BDQ 400mg
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from the South African national access program for bedaquiline and enrolled 
in three groups: patients without HIV-coinfection, patients with HIV-
coinfection on nevirapine containing ART and patients with HIV-coinfection 
on lopinavir/ritonavir containing ART. The groups included 17, 17 and 14 
patients, respectively. 9 blood samples for measurements of bedaquiline and 
M2 were collected over 48 h after a 200 mg dose at least three weeks after 
start of bedaquiline therapy; additional trough samples were collected in a 
subset of the patients. 

Methodology for pooled population PK analysis (Paper VIII-X) 
In the development of a method to facilitate stochastic model building (Paper 
VIII), three historical datasets with related population PK models were used. 
The first dataset originated from a Phase II study of oral moxonidine in pa-
tients with congestive heart failure and contained 1022 observations from 74 
individuals.70 The second dataset contained 337 pefloxacin observations 
collected after one hour intravenous infusion in 74 critically ill patients.71,72 
The third dataset was collected in two prospective studies of standard eth-
ambutol treatment in TB patients and included 1869 observations from 189 
subjects. All three datasets included PK sampling in the same individual at 
multiple occasions.73 

For the first project addressing pooled population PK analysis (Paper IX), 
data from four studies in adult HIV-positive patients treated with 200 mg 
nevirapine were used.74–77 Three studies included full PK profiles both after 
morning and evening dose; in all studies sparse sampling was applied. Sam-
pling was performed when nevirapine steady state levels could be expected. 
In one study nevirapine was coadministered with rifampicin and in another 
with artemether/lumafantrine. In total data from 288 patients were included 
in the analysis. 

The second pooled analysis (Paper X, methodology developed in Paper 
VIII used) focused on rifabutin and the primary metabolite des-rifabutin and 
their interaction with ARV protease inhibitors (PIs) with and without ri-
tonavir boosting. A literature review was performed to identify suitable da-
tasets and requests to share the information were sent to data owners. Four-
teen studies were successfully collected; details of the study designs can be 
found in the original publications and reports.78–89 In total 251 individuals 
contributed observations of rifabutin plasma concentrations and for 235 of 
them also the metabolite des-rifabutin was quantified. Data collected during 
concomitant PI-administration were available for about half of the subjects. 
Two thirds of the data came from TB/HIV coinfected patients, one third 
from healthy volunteers. 
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Previously developed models 
In the evaluation of methodology to facilitate stochastic model building (Pa-
per VIII) three previously published models were utilized. The moxonidine 
PK model was a one-compartment model with fist-order absorption and an 
additive residual error.70 Pefloxacin PK after intravenous infusion was de-
scribed with a one-compartment model and a proportional residual error.71,72 
The absorption of ethambutol was described with a transit compartment 
model, the disposition with one compartment and the residual error with a 
combined model including both additive and proportional components.73 The 
models were selected to cover the three most common types of basic residual 
error models. 

Software 
All pharmacometric analyses were performed in NONMEM 7.1, 7.2 or 
7.3.90 The estimation methods used were primarily the gradient based first-
order conditional estimation (FOCE) or Laplace, with eta-epsilon interac-
tion. Expectation maximization (EM) algorithms as stochastic approximation 
expectation-maximization (SAEM) and important sampling (IMP) were 
tested occasionally. Model development and evaluation were aided by func-
tionalities implemented in the software package Perl-speaks-NONMEM 
(PsN).91 Data management, secondary analyses and graphical analysis were 
conducted in R.92 Frequently used R-packages were ‘xpose4’ for goodness-
of-fit plots and ‘survival’ for survival analysis and Kaplan-Meier plots.93,94 
Separately developed Perl scripts were utilized for larger data processing 
tasks. Pirana was used for documentation of the model development pro-
cesses and as a link between the above mentioned software.95 Berkeley Ma-
donna was used for simulations and visualization of models with differential 
equation systems.96 

Model development procedures 
The choice of models to evaluate was based on scientific plausibility and 
physiological rationale. The model development procedures were primarily 
guided by the fit of the model to the data, quantified by the objective func-
tion value (OFV, equal to minus twice the log likelihood). The statistical 
significance of model extensions was tested with likelihood ratio tests on a 
95% or 99% confidence level. Standard goodness-of-fit plots including but 
not limited to population and individual predictions versus observations and 
conditional weighted residuals (CWRES) versus time after dose and versus 
individual predictions, were routinely used in graphical assessment of the 
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model fit. Visual predictive checks (VPC), including prediction- and varia-
bility-correction when called for, were also used.97 The distribution assump-
tions in the stochastic model component were checked through plots of indi-
vidual η estimates (empirical Bayes estimates, EBEs), when the η-shrinkage 
was acceptably low. In Papers II and VII, posterior predictive checks (PPC) 
were utilized to confirm the models ability of predict selected secondary 
metrics.98 Parameter uncertainty was determined by three different ap-
proaches: the covariance-step implemented in NONMEM (Papers III, IV, 
IX), non-parametric bootstrapping (Papers V, IX and X) and sampling im-
portance resampling (SIR) (Papers I, II and VI).99 The MCETA option in 
NONMEM was used to avoid local minima in the estimation of individual 
parameter values in Papers II and VIII. A Bayesian approach where the pen-
alty of the prior information was derived from a normal-inverse Wishart 
distribution (NWPRI option in NONMEM 7.3) was utilized in Paper VI. 

The PsN procedure for linearized stepwise covariate modelling (SCM) 
was used in Paper X. For the simulation study presented in Paper VII the 
PsN procedures for stochastic simulation and estimation (‘sse’, a parametric 
bootstrap) and non-compartmental analysis (NCA) PPC (‘ncappc’) with 
connected R-package were employed. The NCA PPC was also utilized in 
Paper VI and can automate NCA of the original data and multiple simulated 
datasets to perform PPCs of secondary PK metrics.100 
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Results and discussion 

Bedaquiline dose-exposure-response 
Population PK and time-varying covariates (Paper I) 
The PK of bedaquiline and M2 were simultaneously described with three- 
and one-compartment models, respectively. The bedaquiline absorption 
model included two transit compartments and a transformation limiting the 
time to 90% complete absorption to maximally six hours regardless of the 
IOV (denoted  with k as index for occasion). The equations used to trans-
form the estimated parameters which were mean absorption time (MAT) and 
fraction of absorption time corresponding to delay in the transit compart-
ments (FR) to the transit rate (ktr) and absorption rate (ka) are listed below. 
 

	

1 , 	

6 ∙
1
	

2
∙

	

3.3 ∙ ln 2
∙ 1

	

(7)  

Oral bioavailability (F) and fraction bedaquiline transformed to M2 (fm) were 
fixed to 1, hence estimated disposition parameters were relative to F and for 
M2 also to fm.  

Models describing body weight and albumin concentrations over time af-
ter start of treatment were also developed. A linear model was sufficient to 
describe the changes in body weight, estimating the typical weight at base-
line and after 120 weeks (WT0 and WT120). A self-limiting logistic model was 
fitted to the albumin observations (A(t)) (Equation 8).  

 
	 ln 2

½
1  

(8)  
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The estimated population parameters in the albumin model were A0, the al-
bumin concentration at baseline, ASS, the steady-state concentrations of al-
bumin expected after treatment and T½return, the half-life of the return towards 
ASS. Patients typically added on 6 kg and albumin concentrations increased 
0.4 g/dL over the 120 weeks after start of treatment. The models were flexi-
ble enough to also describe individual profiles with the opposite trend. 
Weight and albumin were found to be significantly correlated both at base-
line and at the end of the follow up period, and Box-Cox transformations 
were used for the IIV.101 The weight and albumin models were estimated 
simultaneously with the PK model and the parameter estimates for weight 
and albumin from the final model are shown in Table 1. The fit of the model 
to the observations is demonstrated by the VPC in Figure 5 
 
 

 
Figure 5. Visual predictive check showing the 2.5th, 50th, and 97.5th percentiles 
(lines) of observed albumin concentration and body weight (dots) and the 95% con-
fidence intervals (shaded areas) of the same percentiles calculated from model-
simulated data. 

The influence of time-varying weight and albumin on PK was assessed in 
a mechanism-based covariate search. Body weight was found to impact dis-
tribution volumes with the established allometric relationship (coefficient 
fixed to 1) and less strongly also clearances (coefficient estimated to 0.18 
[CI95% 0.07-0.29]). At high levels of protein binding, as observed for bedaq-
uiline and M2, the unbound fraction (fu) is approximately inversely propor-
tional to the protein concentration. If albumin is assumed to be the plasma 
protein of main importance for the binding, relative fu for individual i com-
pared to the typical level at steady state at time t can be described by the 
albumin concentrations at that time point (Equation 9). 
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Table 1. Final parameter estimates for the model of body weight and albumin con-
centration over time on anti-TB treatment in patients with drug-resistant TB fitted 
simultaneously with the bedaquiline and M2 PK model. 
Fixed effects Estimate (SIR CI95%) 

A0 [g/dL] 3.65  (3.61, 3.70) 
Ass [g/dL] 4.04  (4.01, 4.07) 
T½return [weeks] 20.4  (17.7, 23.0) 
WT0 [kg] 56.6  (55.8, 57.5) 
WT120 [kg] 62.6  (61.4, 63.8) 
B-C shape IIV A0  -2.44 (-2.7, -2.17) 
B-C shape IIV ASS  -5.38 (-6.08, -4.71) 
B-C shape IIV WT120 -0.42 (-0.64, -0.19) 
Random effects (CV [%]  
and correlations [%])* 

     

IIV A0 16.0     
IIV ASS 50.3 9.9     
IIV R -52.7 9.1  129    
IIV WT0 36.1  24.7  -18.7 20.7   
IIV WT120 15.8  29.7  -1.0  81.1  22.5  
Prop. RV albumin  7.08  (6.89,7.29) 

3.47  (3.30,3.47) 

   

Prop. RV body weight    

Abbreviations: A0 and Ass, albumin concentration at start of treatment and steady state; 

T½return, half-life of the return towards ASS; WT0 and WT120, body weight at start of treatment 

and 120 weeks after start of treatment; B-C shape, Box-Cox transformation shape factor; 

Prop. RV, proportional residual variability; SIR CI95%, nonparametric 95% confidence inter-

val obtained from the sampling importance resampling method; IIV, inter-individual variabil-

ity; CV, coefficient of variance. 

* CI95% not shown, RSE for the IIVs on CV scale were all below 10%. Correlations listed in 

italics. 

 
All disposition parameters are expected to be proportional to the protein 
binging level and this effect was successfully implemented in the model by 
multiplying the disposition parameters with relative fu. Since the differential 
equations specifying the model structure were defined in terms of amounts, 
the effect of fu was implemented on the volume of distribution in the last step 
when amounts are transformed to concentrations.  

Albumin is produced in the liver and can be used as a marker of hepatic 
function.102 Individual changes in albumin (Equation 10) were found to im-
pact bedaquiline and M2 clearance through a power model with an estimated 
power coefficient of 1.64 (CI95%1.46-181).  
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,

,
 (10) 

Also fm changed with hepatic function and the effect could be described by 
the same power model but with a negative coefficient. The effect on fm may 
be explained by sequential metabolism, i.e. bedaquiline metabolized to M2 
and M2 directly metabolized to M3 without exiting the hepatocyte resulting 
in a decrease of fm for the transformation of bedaquiline to M2 when the he-
patic function was increased. The mechanism based parameter-covariate 
relationships distinctly improved the description of observed bedaquiline and 
M2 concentrations (ΔOFV -320, 2 df).  

Two additional covariate effects were detected in an empirical search: 
higher age reducing bedaquiline and M2 clearance linearly with about 1% 
per year over the investigated age-range and black race increased bedaqui-
line and M2 clearance with 84% (CI95% 75-94%). The effect of black race 
has been reported before,103 but the physiological rationale is not understood 
and the effect should therefore be interpreted with caution. It should be noted 
that the racial categories overlap with study site and all but two of the 114 
black patients were included at South African sites. Potential explanations 
include regional differences in genetic make-up and/or diets. The final mod-
el’s fit to the PK data is shown by the VPCs in Figure 6 and the parameter 
estimates are listed in Table 2. 

The developed model is the first population PK model to describe bedaq-
uiline and M2 simultaneously in MDR-TB patients. M2 is not expected to 
contribute meaningfully to the anti-TB effect, but characterizing the metabo-
lite PK remains valuable and relevant since M2 exposure has been linked to 
toxicity in vitro and to observed QT-prolongation in clinical trials.44,45 Addi-
tionally, the metabolite data can improve the precision in the estimation of 
the parent clearance and add power for detection of covariates. In an earlier 
analysis of bedaquiline PK, no effect of body size could be detected but a 
gender difference in volume of distribution was included.103 It can be hy-
pothesized that the correlation between body weight and albumin concentra-
tions and their expected opposite effects on disposition parameters may 
mask true relationships if the covariates are introduced in the model sepa-
rately. Including these time-varying covariates simultaneously with mecha-
nistically plausible relationships improved the model fit, decreased the pa-
rameter-specific random variability and rendered the effect of gender insig-
nificant. The run-times for parameter estimation were long due to the com-
plex differential equation system and the many observations over a long time 
period, but the final model described the data well and parameters were es-
timated with good precision. The model and its predictions were used in the 
PK-PD analysis presented in Paper II and in the drug-drug interaction analy-
sis described in Paper VI.  
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Figure 6. Prediction- and variability-corrected visual predictive checks showing the 
2.5th, 50th, and 97.5th percentiles for bedaquiline and M2 concentrations (dots) over 
time after start of treatment (upper panel 0-24 weeks and middle panel 24-96 weeks) 
and over time after dose (lower panels). The shaded areas represent the 95% confi-
dence intervals for the same percentiles calculated from model simulated data. 
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Table 2. Parameter estimates with uncertainty of the final PK model of BDQ and 
M2 including covariates and estimated simultaneously with the albumin-weight 
model. The parameters listed are applicable for a non-black patient of 70 kg with 
median age (32 years) and albumin concentrations as typical at steady state (4.04 
g/dL). 
 
