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Abstract
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Tuberculosis (TB) is an ancient infectious disease that remains one of the greatest killers on
the planet. Its eradication is impeded by the development of resistance to first-line treatment.
Each year half a million patients are infected with drug-resistant (DR) TB. Of those, only 1
in 3 patients are started on treatment, and only half of the patients accessing treatment have
a successful outcome. Fortunately, during the last decade, new drugs have been registered for
treatment of DR-TB, such as bedaquiline and delamanid. The aim of this thesis was to develop
pharmacometric models to assess the benefits and risks of these new drugs, as part of multidrug
therapies.

Regarding pharmacokinetic (PK), a population PK model of delamanid and its metabolite
DM-6705 was developed and absence of PK drug interaction with bedaquiline and dolutegravir
was confirmed.

Regarding efficacy, a previously established relationship where bedaquiline exposures impact
the half-life of the decline of the mycobacterial load in patients was validated with data from
a more-difficult to treat population.

Regarding safety, firstly, the profile of bedaquiline toxicity was characterized by evaluating
the time course of heart QTcF interval and hepatic enzymes levels. While bedaquiline’s
metabolite concentrations were found to be responsible for the drug-related QTcF increase
(in a model accounting for circadian rhythm patterns, time on study, effect of concomitant
medication with QT liability, and patient demographics), no relationship could be detected
between drug exposure and transaminase levels. Secondly, delamanid’s metabolite (and not
delamanid) was found to play a significant role in QTcF prolongation. Lastly, in patients
receiving both bedaquiline and delamanid, the pharmacodynamic drug interaction on QTcF
interval was assessed and indicated no higher risk of safety events under the combination.

All in all, the developed models were able to predict the PK, efficacy and safety profiles of
bedaquiline and/or delamanid, with a once daily dosing regimen, and supported the use of this
novel regimen, more convenient both for patients and drug providers.

In summary, the pharmacometric approaches presented provide a quantitative understanding
of desired and undesired effects of new treatments against DR-TB, and may help to define
optimized anti-TB dosing regimens.
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ADME Absorption, distribution, metabolism and elimination 

ALT Alanine amino transferase 
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MBT Multidrug background treatment 

MDR-TB Multidrug-resistant tuberculosis 

MGIT Mycobacterium growth indicator tube 
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Introduction 

Tuberculosis 

Tuberculosis (TB) is a long-existing infectious disease that remains a major 

killer in the world, claiming 1.5 million lives every year [1]. Before the emer-

gence of coronavirus disease 2019 (COVID-19), TB was the leading cause of 

death due to an infectious disease. TB is caused by the bacterium Mycobacte-

rium tuberculosis which was first isolated by Robert Koch in 1882, a discov-

ery for which, in 1905, he received the Nobel Prize in Physiology or Medicine. 

Mycobacterium tuberculosis most often affects the lungs, but can also attack 

other sites including the central nervous system (tuberculous meningitis). TB 

is a contagious disease, as it spread through the air via droplets generated by 

coughing, About a quarter of the global population is infected with latent TB, 

which represents a state in which the bacteria lives in the body without causing 

sickness. These individuals with latent TB have a 5–10% lifetime risk of fall-

ing ill with TB [1]. 

In 2020, an estimated 10 million people worldwide fell ill with TB [1]. Among 

those people, 11% were children and 8% were people living with human im-

munodeficiency virus (HIV). The main risk factors for developing active TB 

include undernutrition, immunodepression, and, to a lesser extent, alcohol use 

disorders, smoking or diabetes. TB can affect anyone anywhere, although 

eight countries geographically account for two thirds of the total TB burden 

and are predominantly located in southern Africa and south-east Asia.  

In 2022, TB still represents a major global public health threat and the chal-

lenge of treating TB is impaired by the development of bacteria that are re-

sistant to treatment.   

Drug Resistance 

The rise of drug-resistant (DR)-TB, when bacteria do not respond (anymore) 

to the first-line drugs used to treat TB, is an aggravating factor leading to more 

severe sickness and limited treatment options. DR-TB can be classified into 

different grades of resistance (Table 1).  

Globally, about 500 000 new TB cases will develop rifampicin-resistant (RR) 

TB, and of these, approximatively 80% will further have multidrug-resistant 
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(MDR) TB. In 2