Fixed effects Estimate (SIR CI95%) 

MAT [fraction of 6 h] 0.66 (0.62, 0.71) 
FR  0.47 (0.42, 0.54) 
CL/F [L/h] 2.62 (2.49, 2.75) 
V/F [L/70kg] 198 (184, 215) 
Q1/F  [L/h] 3.66 (3.35, 3.97) 
VP1/F [L/70kg] 8550 (7940, 9230) 
Q2/F  [L/h] 7.34 (6.8, 7.84) 
VP2/F [L/70kg] 2690 (2390, 2980) 
CLM2/(F*fm) [L/h] 10.0 (9.5, 10.6) 
VM2/(F*fm) [L/70kg] 2200 (2060, 2370) 
Allometric scaling clearances 0.18 (0.07, 0.29) 
Time varying effect of fu on disposition 1 Fix 
Individual time varying effect of albumin CL/CLM2/fm 1.64 (1.46, 1.81) 
Effect of black race on CL/CM2 0.84 (0.70, 0.99) 
Age effect on CL/CLM2 0.0088 (0.0074, 0.0114) 
Random effects   

IOV* F [CV%] 19.7 (16.0, 24.8) 
IOV* MAT [CV%] 148 (101, 265) 
IIV F [CV%] 28.9 (24.5, 32.3) 
IIV CL [CV%] 40.7 (37.2, 45.4) 
IIV CLM2 [CV%] 48.6 (44.1, 52.8) 
Correlation IIV CL-CLM2 [%] 75.0 (69.5, 80.9) 
IIV V [CV%] 43.3 (35.0, 52.5) 
IIV Q1 [CV%] 44.5 (34.9, 55.0) 
IIV VM2 [CV%] 40.2 (35.6, 48.2) 
IIV RV [CV%] 23.5 (19.5, 27.6) 
IIV RVM2 [CV%] 23.2 (19.9, 26.7) 
Correlation IIV RV-RVM2 [%] 55.6 (32.0, 77.8) 

Proportional RV [CV%] 23.1 (22.0, 24.2) 
Proportional RVM2 [CV%] 19.3 (18.2, 20.4) 
Correlation RV-RVM2 [%] 43.3 (38.0, 47.5) 

Abbreviations: MAT, mean absorption time; FR, fraction of MAT which is delay in the transit 

compartments; CL, clearance; F, bioavailability; V, volume of distribution central compart-

ment; VP, volume of distribution peripheral compartment; Q, inter compartmental clearance; 

fm, fraction bedaquiline metabolized to M2; RV, residual variability; CV, coefficient of varia-

tion calculated with sqrt(exp(OMEGA)-1) where OMEGA is the estimated variance. 

* Study C208 was divided in two occasions; one for each period of rich PK sampling. Study 

C209, where only singular samples were drawn, was regarded as one occasion. 
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PK-PD model of time to positivity (Paper II) 
In this exposure-response analysis repeated measures of mycobacterial load 
quantified by TTP in MGIT were modeled. Individual bedaquiline and M2 
exposure metrics with or without adjustment for individual albumin concen-
trations (the latter was hypothesized to better reflect free concentrations) 
were derived from the developed population PK model (Paper I) and evalu-
ated as drivers of the mycobacterial response. TTP data up to week 20 were 
included in the model building process. 

The developed PD model included three simultaneously fitted compo-
nents: (i) a longitudinal representation of mycobacterial load in patients over 
time over treatment, (ii) a model of the probability of bacterial presence in a 
sputum sample and (iii) a time-to-event (TTE) model for TTP in MGIT. The 
model encompassed two dimensions of time: time after start of treatment 
measured in weeks and time after inoculation in the MGIT system measured 
in days. 

Mycobacterial load (MBL) was described by a mono-exponential decline 
over time after start of treatment (TAST) where the bacterial load at start of 
treatment was informed by each individual’s mean TTP observed at baseline 
(mTTP0,i) compared to the typical value in the population (mTTP0,p) (Equa-
tion 11). 
 

	
∙ ,

,
∙
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(11)  

IIV with a Box-Cox transformed distribution was included on the half-life 
(HL) of the decline. The probability of bacterial presence (Ppos) was charac-
terized by the underlying mycobacterial load trough an Emax-function includ-
ing the maximal risk (Pmax) and the mycobacterial load corresponding to 
50% of Pmax (MBL50) (Equation 12). 
 
	 ∙

 
(12) 

Pmax was fixed to the proportion positive samples observed at baseline before 
start of treatment: 96.9%. The amount of bacteria in the growth tube over 
time after inoculation (B(t)) was described by the inoculum size defined by 
the mycobacterial load and a logistic growth function where kgrowth is the 
initial growth rate and Bmax corresponds to the maximal carrying capacity of 
the system (Equation 13). 
 

	
∙ ∙ 	

(13) 
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The hazard in the TTE model was directly proportional to the current 
amount of bacteria in the growth tube.  

In the covariate search it was found that patients in the bedaquiline arm 
generally had a shorter half-life of the mycobacterial load compared to pa-
tients in the placebo arm and the magnitude of the difference was signifi-
cantly connected to bedaquiline exposure levels. Early bedaquiline exposure 
(AUC0-24h at day 14, i.e. the last day of the loading phase with 400mg QD) 
was the selected PK metric in the final model and influenced the half-life 
through an Imax-function. The maximal effect could not be estimated reliably 
due to the limited range of observed exposures and was therefore fixed to -
100%. EC50 was estimated to 52 µg*h/mL (CI95% 37-82) and fell within the 
observed range of exposures. Furthermore, patients with pre-XDR or XDR-
TB were found to have a 31% (CI95% 11-54) longer typical half-life than 
patients with MDR-TB, probably caused by the difference in the number of 
effective drugs in the background regimen. No significant effects of other 
factors known to influence TB treatment outcome such as concomitant HIV-
infection and presence of lung cavitation were identified, likely due to low 
statistical power caused by to the small proportions of patients with HIV 
(15%) and without cavitation (8%) in dataset. The parameters of the final 
model with precision estimates from a sampling importance resampling pro-
cedure are listed in Table 3. Kaplan-Meier VPCs of the fit of the TTE model 
to the TTP data is shown in Figure 7.  
 
Table 3. Parameter estimates of final bedaquiline PK-PD model including 
uncertainty from sampling importance resampling.  
Sub-model Parameter [unit] Value RSE [%] 

MBL in 
Patients 

MBL0, MBL at baseline 0.00625 15.6 

Half-life MBL [weeks] 1.20 11.2 

IIV half-life MBL [CV%] 71.3 10.2 

Box-Cox transformation IIV 0.711 31.8 

BDQ maximal effect on MBL half-life  -1 fix - 

EC50 BDQ effect [µg*h/mL]   52.2 36.2 

(pre-)XDR effect on MBL half-life [%] 31.4 35.0 

COVTTP, mTTP0 effect on MBL0 2.6 15.5 

Probability of  
bacterial 
presence 

PMAX positive 0.969 fix - 

MBL50 0.0000235 24.3 

Growth in  kgrowth [day-1] 1.39 6.9 

MGIT  Bmax 0.352 6.1 

Abbreviations: MBL, mycobacterial load; IIV, inter-individual variability; mTTP0, mean 

baseline time to positivity; Pmax, maximal probability of bacterial presence in sputum sample; 

MBL50, mycobacterial load corresponding to 50% of Pmax; MGIT, mycobacterial growth 

incubator tube; kgrowth, growth rate in MGIT; Bmax, maximal carrying capacity in MGIT. 
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Figure 7. Kaplan-Meier VPC of observed and simulated (95% prediction interval) 
TPP in MGIT per week after start of treatment. 

The PPC of the final model showed good agreement between TSCC de-
rived from observed and model simulated data (Figure 8), indicating that 
model simulated TTP data reliably can be translated to the clinically used 
metrics. To assess the impact of the detected effects of bedaquiline exposure 
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and type of TB infection, simulations with parameter uncertainty (n=100, 
parameter vectors generated by the sampling importance resampling proce-
dure) and large datasets of patients with specific sets of characteristics 
(n=2000) were conducted. The impact of bedaquiline exposure was illustrat-
ed with a Kaplan-Meier plot of TTSC for different exposure levels (Figure 
9) and outcomes for all simulated scenarios were summarized (Table 4). 

 

 

Figure 8. Posterior predictive check showing the observed TSCC and the 95% pre-
diction interval for TSCC calculated from simulated datasets.  

 

Figure 9. Impact of treatment and exposure levels (bedaquiline AUC0-24h,day14, low =  
half of median, median = 34.8 µg*h/mL, high = double median) illustrated by 
Kaplan-Meier curves of expected TSCC. 
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Table 4. Model-predicted median TSCC and proportion without sputum culture 
conversion (SCC) at week 20 for MDR- and (pre-) XDR-TB patients in different 
treatment scenarios. Predictions are based on simulations assuming median bacterial 
load (mTTP0) at start of treatment and including parameter uncertainty and IIV. 
 Median TSCC [weeks]  

(CI90%) 
Proportion without SCC  
at week 20 [%] (CI90%) 

Scenario* MDR Pre-XDR or 
XDR 

MDR Pre-XDR or 
XDR 

Placebo 14 (12 – 15) 18 (15 - >20) 28.2  
(22.8 – 34.2)

42.2  
(31.3 – 50.1)  

Low BDQ1 11 (10 – 11) 13 (12 – 15) 18.5  
(15.2 – 21.9)

27.7  
(21.6 – 31.5) 

Median BDQ2 8 (8 – 9) 11 (9 – 13)  13.5  
(10.3 – 16.9)

19.7  
(15.2 – 25.3) 

High BDQ3 6 (5 – 7) 8 (6 – 9) 7.8  
(5.3 – 11.2)

12.0  
(8.1 – 16.8) 

*All scenarios assumes treatment with optimized background regimen 
1 Half median bedaquiline AUC0-24h,day14, 

2 Median bedaquiline AUC0-24h,day14: 34.8 µg*h/mL 
3 Double median bedaquiline AUC0-24h,day14 

 
Of previously described models, the developed model shows most simi-

larity to the work presented by Chigutsa et al.,60 but with several important 
differences and novel aspects. The sub-model component for probability of 
bacterial presence can handle the increasing portion of negative samples 
over time after start of treatment, resulting in the characteristic shape of TTP 
survival curves reaching a plateau after about 25 days. By including this 
probabilistic element, it was possible to use the inoculum size as the driver 
of TTP hazard without incorporating mechanistically unjustified changes in 
the bacterial growth processes in the MGIT system over time on treatment. 
The initial doubling time in the MGIT tube estimated in the here presented 
model was 33h (RSE 5%) which is in line with observed in vitro growth 
rates for M. tuberculosis.104,105 Additionally, IIV could be assigned to the 
model component describing the underlying mycobacterial load in patients 
where it is expected to be most pronounced, instead of to the growth process 
in MGIT where only smaller differences between strains can be expected. 

In contrast to previous simpler analyses of secondary PD metrics derived 
from the same data,41,45 the developed PK-PD model was able to identify and 
describe an exposure-response relationship for bedaquiline. The results 
demonstrated that the exposure levels reached with standard bedaquiline 
dosing are far from achieving maximal effect and, most importantly, higher 
exposures early in the treatment period are predicted to lead to faster re-
sponse. The characterization of bedaquiline’s dose-exposure-response rela-
tionship could aid optimization of future bedaquiline-containing anti-TB 
regimens. Furthermore, the link between early exposure and bacteriological 
response may provide an opportunity for early assessments of individual 
patients’ chance of favorable outcome. 
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Bedaquiline drug-drug interactions 
Model-based analyses of Phase I studies (Paper III-V) 
A population PK model including three compartments for bedaquiline and 
two each for M2 and M3 was developed on the dataset from the bedaquiline-
efavirenz DDI study conducted with healthy volunteers (Paper III). Absorp-
tion was described with a dynamic transit compartment model and bioavail-
ability and fm for both the bedaquiline to M2 and the M2 to M3 transfor-
mations were fixed to 1. Allometric scaling with weight was applied to all 
disposition parameters with the standard coefficients (1 for volumes and 0.75 
for clearances). Efavirenz is known to induce liver enzymes, including 
CYP3A4, and the time to 50% of full induction has been estimated to around 
10 days.106  Interaction effects were tested on bioavailability and clearance of 
each  compound.  Since there were no  data collected  during the  expected  

 

 
Figure 10. Visual predictive check showing the 5th, 50th, and 95th percentiles (lines) 
of observed concentrations (dots) and the 95% confidence intervals (shaded areas) of 
the same percentiles from model-simulated data. 
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gradual onset of the interaction effect, the effects were implemented as an 
instantaneous change in the parameter on which it was tested. The time point 
for the onset was selected in a sensitivity analysis where multiple times were 
evaluated; one week of efavirenz administration was found to give the best 
fit to the data. The final model included an efavirenz effect doubling bedaq-
uiline and M2 clearances and a separate and less strong effect on M3 clear-
ance. The residual error magnitude was adjusted for early samples (less than 
six hours after dose) and samples with reported results below the limit of 
quantification. The estimated parameters are listed in Table 5 and the model 
fit is demonstrated by the VPC in Figure 10. 

Table 5. Parameter estimates of final population PK model of bedaquiline, M2 and 
M3 in healthy volunteers with efavirenz interaction effect. 

Fixed effects‡  
(RSE%) 

Random effects (CV [%] and correlations* [%]) 
(RSE%) 

 

MTT [h] 1.31   (13) IOV F 23.6  (27)    

NN 5.21   (21) IIV F 24.3  (28)    

KA [h-1] 0.128 (8.7) IOV MTT 55.4  (11)    

CL [L/h] 2.96   (9.5) IIV CL 23.7 (12)     

V [L] 17.3   (19) IIV CLM2 30  (32) 18.8  (24)   

Q1 [L/h] 5.01   (8.3) IIV CLM3 -13 (91) 71  (35) 30.0   (25)  

VP1 [L] 2870  (15) IIV IE -69 (14) -56 (24) -22 (65) 20.6 (11)  

Q2 [L/h] 4.16   (10) IIV IEM2  -30 (37) -77 (30) -72 (33) 75 (17) 28.2 (22) 

VP2 [L] 136    (9.0) IIV IEM3 -7  (163) -58 (43) -83 (30) 43 (35) 88 (27) 32.7 (25) 

CLM2 [L/h] 12.3   (10) IIV V 34.6   (32)     

VM2 [L/h] 659    (7.2) IIV Q1 18.7   (15)     

QM2 [L/h] 103    (11) IIV VM2 28.9   (19)     

VPM2 [L] 2840  (6.0) IIV VPM2 25.9   (39)     

CLM3 [L/h] 39.2   (9.0)        

VM3 [L] 11.2   (45) Prop RV 23.9  (5.3)     

QM3 [L/h] 106    (9.9) Prop RVM2 15 (6.1) 17.7  (4.8)    

VPM3 [L] 2680  (14) Prop RVM3  7.5 (21) 12 (5.6) 15  (10)    

IEBDQ&M2 2.07   (3.6)        

IEM3 1.12   (3.6)        

RV TAD <6h 1.87   (11)        

RV <BLQ 3.28   (15)        

Abbreviations: MTT, mean transit time; NN, number of transit compartments; KA, absorption 
rate constant; F, bioavailability; CL, clearance; V, volume of distribution; Q, intercompart-
mental clearance; VP, volume of distribution of peripheral compartments; IE, interaction 
effect as factor change in CL; TAD, time after dose; BLQ, below limit of quantification; Prop, 
proportional; IOV, inter occasion variability; IIV, inter individual variability; RSE, relative 
standard error; CV, coefficient of variation; RV, residual variability; BDQ, bedaquiline. 
‡ estimated with typical value of F, fmBDQM2 and fmM2M3 fixed to 1 *correlations in italics 
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The developed model was subsequently applied to datasets from three other 
Phase I DDI studies (Paper IV and V). The structural and stochastic model 
components were held constant but the parameter values were reestimated 
and different interaction effects were applied. The model fitted well for all 
studies and values of the key PK parameters remained similar. Selected PK 
parameters, estimated interaction effects, expected interaction mechanisms 
and model assumptions regarding the onset of the effect are listed in Table 6. 
 
Table 6. Summary of results from the model-based analysis of DDIs with bedaqui-
line. Parameter values are given for a 70 kg individual including uncertainty 
(RSE%). 
Perpetrator 
 

Efavirenz 
Paper III 

Nevirapine 
Paper IV 

Lopinavir/r
Paper IV 

Rifampicin 
Paper V 

Rifapentine 
Paper V 

Interaction  
mechanism Induction Induction Inhibition Induction Induction 
Time of onset of 
IE [daysa] 7 14 0 3 3

CLBDQ/F [L/h] 3.0 (9.5) 3.34 (9.5) 3.1 (17) 3.2 (6.5) c 

CLM2/(F*fm) [L/h] 12 (10) 16 (9.9) 15 (17) 13 (6.6) c

IE BDQ  2.1 (3.6) 0.92 (5.9) 0.35 (9.3) 4.8 (9.1) 4.0 (5.0) 

IE M2  b 1.05 (10) 0.58 (8.7) b b

IE M3  1.1 (3.6) - - - -
Abbreviations: CL, clearance; F, oral bioavailability; fm, fraction metabolized bedaquiline to 

M2; IE, interaction effect as factor change in clearance; BDQ, bedaquiline; r, ritonavir. 
a Days after start of administration of perpetrator drug, b Same as for bedaquiline, c Same as 

for rifampicin 

 
The predicted impact of the interaction effect (IE) was evaluated through 

comparison of average steady state concentrations (Cavg,ss). Relative Cavg,ss 
was calculated with Equation 14 where CLapparent corresponds to clearance 
relative to F for the parent and also relative to the fm of each biotransfor-
mation step for metabolites. 
 

	
,

,

,
	 (14) 

Efavirenz, lopinavir/ritonavir, rifampicin and rifapentine were all predicted 
to alter Cavg,ss substantially and could potentially cause clinically relevant 
interactions. The results were compared to earlier presented NCA analyses 
of the same studies which reported geometric mean ratios (GMRs) of  
AUC0-14days with and without perpetrator drug (Table 7). The NCA results for 
lopinavir/ritonavir, nevirapine and rifampicin are included in bedaquiline’s 
label and are the basis of current recommendations regarding co-
administration which discourage coadministration with rifamycins but not 
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with nevirapine or lopinavir/ritonavir.107 The NCA analyses were found to 
consistently underpredict the impact of the interaction, most notably for the 
inhibitory effect of lopinavir/ritonavir where NCA predicts only a 22% in-
crease in bedaquiline exposure while the model-based prediction suggests a 
close to three-fold increase at steady state. The reasons behind the biased 
NCA predictions of bedaquiline’s DDIs were further investigated in the sim-
ulation study presented in Paper VII. 

Table 7. Comparison of model-based and non-compartmental analysis (NCA) pre-
dictions of the impact of DDIs. 

 Bedaquiline M2  

Perpetrator Model-baseda NCAb Model-baseda NCAb 

Efavirenz -52% -18%67 -52% +7%67

Nevirapine +9% No change107 -5% Not reported 

Lopinavir/r +188% +22%108 +73% -41%108

Rifampicin -79% -59%68 -79% -21%68

Rifapentine -75% -57%68 -75% -15%68

Abbreviations: NCA, non-compartmental analysis; r, ritonavir. 
a Relative Cavg,ss, 

b Geometric mean ratios of AUC0-14days 

 
Alternative dosing regimens to normalize bedaquiline exposure during 

concomitant administration with efavirenz, lopinavir/ritonavir, or either of 
the investigated rifamycins were evaluated with simulations. For efavirenz 
coadministration it was shown that either doubling the bedaquiline dose 
(from 200 mg to 400 mg) or increasing the dosing frequency (from three 
times weekly to QD) during the continuation phase (week 3-24) should give 
comparable weekly bedaquiline and M2 exposures at steady state. When 
lopinavir/ritonavir is started before bedaquiline therapy, the alternative regi-
men predicted to provide concentration profiles most similar to those of the 
standard regimen administrated without interacting drugs was 300 mg QD in 
the loading phase and 100 mg three times weekly in the continuation phase. 
The impact on bedaquiline and M2 of the lopinavir/ritonavir interaction ef-
fect and the proposed dose adjustment is illustrated in Figure 11. For the 
rifamycins, which have a very strong impact on bedaquiline clearance, the 
dose to reach comparable average bedaquiline exposure would need to be 
increased to 1000 mg both during the loading phase and the maintenance 
phase, i.e. a 2.5- and 5-fold increase in dose, respectively. However, such 
regimen would necessarily lead to a pronounced increase in M2 peak con-
centrations. Considering the potential safety concerns linked to M2 concen-
trations,44,45 such a regimen could not be recommended. 
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Figure 11. Weekly average concentrations of bedaquiline and M2 over the treatment 
period when bedaquiline is administered without interacting drugs at standard dose, 
together with lopinavir/ritonavir (LPV/r) at standard dose or at the suggested adjust-
ed dose. 

Confirming DDI predictions in TB patients (Paper VI) 
Bedaquiline pharmacokinetics are not expected to be fully the same in TB-
patients  as in healthy volunteers,103 differences could arise from altered 
absorption capacity, body composition, hepatic function, plasma protein 
levels, etc. A comparison using the PK models developed on patient and 
healthy volunteer data confirms the existence of differences; simulations 
with the healthy volunteer model used in Paper III-V predicts higher bedaq-
uiline steady state levels than observed in patients and described by the 
model presented in Paper I. An assumption for the predictions of DDIs based 
on Phase I studies is that even though the absolute concentration levels 
might not be directly comparable to levels in patients, the magnitude or the 
relative effect of the interaction effect should be the same or similar. In Pa-
per VI this hypothesis was tested in an attempt to confirm in MDR-TB pa-
tients the predictions of DDIs between bedaquiline and lopinavir/ritonavir or 
bedaquiline and nevirapine earlier presented in Paper IV. The data from the 
three study arms were analyzed simultaneously and three models were test-
ed: (i) a model with the parameter values fixed to the previously estimated 
values both for the patient PK model and the DDI effects, (ii) a full prior 
model using the previously estimated parameter values as priors on all pa-
rameters except the residual errors, and (iii) a reduced prior model using the 
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previously estimated parameter values as priors on the parameters of the PK 
model and no priors on the DDI effects or the residual errors. For fixed ef-
fects parameters the weight of the priors was assigned through the previously 
estimated parameter uncertainty quantified by the covariance matrix and for 
random effects through the estimated degrees of freedom (based on the pa-
rameter probability density function fitted with an inverse Wishart distribu-
tion). The first model with all parameters fixed described the bedaquiline 
concentrations in the control group very well and the median M2 concentra-
tions adequately (Figure 12), and served as an external validation of the 
model presented in Paper I. The structural PK parameters generally changed 
little in the estimation of the models with full and reduced prior information. 
The DDI effect parameters of the three models are presented in Table 8 to-
gether with 95% confidence intervals. Univariate addition of an extra esti-
mated parameter to each DDI effect in the full prior model did not generate 
significantly better OFVs; hence the MDR-TB patient data did not indicate 
that the DDI effects are significantly different from the prior values estimat-
ed in healthy volunteers. However, the estimate of IIV in the DDI effect of 
lopinavir/ritonavir on bedaquiline clearance was very large in the full prior 
model and would in simulations lead to the implausible situation that some 
patients receiving lopinavir/ritonavir get an induced rather than inhibited 
clearance. The large IIV estimate might have been caused by the relative 
strength of the  weighing  of  the prior information  in  fixed  and  random  

 

Figure 12. Prediction- and variability-corrected visual predictive check (n=1000) of 
the model with fixed prior parameter values applied to the control group, serving as 
an external validation of the previously developed population PK model of bedaqui-
line and M2 in MDR-TB patients (Paper I). The 2.5th, 50th and 97.5th percentiles of 
the observations and the 95% confidence intervals of the corresponding percentiles 
calculated from model simulated data are shown. 
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Table 8. Parameter values for DDI effects in the evaluated models including 95% 
confidence intervals.  

 Model w. fixed 
prior values

Full prior 
model

Reduced prior 
model

 Value (CI95%) Estimates (CI95%) Estimates (CI95%) 

Nevirapine  
DDI effect parameters
Factor change BDQ CL  0.92 (0.8, 1.02) 0.90 (0.80, 1.00) 0.82 (0.67, 0.99) 

Factor change M2 CL 1.05 (0.84, 1.26) 1.08 (0.92, 1.26) 1.19 (0.92, 1.56) 

Lopinavir/ritonavir 
DDI effect parameters
Factor change BDQ CL 0.35 (0.28, 0.41) 0.33 (0.27, 0.40) 0.25 (0.17, 0.35) 

Factor change M2 CL 0.58 (0.48, 0.68) 0.56 (0.48, 0.65) 0.59 (0.44, 0.69) 

Variability     

IIV IE BDQ CL (CV%) 34.6 (19.7, 44.7) 175 (130, 199) 95.9 (84.5, 125) 

Scaling IIV IE M2 CL* 0.34 (-0.22, 0.89) 0.49 (0.23, 0.72) 0.48 (0.16, 0.80) 

Abbreviations: CL, clearance; CV, coefficient of variation; DDI, drug-drug interaction; IE, 

interaction effect, IIV, inter individual variability. 

* The correlation between IIV in DDI effects on BDQ and M2 clearance was 100%, IIV in 

the effect on M2 was scaled from IIV in the effect on BDQ with an estimated factor.   

 
effects, respectively. The large IIV estimate in the full prior model together 
with the acceptable imprecision of the estimated fixed effect DDI parameters 
in the reduced prior model (RSE 10-20%) and the fact that these parameter 
estimates were solely based on patient data, lead to the selection of the re-
duced prior model as the better description of DDIs between bedaquiline and 
nevirapine and lopinavir/ritonavir. A NCA PPC demonstrated that the mean 
AUC0-48h for both bedaquiline and M2 in each group was well captured by 
the reduced prior model (Figure 13), and also the variability in bedaquiline 
AUC0-48h was well described. 

The magnitudes of nevirapine and lopinavir/ritonavir DDI effects on be-
daquiline and M2 predicted from Phase I single-dose data in Paper IV were 
found to be very similar to the estimates obtained in MDR-TB patients dur-
ing long-term coadministration of bedaquiline and the ARV drugs. The ef-
fect of nevirapine was small and not expected to be clinically relevant, while 
concomitant lopinavir/ritonavir administration reduced bedaquiline and M2 
clearance by 75% and 41%, respectively, leading to substantially higher 
bedaquiline exposure and generally decreased M2 levels. Given the findings 
in the PK-PD analysis presented in Paper II, this may be beneficial since 
bedaquiline drives the desired bacterial response and M2 is rather hypothe-
sized to be linked to toxicity. Nevertheless, the safety of higher bedaquiline 
concentrations needs to be confirmed. Also an NCA analysis of the patient 
data indicated the substantially higher median exposure in the lop-
inavir/ritonavir group (67 002 [CI95% 51862–88255] ng*h/mL vs 34 730 
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[CI95% 27466–52862] ng*h/mL in the control group).69 The NCA was not as 
biased as in the Phase I studies since the data here was collected at levels 
close to steady state, however the difference in time on bedaquiline treat-
ment between the two groups (median of 95 days in the lopinavir/ritonavir 
group compared to 43 days in the control group) could make a direct com-
parison biased.69 Using the patient PK model and the estimated DDI effects 
more adequate comparisons of the full time-concentration profiles or for any 
time point of interest can be generated for the standard regimen or adjusted 
regimens mitigating the impact of the DDI effect. 

 

 
Figure 13. Results from the NCA posterior predictive check showing the agreement 
between observed population mean AUC0-48h for bedaquiline and M2 in each group 
(red line) and corresponding metrics calculated on simulated datasets (n=1000). The 
blue lines represent the median (solid) and the boundaries of the 95% nonparametric 
prediction interval (dashed) of population mean AUC0-48h in the simulated datasets.  
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NCA vs model-based DDI predictions (Paper VII) 
A simulation study was designed to further investigate the observed devia-
tions between NCA and model-based DDI predictions from Phase I studies. 
Firstly, the PK model’s suitability for generation of simulated concertation-
time data in agreement with the observations in conducted DDI studies was 
evaluated with posterior predictive checks. GMRs were calculated from 
NCA derived AUC0-14days both for observed and model simulated datasets 
(n=1000) for each of the investigated perpetrator drugs in Paper III-V. The 
CI95% of GMRs based on simulated data were found to overlap with the ob-
served GMRs for all perpetrator drugs and both bedaquiline and M2 (see 
Table 9). Hence, it was concluded that the model was able to simulate data 
in good agreement with the observed data when analyzed with NCA and 
therefore suitable for the simulation study. 

Table 9. Summary of results from posterior predictive checks comparing GMRs 
calculated from AUC0-14days derived by NCA for bedaquiline and M2 respectively 
with different perpetrator drugs. 

Victim Perpetrator GMR of AUC0-14days 
Original data 

GMR of AUC0-14days 
Simulated data  
median (CI95%) 

Bedaquiline Efavirenz 0.87 0.79  (0.70, 0.89) 

 Lopinavir/r 1.21 1.30  (1.17, 1.45) 

 Nevirapine 1.03 1.16  (1.01, 1.35) 

 Rifampicin 0.41 0.41  (0.35, 0.48) 

 Rifapentine 0.43 0.48  (0.42, 0.54) 

M2 Efavirenz 1.28 1.20  (1.07, 1.34) 

 Lopinavir/r 0.63 0.64  (0.55, 0.75) 

 Nevirapine 1.05 1.14  (1.01, 1.31) 

 Rifampicin 0.79 0.77  (0.65, 0.91) 

 Rifapentine 0.86 0.89  (0.76, 1.05) 

Abbreviations: GMR, geometric mean ratio; AUC, area under the concentration-time curve; r, 

ritonavir. 

 
Five DDI scenarios selected to cover the range of observed interactions were 
investigated: inhibition decreasing bedaquiline and M2 clearance to 20% or 
50% of normal, no interaction effect and induction increasing bedaquiline 
and M2 clearance to 200% or 500% of normal. 100 studies with the same 
cross-over design as used in the previously conducted studies (Figure 4) 
were simulated for each scenario. Sample size and patients’ characteristics 
such as body weight were selected to mimic the conducted DDI studies. The 
simulated datasets were analyzed both with NCA and with model-based 
analysis, including or excluding the metabolite data. In the model-based 
analysis separate parameters were estimated for the interaction effect on 
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bedaquiline and M2 clearances. The impact of the interaction effect quanti-
fied by GMRs from the NCA analyses were compared with the relative 
Cavg,ss estimated in the model-based analyses and the true relative Cavg,ss as 
shown in Figure 14.  
 

 
Figure 14. NCA and model-based predictions of the impact of DDIs compared to 
the expected impact for bedaquiline (BDQ) and M2. 

NCA consistently underpredicted the impact of both inducing and inhibiting 
DDIs with bedaquiline, e.g. predicting less than a doubling in bedaquiline 
exposure in the case of the strongest inhibition when a five-fold increase in 
exposure is expected. The underprediction was generally even more pro-
nounced for the metabolite. The model-based predictions agreed well with 
the expected impact, but the uncertainty was relatively large for the strong 
inhibition. The biased NCA predictions were caused by several factors: 
 

 the small portion of the total AUC that is observed during the 14 days 
of sampling, about 50% for bedaquiline and 30% for M2 without any 
interaction effects 

 the change in the observed portion of the total AUC caused by an in-
teraction, thereby two different portions of the total AUC are com-
pared in GMRs 

 the carry-over between the first and second dosing occasion 
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 (Figure 15). When repeating the same exercise with the available clinical 
trial data (Paper III-V), the exclusion of metabolite data resulted on average 
in a five-fold increase in the relative standard error of the interaction effect 
parameter for bedaquiline clearance. 

 
Figure 15. Comparison of imprecision in the interaction effect parameter for bedaq-
uiline clearance when estimated with and without M2 metabolite data. 

The results demonstrated that a model-based evaluation is needed to avoid 
misleading DDI predictions based on NCA for drugs with a very long half-
life for which only a part of the total AUC after a single dose can be cap-
tured, and that a cross-over design generally is preferred over parallel de-
signs. Further advantages of a model-based analysis include the opportunity 
to use metabolite data to increase precision in the predictions, the possibility 
to incorporate and/or test mechanistic hypotheses of the interaction effect 
and to use the model in simulations to investigate dose adjustment. 
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Methodology for pooled population PK analysis 
Linearization for stochastic model building (Paper VIII) 
Random effects are an important component of NLME models and the num-
ber of possible structures is in principle unlimited. Efficient evaluation of 
extensions to the stochastic model may be especially important for pooled 
analyses (Paper IX-X) where heterogeneity in the data makes random effects 
even more relevant and large datasets make the analysis computationally 
heavy and slow. A methodology was developed utilizing the same linear 
approximation as a previously presented covariate search method and was 
tested for the purpose of fast screening and selection of stochastic model 
components.109 The approximation is a first-order Taylor expansion in two 
steps (Equations 15 and 16), first around the individual residual error com-
ponent εij (evaluated in εij = 0) and secondly around the parameter specific 
variabilities ηi (evaluated in ηi  = η̂i where η̂i is the empirical Bayes esti-
mates of ηi). 

 
 
Step 1 
 

, , ∗  (15)  

 

 
Step 2 
 
 
 

, | ∗ ̂ ∗

	 	 ∗ ∗ ̂  

(16)  

Q0 = (εij = 0 and ηi  = η̂i), m is the number of elements in ηi and τ is the 
number of elements in εij. Parameters to be estimated in the linearized model 
are marked with an asterisk. The partial derivatives and empirical Bayes 
estimates can be obtained through evaluation of the nonlinear base-model. 
Extensions of several types of stochastic model elements were evaluated: 
 

 IIV components 
 IOV components 
 correlation structures described by covariance 
 advanced residual variability models: 

 IIV in the residual error70 
 A power relation with individual predictions (IPRED):  

	 	 ∙  
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 Autocorrelation, i.e. serial correlation between the residual error of 
sequential observations110 

 Time dependent residual error described by a step function110 
 
Each model extension was tested both in the linearized model and the stand-
ard nonlinear model using the three test datasets with connected models and 
the drop in OFV relative to the base model (ΔOFV) detected by the two al-
ternatives were compared. The ΔOFVs obtained with the linearized and non-
linear models were found to agree well for smaller OFV drops and differed 
more and more for larger drops (Figure 16). 
 

 
Figure 16. Comparison of difference in objective function value (ΔOFV) between 
base and various extended IIV (a), IOV (b), covariance (c) and residual variability 
(RV) (d) models after estimation with the nonlinear and linearized approach. 

The linearized evaluation identified the same extensions to be significant 
improvements (95% confidence level) as the standard nonlinear analysis in 
88 of 92 evaluated cases (accuracy 96%). The deviating cases were all close 
to the cut-off value for statistical significance.  

The computational runtimes for estimation were substantially shorter with 
the linearization. For the test datasets the total runtime for all evaluated 
models was decreased four- to seven-fold compared to the nonlinear stand-
ard estimation. The reduction is expected to be even larger for more complex 
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models where the original runtime is longer; more than 50-fold reductions 
were observed in tested examples. 

The developed methodology was demonstrated to be an accurate and fast 
tool for screening of extended stochastic models and may be specifically 
valuable for evaluation of large variance-covariance blocks since this often 
is computationally demanding and time-consuming in the standard nonlinear 
domain. The methodology has been implemented in the PsN software (from 
version 3.7.0) as the option ‘linearize’. 

Pooled analyses (Paper IX and X) 
Integration of data from multiple sources provides opportunities to answer 
novel research questions using already existing information. The work pre-
sented in Paper IX aimed primarily to propose an efficient modeling strategy 
for such pooled analyses using nevirapine population PK as an example. A 
step-wise approach outlined in detail in Figure 17 was suggested. In short, 
the strategy included (i) separate extrapolation of the datasets to identify 
study specific features and create a ranking of data quality and information 
content, (ii) model development starting from the highest ranked dataset and 
(iii) study by study integration of more data giving priority of higher ranked 
dataset and with iterative re-evaluation, specifically of stochastic and covari-
ate effects. Study specific covariates with expected strong effects are sug-
gested to be added with a tentative relationship early in the process to har-
monize the data. 

Nevirapine population PK model (Paper IX) 
The suggested approach worked well for the pooled analysis of heterogene-
ous nevirapine PK data. The final model was a one-compartment model with 
first-order elimination and an absorption model with two transit compart-
ments and the same rate constant for each transit. Allometric scaling of 
clearance with fat-free mass was found to fit the data better than scaling with 
total body weight or body mass index. For volume of distribution total body 
weight was the better size descriptor. Clearance was described by a two-
population mixture in which each patient was assign to either the high- or the 
low clearance population. The most likely explanation to the bi-modal distri-
bution of clearance is genetic polymorphism. There are previous reports of 
mutations in the hepatic enzyme CYP2B6 (516G>T) associated with loss of 
metabolic function which affects nevirapine clearance.111,112 The proportion 
of patients belonging to the low clearance population was estimated to 17% 
which agrees well with the reported frequency of CYP2B6-516-TT homozy-
gotes (13-23%) in South Africa where the studies were conducted.113,114  

The effect of concomitant rifampicin-containing TB treatment was pa-
rameterized as a decrease in nevirapine bioavailability. This resulted in a 
significantly better data fit than assigning the effect to nevirapine clearance. 
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Figure 17. Schedule of work flow in the suggested approach for population model 
development using pooled data from multiple sources. 

 
Rifampicin induce CYP3A4 which is present both in the gut and the liver, 
hence it is expected to affect both bioavailability and clearance. The current 
analysis did not support both effects; additional data could potentially in-
crease the chance to characterize the effects separately. Concomitant admin-
istration of artemether/lumafantrine was not found to significantly impact 
nevirapine PK. The last detected significant covariate effect was the influ-
ence of food on rate of absorption. The mean transit time in the two absorp-
tion transit compartments was found to be almost five times longer when 
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nevirapine was administered together with food compared to in fasting state. 
In prior analysis of one of the studies it was concluded that nevirapine’s rate 
of absorption was influenced by the time of the day when it was adminis-
tered (morning or evening).115 In the pooled analysis studies with different 
schedules were included, covering both morning and evening doses with and 
without food. This made it possible to characterize effects on absorption in 
more detail and revealed that concomitant food intake was a more likely to 
have an impact than the time of day. This nicely illustrates the power of 
pooled analyses.  

The parameter estimates of the final nevirapine population PK model in-
cluding the covariate effects are listed in Table 10 together with the results 
from a stratified bootstrap showing the robustness of the estimates. The 
model was further tested in an external validation where it was applied with-
out re-estimation to a new dataset originating from a separate population. 
The model predictions generally described the new data well as demonstrat-
ed by the VPC in Figure 18; however the upper percentiles were somewhat 
overpredicted. 

 

Table 10. Final parameter estimates of the nevirapine pooled population PK model 
with uncertainty and compared to bootstrap results (n=200, stratified by study). 

Parameter Estimates 
(RSE%) 

Bootstrap  
(RSE%) 

CL/F pop.1 [L/h·(FFM/42)^¾] 3.12  (5.1) 3.16  (6.0) 

CL/F pop.2 [L/h· (FFM/42)^¾] 1.45  (14.7) 1.45  (15.8) 

Probability [%] to belong to pop.2 17.3  (45.3) 19.3   (48.1) 

V/F  [L· (BW/70)] 105  (4.9) 105  (5.4) 

MTT [h] fed 2.46  (7.5) 2.46  (7.1) 

MTT [h] fasted 0.596  (8.7) 0.599  (9.0) 

F [%] when TB-treatment 61.3  (8.7) 61.7  (8.7) 

Proportional error [%] 8.41  (5.4) 8.39  (4.8) 

IIV CL/F [CV%] 24.9  (13.9) 23.9  (16.0) 

IIV F when TB-treatment [CV%] 34.1  (27.0) 31.2  (33.2) 

IOV F [CV%] 26.9  (9.6) 26.5  (10.7) 

IOV MTT [CV%] 64.0  (9.1) 63.3  (9.1)   

Abbreviations: CL/F, apparent clearance; FFM, fat free mass in kg; pop, population in the 

mixture model; V/F, apparent volume of distributions; BW; body weight in kg; MTT, mean 

transit time; IIV, inter individual variability, IOV, inter occasion variability; CV, coefficient 

of variance. 
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Figure 18. Prediction- and variability-corrected visual predictive check of the exter-
nal validation dataset showing the 5th, 50th , and 95th percentiles of the observed 
nevirapine concentrations (dots) and the 95% confidence intervals (shaded areas) of 
the same percentiles from model-simulated data 

Rifabutin population PK model (Paper X) 
The pooled analysis of rifabutin aimed to describe the DDIs between rifabu-
tin and ARV protease inhibitors (PIs) with and without ritonavir boosting 
and to predict doses achieving rifabutin exposures within the recommended 
therapeutic range in HIV-coinfected TB patients concurrently receiving PIs. 
All of the 14 studies included both rifabutin and des-rifabutin concentrations 
which were fitted simultaneously starting from a previously developed mod-
el.78 The model development was initiated before the project described in the 
previous section and the process turned out to be tedious with long runtimes 
for parameter estimation and difficult in terms of describing all subgroups 
well simultaneously. It demonstrated the need for a structured and efficient 
development approach for pooled analyses which was part of the motivation 
for the nevirapine project (Paper IX). A model describing the rifabutin and 
des-rifabutin data adequately could finally be established through extensive 
covariate searches using linearized stepwise covariate model building and 
evaluation of large correlation structures through the newly developed line-
arization methodology (Paper VIII). With the linearization, evaluating the 
extension of a diagonal 12x12 matrix to a full variance-covariance matrix 
took 89 minutes on one core and showed that the extension was strongly 
significant. Estimation of the model on the nonlinear scale took about one 
week on ten cores. 

The final model included two compartments each for rifabutin and des-
rifabutin. Absorption was described by a transit chain with estimated number 
of compartments and a fraction of the dose (typically 8%, RSE 9.8%) con-

Time after dose [hours]

P
re

d
ic

tio
n
−

 a
n

d
va

ri
a

b
ili

ty
−

co
rr

e
ct

e
d

 c
o

n
ce

n
tr

a
tio

n
 [m

g
/L

]

5

10

15

20

0 6 12 18 24



 57

verted directly to des-rifabutin during first-pass metabolism. Rifabutin clear-
ance was divided in two pathways; one of these was formation of des-
rifabutin by arylacetamide deacetylase. The stochastic model included a full 
variance-covariance block of 12 IIV parameters and also IOV in bioavaila-
bility. Allometric scaling with body weight and standard coefficients (0.75 
for clearances and 1 for volumes) was included on all disposition parame-
ters. The effects of PIs with or without ritonavir-boosting were evaluated on 
all structural parameters and were allowed to differ between healthy volun-
teers and TB/HIV coinfected patients. Twenty-nine significant effects were 
detected affecting almost all of the models structural parameters. The typical 
values for healthy volunteers and TB/HIV patients, respectively, under PI 
administration with and without ritonavir boosting are listed in Table 11. 
The fit of the final model to the data is shown by the VPC in Figure 19. The 
 
Table 11. Pharmacokinetic parameter estimates for rifabutin and des-rifabutin in the 
final model with and without PI drug-drug interaction. Parameter values listed are 
applicable for a 70 kg individual. 

Parameter* Rifabutin alone Rifabutin with 
nonboosted PI

Rifabutin with 
RTV-boosted PI 

 HVT TB/HIV HVT TB/HIV HVT TB/HIV 

Rifabutin       

CL/F [L/h] 58.80 58.80 13.88 0.00 12.00 0.00 

CLe/F [L/h] 5.76 5.76 8.65 18.68 8.65 18.68 

V/F [L] 6.55 4.59 46.30 32.44 46.30 32.44 

ka [h-1] 0.25 0.23 0.28 0.26 0.14 0.13 

MTT [h] 2.16 2.16 2.16 2.16 1.49 1.49 

NN 7.15 7.15 7.15 7.15 7.15 7.15 

F 0.97 0.97 1.03 0.60 1.38 0.80 

VP/F [L] 1580 1580 1580 571.9 1580 1396 

Q/F [L/h] 62.61 90.08 33.24 47.82 33.24 47.82 

des-Rifabutin       

CLm/F [L/h] 122.00 122.00 79.06 79.06 8.78 28.81 

Vm/F [L] 37.30 37.30 91.01 126.78 31.58 62.56 

Qm/F [L/h] 71.80 71.80 25.06 74.17 25.06 74.17 

VPm/F [L] 1220 1220 1220 1220 1220 1220 

ffp 0.09  0.09 0.05 0.10 0.05 0.10 
Abbreviations: CL, clearance of rifabutin other routes than to des-rifabutin; CLe, formation of 
des-rifabutin; CLm, clearance of des-rifabutin; F, relative bioavailability; ffp, fraction first pass 
metabolism; HVT, healthy volunteer; KA, absorption rate constant; MTT, mean transit time; 
NN, number of transit compartments; Q, inter-compartmental clearance for rifabutin; Qm, 
inter-compartmental clearance for des-rifabutin; PI, Protease Inhibitor; RTV, ritonavir; 
TB/HIV, patient with TB/HIV coinfection; V, central volume of distribution; VP, peripheral 
volume of distribution; Vm, central volume of distribution des-rifabutin; VPm, peripheral 
volume of distribution  
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Figure 19. Prediction- and variability-corrected visual predictive check for rifabutin 
and des-rifabutin for the final model stratified on data for healthy volunteers (HVT) 
and patients (TB/HIV). The three groups with (rifabutin alone, with nonboosted PIs 
or ritonavir-boosted PIs) were here included in the same panel and observations are 
represented as dots. The lines represent the 5th, 50th and 95th percentile of the obser-
vations and the shaded areas are the 90% confidence interval for the same percentile 
based on simulated data. 

 
median rifabutin and des-rifabutin was well captured for both healthy volun-
teers and TB/HIV patients. The variability was well described in the TB/HIV 
patients but overpredicted in healthy volunteers. However it is the patient 
group that is of interest for the aim of the analysis, therefor the misfit of var-
iability for the healthy volunteers was deemed acceptable.  

In TB/HIV patients, coadministration of PIs with or without ritonavir-
boosting was found to fully block the rifabutin clearance path(s) not leading 
to des-rifabutin formation. Several other parameters were also drastically 
altered and the impact of the effects was evaluated with simulations to show 
change in average and peak rifabutin concentrations at steady state. The av-
erage exposures to rifabutin in TB/HIV patients was increased to 210% of 
normal during coadministration of nonboosted PIs and to 280% with ri-
tonavir-boosted PIs, and the maximal concentrations were expected to be 
higher than the suggested limit for toxicity. Alternative dosing regimens able 
to compensate the PI’s effects were evaluated in simulations using the same 
metrics. The results for TB-HIV coinfected patients are listed in Table 12 
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and should be considered together with the previously reported target for 
rifabutin Cavg,ss of >0.19 mg/mL (AUC0-24h,ss > 4.5 mg*h/mL).86 Given to-
gether with nonboosted or ritonavir-boosted PIs, 150 mg rifabutin once daily 
resulted in similar or higher exposure compared with the standard rifabutin 
dose of 300 mg once daily without concomitant PIs. The adjusted regimen is 
expected to achieve peak concentrations within an acceptable therapeutic 
range. Dosing every second or third day could generate exposures closer to 
the targets, but intermittent dosing of rifamycins is not supported by current 
guidelines. Lower doses were not investigated since rifabutin is solely for-
mulated as 150 mg capsules that should not be divided. 
 

Table 12. Expected average steady state concentrations of rifabutin, with and with-
out the use of protease inhibitors, in TB/HIV coinfected patients for various dosing 
regimens. 

Dosing regimen 
 
 

Rifabutin alone 
 
Cavg,ss [mg/mL] 

Rifabutin with 
nonboosted PI 
Cavg,ss [mg/mL] 

Rifabutin with 
RTV-boosted PI 
Cavg,ss [mg/mL] 

300 mg QD 0.17 0.36 0.48 

150 mg QD 0.08 0.18 0.24 

150 mg Q2D 0.04 0.09 0.12 

300 mg Q3D 0.06 0.12 0.16 

Alt. 150/300 mg Q2D 0.06 0.13 0.18 

Abbreviations: Alt, alternating; Cavg,ss, average steady state concentration; QD, once daily; 

Q2D, every second day; Q3D, every third day; RTV, ritonavir 

Target: Cavg,ss >0.19 mg/mL 
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Conclusions and perspectives 

TB remains an enormous public health problem and recently surpassed HIV 
as the world’s most deadly infectious disease.6 Although the overall trends in 
incidence and mortality show a reassuring decrease over the last decade, the 
comorbidity between TB and HIV and especially the rise of drug-resistant 
TB strains pose great challenges to TB treatment programs and threaten to 
reverse the recent progress. The treatment for MDR-TB is long, commonly 
results in grueling side effects and leads only in about half of all treated pa-
tients to a successful outcome. The majority of the studies presented in this 
thesis focuses on bedaquiline. This is the first anti-TB drug with a novel 
mechanism of action to reach patients in more than 40 years and was only 
recently conditionally approved by FDA and EMA for treatment of MDR-
TB. In the first section of this thesis (Paper I and II) a thorough dose-
exposure-response analysis using data from two Phase IIb trials was present-
ed. Observed concentrations of bedaquiline and the metabolite M2 were 
modeled simultaneously together with observations of body weight and al-
bumin concentrations. Weight and albumin generally increased over time 
after start of anti-TB treatment and were found to significantly impact the 
disposition of bedaquiline and M2. When including these time-varying co-
variates the PK model was able to capture the gradual accumulation of be-
daquiline and the lingering tail long after end of treatment with a three-
compartment structure; in contrast to the four-compartment model found 
necessary in a previous analysis not accounting for the gradual shift in pa-
tient’s characteristics as their health status changes.103  

In an external validation the developed model where its final parameter 
estimates was applied to a new dataset obtained in a similar population and 
was found to describe bedaquiline and M2 concentration-time profiles well 
(Paper VI). In addition to forming the basis for the exposure-response analy-
sis, the model has been employed in clinical trial simulations supporting the 
protocol development for an upcoming pediatric trial of bedaquiline. A pre-
viously described maturation function for CYP3A4 was then added to the 
model to handle the immaturity of liver enzymes among the youngest chil-
dren.116 Repeated simulations and re-estimations were performed in order to 
confirm that the suggested sampling schedule and number of patients would 
be sufficient to fulfill the precision criteria for pediatric trials formulated by 
the FDA.117 
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Making full use of the quantitative information in measurements of TTP 
in MGIT proved valuable for the characterization of an exposure-response 
relationship between bedaquiline and clearance of mycobacteria (Paper II). 
Previous analyses of the same dataset in which the information was reduced 
to a dichotomous outcome (negative/positive) were unable to find a link 
between the level of exposure and the response.41,45 The current analysis 
demonstrated the power of nonlinear mixed-effects modeling utilizing more 
of the information contained in the recorded data. Bedaquiline exposure 
during the initial part of the treatment, quantified by AUC0-24h,day14, was asso-
ciated with  the half-life of a patient’s mycobacterial load after start of treat-
ment through an inhibitory Emax-function. The estimated EC50 was higher 
than the median exposure observed in the study (52.5 µg*h/mL (CI95% 36.8-
82.0) vs 34.8 µg*h/mL), indicating that the typical exposure at the standard 
dose is far from yielding the maximal possible effect of bedaquiline. The 
impact of bedaquiline exposure levels was demonstrated using simulations 
including parameter uncertainty: a high bedaquiline exposure (twice the 
population median) was predicted to lead to five weeks shorter time to spu-
tum conversion and 11-16% lower proportion of patients without sputum 
culture conversion at week 20, compared to patients with low bedaquiline 
exposure (half the population median).  

The model and the established exposure-response relationship can inform 
future optimization of bedaquiline dosing. It could be worthwhile to investi-
gate dosing schedules for the continuation phase without the impractical 
three times per week administration which is current clinical practice, but to 
obtain quantitative outcomes for response from such simulations the inclu-
sion of a dynamic PK metric would be necessary. Another potentially useful 
application of the developed PK-PD model could be to link the mycobacteri-
al response described (up to week 20) to the final outcome by the end of the 
follow up period at month 30. Lastly, the safety component would certainly 
need to be considered when investigating increased bedaquiline doses. Since 
the main safety concern linked to bedaquiline is QT-prolongation and elec-
trocardiogram measurements were performed repeatedly in the analyzed 
study, it would be ideal to develop a population PK-QT model and use that 
together with the PK-mycobacterial response model in simulations of opti-
mized regimens. 

For the world’s 1.2 million TB-patients who are coinfected with HIV,6 
safe and efficacious concomitant treatment of the two diseases are highly 
important. Drug-drug interactions are a common issue when combining 
combination therapies and can lead to insufficient treatment effect or exces-
sive toxicity; hence reliable predictions of interaction effects are essential. 
This thesis presents model-based predictions for the PK interactions between 
bedaquiline and five anti-TB or ARV drugs (Paper III-V) and demonstrates 
the necessity of using a model-based approach instead of NCA when making 
predictions for a drug with long half-life from a standard design drug-drug 
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interaction study (Paper VII). The benefits of the model-based approach in 
analysis of single-dose Phase I drug-drug interaction trials include: 

 
 Avoiding the biased NCA predictions generated when the large majority 

of the full time-concentration profile cannot be captured, generally lead-
ing to an underprediction of the impact of the interaction effect 

 Accurately accounting for carry-over effects between doses 
 Enabling mechanistic interpretations and hypothesis testing 
 Making use of metabolite data to increase the precision in estimates of 

the interaction effect 
 Providing the possibility to perform simulations to investigate dose-

adjustments mitigating interaction effects 
 
The model-based interaction predictions based on the single-dose healthy 
volunteer data for nevirapine and ritonavir-boosted lopinavir were shown to 
agree very well with the interaction effects observed in a later performed 
study in MDR-TB and HIV coinfected patients on long-term treatment with 
bedaquiline-containing anti-TB therapy and ARV drugs (Paper VI). This 
supports the hypothesis that the magnitude of PK drug-drug interactions can 
be well characterized in Phase I studies, even in cases when there are appar-
ent differences in the victim drug’s PK properties between healthy volun-
teers and patients. 

The magnitude of the interactions between bedaquiline and efavirenz, ri-
tonavir-boosted lopinavir and the rifamycins interpreted in the context of the 
described relationship between bedaquiline exposure and mycobacterial 
response suggest that these interactions may be of clinical importance. The 
increased bedaquiline exposures during concomitant administration with 
boosted lopinavir may be beneficial, as long as the safety is not compro-
mised. While the impact of the rifamycins’ interaction effects on bedaquiline 
is likely to be too strong to overcome, dose adjustment of bedaquiline to 
enable concomitant administration with efavirenz without decreased bedaq-
uiline exposure should be possible. Efavirenz remains one of the most im-
portant ARV drugs globally, it is inexpensive and widely available; hence it 
would be highly valuable if bedaquiline and efavirenz could be safely com-
bined. Since early exposure was shown to influence the rate of bacterial re-
sponse, bedaquiline dose adjustments both in loading and continuation phase 
would probably be needed if coadministrated with efavirenz and alternatives 
for the latter were evaluated with simulations. In the 2014 EMA public as-
sessment report for bedaquiline the manufacturer was recommended to con-
sider the dose adjustments suggested in Paper III and encouraged to design a 
drug-drug interaction study to further investigate appropriate dose-
adjustments for bedaquiline and efavirenz coadministration.118 

Meta-analysis is generally regarded as the highest level of evidence in 
medical sciences,119 and joint analysis of individual patient data from multi-



 64 

ple studies is an important step in that direction. Research questions that 
cannot be address by separate individual studies, for instance due to the de-
sign or to lack of statistical power, can potentially be answered by combin-
ing existing datasets. E.g. in the nevirapine PK example (Paper XI) it was 
possible to distinguish a diurnal effect from an effect of food and in the 
rifabutin PK model (Paper X) estimation of separate rifabutin clearance 
paths, which would be unidentifiable in a single subject, was supported by 
the changing conditions in the different studies and the inter-individual vari-
ability. The population PK model was utilized to generate a comprehensive 
set of dosing recommendations for rifabutin in combination with ARV PIs 
with and without ritonavir-boosting. The general applicability of the recom-
mendations is strengthened by the diversity among the participating subjects 
and the conditions in the 14 different studies included in the analysis.  

The first-line anti-TB drugs are all old; hence a lot of scattered infor-
mation has been generated. Still, a solid evidence-base for the used doses is 
generally lacking, e.g. the current dose for rifampicin is partly motivated by 
the high production costs at the time of its introduction in the early 1970’s.120 
Pooled population analyses of existing PK and PD data are a (cost-) efficient 
tool in the process of assuring that the used dosing regimens are optimized. 
The complexity in model development with such highly heterogenic data 
calls for a structured development procedure as outlined in Paper IX to facil-
itate and accelerate the process. The fast and accurate diagnostic tool for 
extended stochastic model components provided by the linearized approxi-
mation described in Paper VIII is an additional aid, especially for evaluation 
of larger correlation structures, which otherwise commonly involves time-
consuming estimation steps. 

To conclude, the work presented in this thesis demonstrates the usefulness 
of quantitative, model-based approaches to improve treatment of TB. The 
primary focus has been the founding question of clinical pharmacology: 
what is the best dose for a particular patient in this situation? The presented 
work has contributed substantially to the evidence needed to answer this 
question for bedaquiline in a wide variety of clinical contexts. Pharmacomet-
rics is a valuable tool in TB drug development and optimization of new and 
old treatment regimens. 
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Populärvetenskaplig sammanfattning 

Det totala antalet nya fall minskar stadigt sedan ett decennium tillbaka men 
tuberkulos är ändå den infektionssjukdom som skördar flest människoliv i 
världen just nu, uppskattningsvis en och en halv miljon under 2014. Den 
vanligaste formen av tuberkulos drabbar lungorna och kan oftast botas fram-
gångsrikt med en kombination av fyra olika antibiotika så länge den sjuke 
får rätt diagnos och tillgång till en hel kur av den sex månader långa läkeme-
delsbehandlingen. Betydligt svårare är det för patienter som också är infekte-
rade med HIV och måste behandlas för båda sjukdomarna samtidigt. Risken 
är då stor att de många medicinerna som ges tillsammans påverkar varandra 
och gör att behandlingen blir mindre effektiv eller orsakar mer biverkningar. 
Än värre är det för patienter som blivit infekterade av den sorts tuberkulos-
bakterier som är resistenta mot de vanligaste och mest effektiva läkemedlen, 
så kallad multiresistent tuberkulos. De multiresistenta tuberkulosbakterie-
stammarna blir allt vanligare och orsakade ungefär en halv miljon sjukdoms-
fall 2014, framförallt i Centralasien och Östeuropa. Standardbehandlingen av 
multiresistent tuberkulos orsakar många och obehagliga biverkningar, t.ex. 
är det vanligt att patienter förlorar hörseln. Dessutom botas bara hälften av 
de som behandlas. Behovet av nya, bättre mediciner är alltså akut. 

Bedakilin har nyligen fått ett villkorat godkännande av läkemedelsmyn-
digheterna i USA och Europa och är den första medicinen mot tuberkulos 
med en ny verkningsmekanism på mer än 40 år. En utmärkande egenskap för 
bedakilin är att läkemedlet stannar kvar i kroppen väldigt länge, vilket kan 
vara både bra och dåligt. Kliniska studier har visat att när bedakilin adderas 
till standardbehandlingen av multiresistent tuberkulos förkortas medeltiden 
tills dess att inga bakterier längre kan upptäckas i sputumprover och andel 
patienter som blivit friska och inte fått återfall vid uppföljningen två och ett 
halvt år efter behandlingsstart ökar. De första analyserna av studieresultaten 
har dock inte lyckats urskilja sambandet mellan läkemedelskoncentration 
och behandlingseffekt.  

Effekten av ett läkemedel drivs av den fria koncentrationen på den plats i 
kroppen där medlet verkar. Hur ett läkemedel tas upp, fördels och renas ut 
från kroppen är alltså viktigt och brukar kallas läkemedlets farmakokinetik. 
De mätbara effekter som ett läkemedel ger, önskade eller oönskade, kan 
kallas farmakodynamik. I farmakometri kombineras de båda med matema-
tiska modeller som samtidigt kan representera både den typiska farmakoki-
netiken och/eller faramkodynamiken och variationen i dessa, t.ex. mellan 
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individer eller från dag till dag. Målet med denna avhandling var att främja 
förbättring av tuberkulsobehandling genom utveckling av farmakometriska 
modeller med särskilt fokus på bedakilin, läkemedelsinteraktioner och meto-
der för analys av data från många källor. 

I artikel I presenteras en modell som beskriver farmakokinetiken av 
bedakilin och en av de viktigaste nedbrytningsprodukterna som kroppen 
skapar från bedakilin, metaboliten M2, i patienter med multiresistent tuber-
kulos. Modellen kopplades sedan till en nyutvecklad effektmodell som be-
skriver hur patienternas bakterienivåer minskar under behandlingen, vilket 
presenteras i artikel II. Denna modellbaserade analys är den första lyckade 
beskrivningen av hur specifika bedakilinkoncentrationer påverkar hur fort 
behandlingen ger resultat och visar att nuvarande standarddos inte ger max-
imal effekt. 

Artikel III-V beskiver modellering av data från studier i friska frivilliga 
individer där enstaka doser bedakilin testades tillsammans med olika HIV-
mediciner och andra tuberkulosläkemedel. I flera fall visade analyserna att 
hastigheten med vilken bedakilin renas ut från kroppen ändrades påtagligt i 
kombination med det andra läkemedlet vilket kan leda till för höga eller för 
låga koncentrationsnivåer. Modellen användes då för att med simuleringar 
testa och föreslå alternativa doseringar av bedakilin som bör ge normala 
nivåer när det ges tillsammans med interagerande läkemedel. I artikel VI 
testades bedakilins interaktion med två av de HIV-mediciner som tidigare 
undersökts i friska frivilliga igen, denna gång i patienter med multiresistent 
tuberkulos som tar bedakilin under lång tid. Det visade sig att storleken på 
förändringen orsakad av HIV-medicinerna som förutspåtts av modellen ba-
serad på data i friska frivilliga stämde väl överens med den förändringen i 
bedakilinkoncentration som kunde observeras i patienterna. Det sista pro-
jektet om läkemedelsinteraktioner presenteras i artikel VII och beskriver en 
jämförelse mellan två typer av statistiska metoder för analys av data från 
typiska interaktionsstudier i friska frivilliga: den modellbaserade metoden 
som använts i artikel III-VI och en traditionell metod som bygger på interpo-
lering mellan observerade datapunkter. Resultaten demonstrerade att för 
läkemedel som stannar i kroppen en mycket lång tid, som t.ex. bedakilin, ger 
den traditionella metoden missvisande resultat eftersom den generellt un-
derskattar effekten av en interaktion med andra läkemedel. 

Avhandlingens sista del handlar om hur information från många olika käl-
lor på ett effektivt sätt kan kombineras för att besvara nya frågor, som de 
ingående studierna var för sig inte kan bemöta. Detta kan vara speciellt an-
vändbart för forskning om tuberkulosläkemedel eftersom alla de vanligaste 
medicinerna är gamla och många studier har gjorts, men ändå saknas det ofta 
bevis för att nuvarande dosering är den bästa. En ny metod för snabb utvär-
dering av modellkomponenter som beskriver variation (extra viktigt när data 
kommer från många håll) utvecklades och presenteras i artikel VIII. Ett 
strukturerat tillvägagångssätt för modellbaserad analys av kombinerade data-
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set beskrevs och testades i artikel IX. I den sista artikeln, artikel X, genom-
fördes en kombinerad farmakokinetisk analys av tuberkulosläkemedlet rifa-
butin med målet att ta fram rekommendationer för hur rifabutin bäst kan 
kombineras med en viss typ av HIV-läkemedel, så kallade proteashämmare. 

Forskningen som presenteras i denna avhandling visar nyttan av faram-
kometriska metoder i arbetet med att förbättra behandling av den livshotande 
sjukdomen tuberkulos. Arbetet bidrar med viktigt kunskap om hur nya och 
gamla tuberkulosläkemedel ska doseras för att få bäst effekt och bota så 
många patienter som möjligt. 

 
 

  



 

  



 69

Acknowledgments 

The research presented in this thesis was conducted at the Department of 
Pharmaceutical Bioscience at Uppsala University. The work was funded 
through the Swedish Research Council (grant number 521-2011-3442) and 
the Innovative Medicines Initiative Joint Undertaking (grant agreements 
number 115337 and 115156) for the PreDiCT-TB consortium and the 
DDMoRe initiative, resources of which are composed of financial contribu-
tions from the European Union's Seventh Framework Programme 
(FP7/2007-2013) and EFPIA companies’ in kind contribution. Generous 
travel grants from Anna-Maria Lundin’s Fund at Smålands Nation and 
Apotekarsociteten made it possible for me to attend interesting courses and 
present results at several worthwhile international conferences. 
 
First I want to thank the patients and volunteers all around the world who 
participated in the clinical trials that form the basis of this research, without 
their contribution we would get nowhere even with the fanciest models.  
 
There is a long, long line of inspiring, knowledgeable and special people that 
have contributed to this research directly or indirectly and made it possible 
for me to write this thesis and enjoy (almost) every day while doing so. 
Thank you ever so much, especially to: 
 
Mats, my main supervisor and mentor, for your never-ending curiosity, pro-
found expertise and genuine caring and sharing approach to research. Our 
project discussions often made the Tuesday morning meetings the highlight 
of my week. I have learned so much from you and I am so happy for the 
unwavering support, freedom and responsibilities you have granted me.  
 
My deputy supervisors Mia, for your assistance and advice on all the small 
things (especially when I was just starting) and for knowing so well what a 
chemical engineer getting into pharmacology knows and does not know, and 
Ulrika, for all your enthusiastic encouragement and for showing me how 
consortium research collaborations work. 
 
Paolo, you set me off on this journey. I couldn’t have wished for a better 
start than that 37 kilometer hike across Table Mountain and you as my 
NONMEM teacher! Also thanks to Jan-Stefan, Helen and everyone in the 



 70 

Division of Clinical Pharmacology at University of Cape Town for sup-
porting and welcoming me.  
 
Kelly, you got me started on the drug-drug interaction work which ended up 
being half of my thesis. Thank you for sharing your vast knowledge on TB 
pharmacology and for creating opportunities and bringing me along. 
Anneke, I am very glad you chose to brave the Swedish winter to spend time 
with us in Uppsala; it is a true privilege to work with you! Thank you for 
sharing your enormous expertise in pediatric TB and clinical trial design and 
for your cheerful energy and focus on the patients we are working for. Tony, 
thank you for efficient and pleasant collaboration in protocol writing and for 
helping me count pills. All three of you are great inspirations! 
 
My current and former contact persons at Janssen Pharmaceuticals and 
Tibotec: Stefaan, Holly, Italo and Peter and the clinical team around be-
daquiline for sharing knowledge and data and engaging in the scientific dis-
cussions following some of the results presented in this thesis. 
 
My coworkers in the rifabutin analysis, the longest running and most frus-
trating project for me so far: Stefanie, I am so impressed that you pulled it 
through! Ronald, you did most of the heavy lifting in the ‘almost last’ part, 
thanks for our nice discussions and for keeping so good track of everything 
making it doable for me to take over. 
 
All my colleagues in the PreDiCT-TB consortium, especially the groups at 
University of Liverpool, University of St Andrews and Erasmus MC, 
Rotterdam.  
 
The nurturing and motivating environment of the PM-tPKPD division has 
provided excellent working conditions and a safe home-base during my 
years as a PhD-student. Thanks to all of you who are part of creating this, 
particularly to: 
 
My closest colleagues in the UU PM-TB group: Oskar C, Chunli, Robin 
and Sebastian. I am so glad for having had the chance to follow your work 
these past years and for your feedback and contributions to my projects. 
Everything is more fun together, especially traveling to consortium meet-
ings… Robin, looking forward to future Svensson-Svensson collaborations! 
 
My master students Martin, Jacob and Gunnar and summer worker Björn, 
for your hard work and for allowing me to practice my supervision skills, I 
hope you learned anywhere near as much as I did! Gunnar, my pride and joy, 
now when I am done with this book I promise to get my things together so 
that we finally can finish that project. 



 71

Lena, Margareta and Andy for your leadership, Siv for your happy spirit 
and care, Elisabet, Joakim, Martin, Kristin, Irena, Elodie and Sebastian 
for being such inspirational role models. 
 
To all the past and present postdocs of the PM group for your diverse contri-
butions and great social spirit. Especially thanks to Akash for help in the 
linearization project, Ron for perl programming support, Pirana and our fun 
and rewarding discussions on everything from science policy to gender 
equality, Miriam and Vijay for adventures and great parties, Waqas for 
showing that anything is possible, Yasunori for bringing new perspectives, 
Tina and Anna for your nice company and Margreke for jumping straight 
to work and getting our last project together with such a tight time-schedule. 
 
I have also had the most amazing fellow PhD students: Åsa, I’m so im-
pressed with your innovative and thorough work to improve the statistics 
course; it really made a huge difference for the students! Camille, I still re-
member how you took me aside after my first ever (very confused) PM-
meeting to explain what had been discussed. Thank you both for your friend-
ship and for leading the way! Anne-Gaëlle, you are as helpful as you are 
brilliant, thank you so much for all SIR assistance. Steve, my long-term 
roommate, it’s been a pleasure to work close to you and I am so happy for 
your help and advice with the thesis production process. I will miss you on 
the day of my defense, and certainly not only because of your outstanding 
photography skills! Anders, we may not always agree, but I have enjoyed 
and learned a lot from our discussions, it is a privilege to have you around 
the lunch table! David, Salim, Oskar A, Emilie and Ana, having you as 
fika and travel companions have really brightened my time. Ari and Eric, 
it’s been great to teach together with you. Jesmin, your questions kept me on 
my toes, I enjoyed our discussions. Benjamin, you are an asset to the group! 
Henrik and Erik, I hope for many more late night discussions to sort the 
troubles of the world over a beer or five. Annika and Sofia, you brought the 
much-needed laughs and coffee breaks when I tended to work too much, 
thank you! 
 
Kajsa and Rikard, your readiness to help with anything from PsN and com-
putational issues to presentation technique has been immensely valuable for 
me as it is for the whole group, we are very fortunate to have you! 
 
Jörgen, without you I am afraid the teaching would have been mainly a bur-
den; instead it has been a rewarding and fun task! Thanks for standing up for 
the value of pedagogy and good quality courses and for making time to sup-
port us PhD students in our role as tutors. Also thanks to all the pharma-
cotherapy teachers for the amazing work you are doing. 
 



 72 

Sist men inte mist i Farmbio-listan, tack Marina för att du har koll på 
ALLT, Karin och Ulrica för all hjälp med kursadministrering etc. och 
Magnus, Jerker och Tobias för pålitlig IT support. 
 
Tack till gänget från Kemiteknik-05 för fantastiska studieår kring Polacks-
backen och för fortsatt trevligt umgänge. Särskilt till bästa Jill, jag är så otro-
ligt glad och tacksam över att ha funnit en vän som dig! Och till  
Markus, för din omtanke och allt roligt vi delat. 
 
Jenny, min allra äldsta vän, det är väldigt skönt att ha vissa konstanter i den 
föränderliga tillvaron, du är en av de viktigaste för mig. 
 
Till alla aktiva i nätverket Ingen Människa är Illegal, särskilt vår modiga 
och uthålliga Salam och min gamla vapendragare Sara, ni gör ett fantastiskt 
jobb och påminner mig om vad som verkligen betyder något. Låt oss fort-
sätta kämpa för en värld utan gränser där alla liv räknas! 
 
Systrarna i min feministiska bokcirkel, för att ni sett till att jag stuckit nä-
san utanför naturvetenskapen, lärt mig uttala Foucault och slipat min littera-
turkritik och debattförmåga. 
 
Tack mamma Ingrid och pappa Ulf för att ni alltid varit så fantastiskt bra på 
att uppmuntra och stötta utan att pressa. Tack min store lillebror Albin för 
att du stått ut med en syster med outhärdligt duktighetssyndrom som dessu-
tom varit urusel på att besöka dig i den andra studentstaden. Du ska veta att 
jag är tokstolt över dig! Hoppas få se mycket mer av dig och Sara framöver. 
 
Thomas, you are the most extraordinary person I have ever met. Your assis-
tance with reviewing this thesis and your endless patience with my stupid 
typos has been invaluable; I cannot imagine a better support than you in 
working life, at home or anywhere else. I love you and I am very much look-
ing forward to continue discovering the world together and make the best out 
of our joint core and shared life! 



 73

References 

1.  Davies P, Gordon S, Davies G. Clinical Tuberculosis. 5th ed. CRC Press, Boca 
Raton, FL, USA; 2014. 

2.  Tiemersma EW, van der Werf MJ, Borgdorff MW, Williams BG, Nagelkerke 
NJD. Natural History of Tuberculosis: Duration and Fatality of Untreated Pul-
monary Tuberculosis in HIV Negative Patients: A Systematic Review. PLoS 
ONE. 2011;6(4):e17601. 

3.  Lönnroth K, Castro KG, Chakaya JM, et al. Tuberculosis control and elimina-
tion 2010-50: cure, care, and social development. Lancet. 2010;375(9728): 
1814–29. 

4.  Vassall A, van Kampen S, Sohn H, et al. Rapid Diagnosis of Tuberculosis with 
the Xpert MTB/RIF Assay in High Burden Countries: A Cost-Effectiveness 
Analysis. PLoS Med. 2011;8(11):e1001120. 

5.  Andersen P, Doherty TM. The success and failure of BCG — implications for 
a novel tuberculosis vaccine. Nat Rev Microbiol. 2005;3(8):656–62. 

6.  World Health Organization. Global Tuberculosis Report 2015. 
7.  World Health Organization. The global plan to stop TB, 2011-2015. 
8.  Mitchison D, Davies G. The chemotherapy of tuberculosis: past, present and 

future. Int J Tuberc Lung Dis Off J Int Union Tuberc Lung Dis. 2012;16(6): 
724–32. 

9.  Getahun H, Gunneberg C, Granich R, Nunn P. HIV Infection—Associated 
Tuberculosis: The Epidemiology and the Response. Clin Infect Dis. 2010;50 
(Supplement 3):S201–7. 

10.  Kwan CK, Ernst JD. HIV and tuberculosis: a deadly human syndemic. Clin 
Microbiol Rev. 2011;24(2):351–76. 

11.  Abdool Karim SS, Naidoo K, Grobler A, et al. Timing of Initiation of An-
tiretroviral Drugs during Tuberculosis Therapy. N Engl J Med. 2010;362 
(8):697–706. 

12.  Abay SM, Deribe K, Reda AA, et al. The Effect of Early Initiation of An-
tiretroviral Therapy in TB/HIV-Coinfected Patients: A Systematic Review and 
Meta-Analysis. J Int Assoc Provid AIDS Care. 2015;14(6):560–70. 

13.  World Health Organization. Treatment of tuberculosis, Guidelines, Fourth 
edition. 2009. 

14.  McIlleron H, Meintjes G, Burman WJ, Maartens G. Complications of an-
tiretroviral therapy in patients with tuberculosis: drug interactions, toxicity, and 
immune reconstitution inflammatory syndrome. J Infect Dis. 2007;196 Suppl 
1:S63–75. 

15.  Dooley KE, Kim PS, Williams SD, Hafner R. TB and HIV Therapeutics: 
Pharmacology Research Priorities. AIDS Res Treat. 2012;2012:874083. 

16.  Smittskyddsinstitutet. Epidemiologisk årsrapport 2012. 
17.  Mitchison DA. The Garrod Lecture. Understanding the chemotherapy of tuber-

culosis - current problems. J Antimicrob Chemother. 1992;29(5):477–93. 



 74 

18.  Iseman MD. A Clinician’s Guide to Tuberculosis. 1st ed. Lippincott Williams 
& Wilkins, Philadelphia, PA, USA; 2000. 

19.  Bakker-Woudenberg IAJM, van Vianen W, van Soolingen D, Verbrugh HA, 
van Agtmael MA. Antimycobacterial agents differ with respect to their bacte-
riostatic versus bactericidal activities in relation to time of exposure, mycobac-
terial growth phase, and their use in combination. Antimicrob Agents Chemoth-
er. 2005;49(6):2387–98. 

20.  Coates ARM, Hu Y. Targeting non-multiplying organisms as a way to develop 
novel antimicrobials. Trends Pharmacol Sci. 2008;29(3):143–50. 

21.  Hartmann G, Honikel KO, Knüsel F, Nüesch J. The specific inhibition of the 
DNA-directed RNA synthesis by rifamycin. Biochim Biophys Acta. 
1967;145(3):843–4. 

22.  Mitchison DA. Role of individual drugs in the chemotherapy of tuberculosis. 
Int J Tuberc Lung Dis Off J Int Union Tuberc Lung Dis. 2000;4(9):796–806. 

23.  Winder FG, Collins PB. Inhibition by Isoniazid of Synthesis of Mycolic Acids 
in Mycobacterium tuberculosis. Microbiology. 1970;63(1):41–8. 

24.  Zhang Y, Scorpio A, Nikaido H, Sun Z. Role of acid pH and deficient efflux of 
pyrazinoic acid in unique susceptibility of Mycobacterium tuberculosis to py-
razinamide. J Bacteriol. 1999;181(7):2044–9. 

25.  Hu Y, Coates AR, Mitchison DA. Sterilising action of pyrazinamide in models 
of dormant and rifampicin-tolerant Mycobacterium tuberculosis. Int J Tuberc 
Lung Dis Off J Int Union Tuberc Lung Dis. 2006;10(3):317–22. 

26.  Wolucka BA, McNeil MR, de Hoffmann E, Chojnacki T, Brennan PJ. Recog-
nition of the lipid intermediate for arabinogalactan/arabinomannan biosynthesis 
and its relation to the mode of action of ethambutol on mycobacteria. J Biol 
Chem. 1994;269(37):23328–35. 

27.  Dooley KE, Mitnick CD, Ann DeGroote M, et al. Old Drugs, New Purpose: 
Retooling Existing Drugs for Optimized Treatment of Resistant Tuberculosis. 
Clin Infect Dis Off Publ Infect Dis Soc Am. 2012;55(4):572–81. 

28.  Zumla A, Raviglione M, Hafner R, Fordham von Reyn C. Tuberculosis. N 
Engl J Med. 2013;368(8):745–55. 

29.  Gillespie SH, Crook AM, McHugh TD, et al. Four-month moxifloxacin-based 
regimens for drug-sensitive tuberculosis. N Engl J Med. 2014;371(17):1577–
87. 

30.  WHO. Guidelines for the programmatic management of drug-resistant tuber-
culosis – 2011 update. 

31.  Médecins Sans Frontiers. MSF Crisis Alert: The new face of an old disease: 
urgent action needed to tackle global drug-resistant TB threat. 2014. 

32.  Sagwa EL, Ruswa N, Mavhunga F, Rennie T, Leufkens HGM, Mantel-
Teeuwisse AK. Comparing amikacin and kanamycin-induced hearing loss in 
multidrug-resistant tuberculosis treatment under programmatic conditions in a 
Namibian retrospective cohort. BMC Pharmacol Toxicol. 2015;16(1):36. 

33.  Van Deun A, Maug AKJ, Salim MAH, et al. Short, highly effective, and inex-
pensive standardized treatment of multidrug-resistant tuberculosis. Am J Respir 
Crit Care Med. 2010;182(5):684–92. 

34.  Andries K, Verhasselt P, Guillemont J, et al. A Diarylquinoline Drug Active on 
the ATP Synthase of Mycobacterium tuberculosis. Science. 2005;307 
(5707):223–7. 

35.  Koul A, Dendouga N, Vergauwen K, et al. Diarylquinolines target subunit c of 
mycobacterial ATP synthase. Nat Chem Biol. 2007;3(6):323–4. 



 75

36.  Huitric E, Verhasselt P, Andries K, Hoffner SE. In Vitro Antimycobacterial 
Spectrum of a Diarylquinoline ATP Synthase Inhibitor. Antimicrob Agents 
Chemother. 2007;51(11):4202–4. 

37.  Zhang T, Li S-Y, Williams KN, Andries K, Nuermberger EL. Short-Course 
Chemotherapy with TMC207 and Rifapentine in a Murine Model of Latent 
Tuberculosis Infection. Am J Respir Crit Care Med. 2011;184(6):732–7. 

38.  Veziris N, Ibrahim M, Lounis N, Andries K, Jarlier V. Sterilizing Activity of 
Second-Line Regimens Containing TMC207 in a Murine Model of Tuberculo-
sis. PLoS ONE. 2011;6(3). 

39.  Shang S, Shanley CA, Caraway ML, et al. Activities of TMC207, Rifampin, 
and Pyrazinamide against Mycobacterium tuberculosis Infection in Guinea 
Pigs. Antimicrob Agents Chemother. 2011;55(1):124–31. 

40.  Rustomjee R, Diacon AH, Allen J, et al. Early Bactericidal Activity and Phar-
macokinetics of the Diarylquinoline TMC207 in Treatment of Pulmonary Tu-
berculosis. Antimicrob Agents Chemother. 2008;52(8):2831–5. 

41.  Diacon AH, Pym A, Grobusch MP, et al. Multidrug-resistant tuberculosis and 
culture conversion with bedaquiline. N Engl J Med. 2014;371(8):723–32. 

42.  Pym AS, Diacon AH, Tang S-J, et al. Bedaquiline in the treatment of multi-
drug- and extensively drug-resistant tuberculosis. Eur Respir J. 2016;47(2): 
564-74 

43.  Heeswijk RPG van, Dannemann B, Hoetelmans RMW. Bedaquiline: a review 
of human pharmacokinetics and drug–drug interactions. J Antimicrob 
Chemother. 2014;69(9):2310–8. 

44.  Mesens N, Verbeeck J, Rouan M. Elucidating the role of M2 in the preclinical 
safety profile of TMC207. 38th Union World Conference on Lung Health, PS-
71358–11, p. S167. Cape Town, South Africa; 2007. 

45.  FDA. Center for drug evaluation and research. Application number 
204384Orig1s000, Clinical Pharmacology and Biopharamceutics review(s). 

46.  Médecins Sans Frontiers. DR-TB Drugs Under the Microscope, 4th edition. 
2016. 

47.  Burman WJ, Gallicano K, Peloquin C. Therapeutic implications of drug inter-
actions in the treatment of human immunodeficiency virus-related tuberculosis. 
Clin Infect Dis Off Publ Infect Dis Soc Am. 1999;28(3):419–29. 

48.  Landrum Michalets E. Update: Clinically Significant Cytochrome P-450 Drug 
Interactions. Pharmacotherapy. 1998;18(1):84–112. 

49.  Kumar GN, Rodrigues AD, Buko AM, Denissen JF. Cytochrome P450-
mediated metabolism of the HIV-1 protease inhibitor ritonavir (ABT-538) in 
human liver microsomes. J Pharmacol Exp Ther. 1996;277(1):423–31. 

50.  Niemi M, Backman JT, Fromm MF, Neuvonen PJ, Kivistö KT. Pharmacoki-
netic interactions with rifampicin : clinical relevance. Clin Pharmacokinet. 
2003;42(9):819–50. 

51.  Laserson KF, Thorpe LE, Leimane V, et al. Speaking the same language: 
treatment outcome definitions for multidrug-resistant tuberculosis. Int J Tuberc 
Lung Dis Off J Int Union Tuberc Lung Dis. 2005;9(6):640–5. 

52.  Perrin FMR, Lipman MCI, McHugh TD, Gillespie SH. Biomarkers of treat-
ment response in clinical trials of novel antituberculosis agents. Lancet Infect 
Dis. 2007;7(7):481–90. 

53.  Wallis RS, Doherty TM, Onyebujoh P, et al. Biomarkers for tuberculosis dis-
ease activity, cure, and relapse. Lancet Infect Dis. 2009;9(3):162–72. 

54.  Wallis RS, Wang C, Meyer D, Thomas N. Month 2 culture status and treatment 
duration as predictors of tuberculosis relapse risk in a meta-regression model. 
PloS One. 2013;8(8):e71116. 



 76 

55.  Holtz TH, Sternberg M, Kammerer S, et al. Time to Sputum Culture Conver-
sion in Multidrug-Resistant Tuberculosis: Predictors and Relationship to 
Treatment Outcome. Ann Intern Med. 2006;144(9):650–9. 

56.  Diacon AH, Maritz JS, Venter A, Helden PD van, Dawson R, Donald PR. 
Time to liquid culture positivity can substitute for colony counting on agar 
plates in early bactericidal activity studies of antituberculosis agents. Clin Mi-
crobiol Infect. 2012;18(7):711–7. 

57.  Gillespie SH, Charalambous BM. A novel method for evaluating the antimi-
crobial activity of tuberculosis treatment regimens. Int J Tuberc Lung Dis Off J 
Int Union Tuberc Lung Dis. 2003;7(7):684–9. 

58.  Davies GR, Brindle R, Khoo SH, Aarons LJ. Use of Nonlinear Mixed-Effects 
Analysis for Improved Precision of Early Pharmacodynamic Measures in Tu-
berculosis Treatment. Antimicrob Agents Chemother. 2006;50(9):3154–6. 

59.  Sloan DJ, Mwandumba HC, Garton NJ, et al. Pharmacodynamic Modeling of 
Bacillary Elimination Rates and Detection of Bacterial Lipid Bodies in Sputum 
to Predict and Understand Outcomes in Treatment of Pulmonary Tuberculosis. 
Clin Infect Dis Off Publ Infect Dis Soc Am. 2015;61(1):1–8. 

60.  Chigutsa E, Patel K, Denti P, et al. A time-to-event pharmacodynamic model 
describing treatment response in patients with pulmonary tuberculosis using 
days to positivity in automated liquid mycobacterial culture. Antimicrob Agents 
Chemother. 2013;57(2):789–95. 

61.  Siddiqi SH, Rüsch-Gerdes S. MGIT Procedure Manual For BACTECTM MGIT 
960TM TB System. Foundation for Innovative New Diagnostics; 2006. 

62.  Ette E, Williams P. Pharmacometrics: The Science of Quantitative Pharma-
cology. John Wiley & Sons, Hoboken, NJ, USA; 2007. 

63.  Jonsson EN, Sheiner LB. More efficient clinical trials through use of scientific 
model-based statistical tests. Clin Pharmacol Ther. 2002;72(6):603–14. 

64.  Lee JY, Garnett CE, Gobburu JVS, et al. Impact of pharmacometric analyses 
on new drug approval and labelling decisions: a review of 198 submissions be-
tween 2000 and 2008. Clin Pharmacokinet. 2011;50(10):627–35. 

65.  Bauer RJ, Guzy S, Ng C. A survey of population analysis methods and soft-
ware for complex pharmacokinetic and pharmacodynamic models with exam-
ples. AAPS J. 2007;9(1):E60–83. 

66.  Diacon AH, Donald PR, Pym A, et al. Randomized Pilot Trial of Eight Weeks 
of Bedaquiline (TMC207) Treatment for Multidrug-Resistant Tuberculosis: 
Long-Term Outcome, Tolerability, and Effect on Emergence of Drug Re-
sistance. Antimicrob Agents Chemother. 2012;56(6):3271–6. 

67.  Dooley KE, Park J-G, Swindells S, et al. Safety, tolerability, and pharmacoki-
netic interactions of the antituberculous agent TMC207 (bedaquiline) with 
efavirenz in healthy volunteers: AIDS Clinical Trials Group Study A5267. J 
Acquir Immune Defic Syndr. 2012;59(5):455–62. 

68.  Winter H, Egizi E, Murray S, et al. Evaluation of the Pharmacokinetic Interac-
tion between Repeated Doses of Rifapentine or Rifampicin and a Single Dose 
of Bedaquiline in Healthy Adult Subjects. Antimicrob Agents Chemother. 
2014;59(2):1219–24. 

69.  Pandie M, Wiesner L, McIlleron H, et al. Drug-drug interactions between be-
daquiline and the antiretrovirals lopinavir/ritonavir and nevirapine in HIV-
infected patients with drug-resistant TB. J Antimicrob Chemother. 
2016;71(4):1037–40. 

  



 77

70.  Karlsson MO, Jonsson EN, Wiltse CG, Wade JR. Assumption testing in popu-
lation pharmacokinetic models: illustrated with an analysis of moxonidine data 
from congestive heart failure patients. J Pharmacokinet Biopharm. 
1998;26(2):207–46. 

71.  Wählby U, Thomson AH, Milligan PA, Karlsson MO. Models for time-varying 
covariates in population pharmacokinetic-pharmacodynamic analysis. Br J Clin 
Pharmacol. 2004;58(4):367–77. 

72.  Karlsson MO, Sheiner LB. The importance of modeling interoccasion variabil-
ity in population pharmacokinetic analyses. J Pharmacokinet Biopharm. 
1993;21(6):735–50. 

73.  Jönsson S, Davidse A, Wilkins J, et al. Population pharmacokinetics of etham-
butol in South African tuberculosis patients. Antimicrob Agents Chemother. 
2011;55(9):4230–7. 

74.  Cohen K, van Cutsem G, Boulle A, et al. Effect of rifampicin-based antituber-
cular therapy on nevirapine plasma concentrations in South African adults with 
HIV-associated tuberculosis. J Antimicrob Chemother. 2008;61(2):389–93. 

75.  Nachega JB, Chaisson RE, Goliath R, et al. Randomized controlled trial of 
trained patient-nominated treatment supporters providing partial directly ob-
served antiretroviral therapy. AIDS Lond Engl. 2010;24(9):1273–80. 

76.  Kredo T, Mauff K, Workman L, et al. The interaction between artemether-
lumefantrine and lopinavir/ritonavir-based antiretroviral therapy in HIV-1 in-
fected patients. BMC Infect Dis. 2016;16(1):30. 

77.  de Maat MMR, Huitema ADR, Mulder JW, Meenhorst PL, van Gorp ECM, 
Beijnen JH. Population pharmacokinetics of nevirapine in an unselected cohort 
of HIV-1-infected individuals. Br J Clin Pharmacol. 2002;54(4):378–85. 

78.  Hennig S, Karlsson MO. Rifabutin and Darunavir/RTV Drug-Drug Interaction 
Modelling and Simulation—Report for Sponsor: Tibotec Pharmaceuticals, 
Belgium. Uppsala University, Uppsala, Sweden: Department of Pharmaceutical 
Biosciences; 2009. 

79.  Bonora S, Boffito M, D’Avolio A. Pharmacokinetics of rifabutin coadminis-
tered with lopinavir/ritonavir in HIV patients affected by tuberculosis. Second 
IAS Conference on HIV Pathogenesis and Treatment, Abstr 863, Paris, France; 
2003. 

80.  Gallicano K, Khaliq Y, Carignan G, Tseng A, Walmsley S, Cameron DW. A 
pharmacokinetic study of intermittent rifabutin dosing with a combination of 
ritonavir and saquinavir in patients infected with human immunodeficiency vi-
rus. Clin Pharmacol Ther. 2001;70(2):149–58. 

81.  Boulanger C, Hollender E, Farrell K, et al. Pharmacokinetic evaluation of 
rifabutin in combination with lopinavir-ritonavir in patients with HIV infection 
and active tuberculosis. Clin Infect Dis Off Publ Infect Dis Soc Am. 2009;49(9): 
1305–11. 

82.  Hamzeh FM, Benson C, Gerber J, et al. Steady-state pharmacokinetic interac-
tion of modified-dose indinavir and rifabutin. Clin Pharmacol Ther. 
2003;73(3):159–69. 

83.  Benator DA, Weiner MH, Burman WJ, et al. Clinical evaluation of the 
nelfinavir-rifabutin interaction in patients with tuberculosis and human immu-
nodeficiency virus infection. Pharmacotherapy. 2007;27(6):793–800. 

84.  Weiner M, Benator D, Peloquin CA, et al. Evaluation of the drug interaction 
between rifabutin and efavirenz in patients with HIV infection and tuberculo-
sis. Clin Infect Dis Off Publ Infect Dis Soc Am. 2005;41(9):1343–9. 



 78 

85.  Burman W, Benator D, Vernon A, et al. Acquired rifamycin resistance with 
twice-weekly treatment of HIV-related tuberculosis. Am J Respir Crit Care 
Med. 2006;173(3):350–6. 

86.  Weiner M, Benator D, Burman W, et al. Association between acquired ri-
famycin resistance and the pharmacokinetics of rifabutin and isoniazid among 
patients with HIV and tuberculosis. Clin Infect Dis Off Publ Infect Dis Soc Am. 
2005;40(10):1481–91. 

87.  Hennig S, Naiker S, Reddy T, et al. Effect of SLCO1B1 Polymorphisms on 
Rifabutin Pharmacokinetics in African HIV-Infected Patients with Tuberculo-
sis. Antimicrob Agents Chemother. 2015;60(1):617–20. 

88.  Cato A, Cavanaugh J, Shi H, Hsu A, Leonard J, Granneman R. The effect of 
multiple doses of ritonavir on the pharmacokinetics of rifabutin. Clin Pharma-
col Ther. 1998;63(4):414–21. 

89.  Ng J, Nada A, Freeman S. Pharmacokinetics of rifabutin 150 mg TIW plus 
LPV/r 400/100 mg BID administered in healthy adult subjects. Tenth Interna-
tional Workshop on Clinical Pharmacology of HIV Therapy, Abstr O21, Am-
sterdam, The Netherlands; 2009. 

90.  Beal S, Sheiner LB, Boeckmann A, Bauer RJ. NONMEM User’s Guides. 
(1989-2013), Icon Development Solutions. Ellicott City, MD, USA; 2013. 

91.  Lindbom L, Pihlgren P, Jonsson EN, Jonsson N. PsN-Toolkit--a collection of 
computer intensive statistical methods for non-linear mixed effect modeling us-
ing NONMEM. Comput Methods Programs Biomed. 2005;79(3):241–57. 

92.  Team RC. R: A Language and Environment for Statistical Computing. Vienna, 
Austria: 2014. Available from: http://www.R-project.org. 

93.  Jonsson EN, Karlsson MO. Xpose--an S-PLUS based population pharmacoki-
netic/pharmacodynamic model building aid for NONMEM. Comput Methods 
Programs Biomed. 1999;58(1):51–64. 

94.  Anon. https://cran.r-project.org/web/packages/survival/survival.pdf. 
95.  Keizer RJ, Karlsson MO, Hooker A. Modeling and Simulation Workbench for 

NONMEM: Tutorial on Pirana, PsN, and Xpose. CPT Pharmacomet Syst 
Pharmacol. 2013;2(6):e50. 

96.  Krause A, Lowe PJ. Visualization and Communication of Pharmacometric 
Models With Berkeley Madonna. CPT Pharmacomet Syst Pharmacol. 
2014;3(5):e116. 

97.  Bergstrand M, Hooker AC, Wallin JE, Karlsson MO. Prediction-corrected 
visual predictive checks for diagnosing nonlinear mixed-effects models. AAPS 
J. 2011;13(2):143–51. 

98.  Yano Y, Beal SL, Sheiner LB. Evaluating pharmacokinetic/pharmacodynamic 
models using the posterior predictive check. J Pharmacokinet Pharmacodyn. 
2001;28(2):171–92. 

99.  Dosne A-G, Bergstrand M, Karlsson MO. Application of Sampling Importance 
Resampling to estimate parameter uncertainty distributions. PAGE 22, Abstr 
2907, Glasgow, Scotland; 2013. 

100.  Acharya C, Hooker AC, Türkyılmaz GY, Jönsson S, Karlsson MO. A diagnos-
tic tool for population models using non-compartmental analysis: The ncappc 
package for R. Comput Methods Programs Biomed. 2016;127:83–93. 

101.  Petersson KJF, Hanze E, Savic RM, Karlsson MO. Semiparametric distribu-
tions with estimated shape parameters. Pharm Res. 2009;26(9):2174–85. 

102.  Bisaso KR, Owen JS, Ojara FW, et al. Characterizing plasma albumin concen-
tration changes in TB/HIV patients on anti retroviral and anti –tuberculosis 
therapy. Silico Pharmacol. 2014;2(1). 



 79

103.  McLeay SC, Vis P, van Heeswijk RPG, Green B. Population pharmacokinetics 
of bedaquiline (TMC207), a novel antituberculosis drug. Antimicrob Agents 
Chemother. 2014;58(9):5315–24. 

104.  Beste DJV, Espasa M, Bonde B, Kierzek AM, Stewart GR, McFadden J. The 
genetic requirements for fast and slow growth in mycobacteria. PloS One. 
2009;4(4):e5349. 

105.  Gill WP, Harik NS, Whiddon MR, Liao RP, Mittler JE, Sherman DR. A repli-
cation clock for Mycobacterium tuberculosis. Nat Med. 2009;15(2):211–4. 

106.  Zhu M, Kaul S, Nandy P, Grasela DM, Pfister M. Model-based approach to 
characterize efavirenz autoinduction and concurrent enzyme induction with 
carbamazepine. Antimicrob Agents Chemother. 2009;53(6):2346–53. 

107.  Janssen Pharmaceuticals. Sirturo, United States Product Insert.  
http://www.sirturo.com/sites/default/files/pdf/sirturo-pi.pdf. 

108.  van Heeswijk R, Lachaert R, Leopold L, DeBeule K, McNeeley D, Hoetelmans 
R. The effect of CYP3A4 inhibition on the clinical pharmacokinetics of 
TMC207. The 38th Union World Conference on Lung Health, PS-71358-1, 
Cape Town, South Africa; 2007. 

109.  Khandelwal A, Harling K, Jonsson EN, Hooker AC, Karlsson MO. A fast 
method for testing covariates in population PK/PD Models. AAPS J. 
2011;13(3):464–72. 

110.  Karlsson MO, Beal SL, Sheiner LB. Three new residual error models for popu-
lation PK/PD analyses. J Pharmacokinet Biopharm. 1995;23(6):651–72. 

111.  Rotger M, Colombo S, Furrer H, et al. Influence of CYP2B6 polymorphism on 
plasma and intracellular concentrations and toxicity of efavirenz and nevirap-
ine in HIV-infected patients. Pharmacogenet Genomics. 2005;15(1):1–5. 

112.  Saitoh A, Sarles E, Capparelli E, et al. CYP2B6 genetic variants are associated 
with nevirapine pharmacokinetics and clinical response in HIV-1-infected chil-
dren. AIDS Lond Engl. 2007;21(16):2191–9. 

113.  Cohen K, Grant A, Dandara C, et al. Effect of rifampicin-based antitubercular 
therapy and the cytochrome P450 2B6 516G>T polymorphism on efavirenz 
concentrations in adults in South Africa. Antivir Ther. 2009;14(5):687–95. 

114.  Gounden V, van Niekerk C, Snyman T, George JA. Presence of the CYP2B6 
516G> T polymorphism, increased plasma Efavirenz concentrations and early 
neuropsychiatric side effects in South African HIV-infected patients. AIDS Res 
Ther. 2010;7:32. 

115.  Elsherbiny D, Cohen K, Jansson B, Smith P, McIlleron H, Simonsson USH. 
Population pharmacokinetics of nevirapine in combination with rifampicin-
based short course chemotherapy in HIV- and tuberculosis-infected South Af-
rican patients. Eur J Clin Pharmacol. 2009;65(1):71–80. 

116.  Johnson TN, Rostami-Hodjegan A, Tucker GT. Prediction of the clearance of 
eleven drugs and associated variability in neonates, infants and children. Clin 
Pharmacokinet. 2006;45(9):931–56. 

117.  Wang Y, Jadhav PR, Lala M, Gobburu JV. Clarification on precision criteria to 
derive sample size when designing pediatric pharmacokinetic studies. J Clin 
Pharmacol. 2012;52(10):1601–6. 

118.  European Medicines Agency. CHMP assessment report: SIRTURO. 
http://www.ema.europa.eu/docs/en_GB/document_library/Summary_of_opinio
n_-_Initial_authorisation/human/002614/WC500158728.pdf. 

119.  Haidich AB. Meta-analysis in medical research. Hippokratia. 2010;14(Suppl 
1):29–37. 

120.  Ingen J van, Aarnoutse RE, Donald PR, et al. Why Do We Use 600 mg of 
Rifampicin in Tuberculosis Treatment? Clin Infect Dis. 2011;52(9):e194–9. 



Acta Universitatis Upsaliensis
Digital Comprehensive Summaries of Uppsala Dissertations
from the Faculty of Pharmacy 214

Editor: The Dean of the Faculty of Pharmacy

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

Distribution: publications.uu.se
urn:nbn:se:uu:diva-282139

ACTA
UNIVERSITATIS

UPSALIENSIS
UPPSALA

2016


	Abstract
	List of Papers
	Contents
	Abbreviations
	Introduction
	Tuberculosis epidemiology
	HIV and tuberculosis coinfection
	Drug-resistant tuberculosis

	Treatment of tuberculosis
	First-line treatment
	Second-line treatment
	Bedaquiline

	Pharmacokinetics and pharmacodynamics
	Drug-drug interactions
	Biomarkers for tuberculosis

	Pharmacometrics
	Nonlinear mixed-effects models
	Maximum likelihood estimation methods


	Aims
	Methods
	Study designs and data
	Bedaquiline dose-exposure-response (Paper I-II)
	Bedaquiline drug-drug interactions (Paper III-VI)
	Methodology for pooled population PK analysis (Paper VIII-X)

	Previously developed models
	Software
	Model development procedures

	Results and discussion
	Bedaquiline dose-exposure-response
	Population PK and time-varying covariates (Paper I)
	PK-PD model of time to positivity (Paper II)

	Bedaquiline drug-drug interactions
	Model-based analyses of Phase I studies (Paper III-V)
	Confirming DDI predictions in TB patients (Paper VI)
	NCA vs model-based DDI predictions (Paper VII)

	Methodology for pooled population PK analysis
	Linearization for stochastic model building (Paper VIII)
	Pooled analyses (Paper IX and X)


	Conclusions and perspectives
	Populärvetenskaplig sammanfattning
	Acknowledgments
	References



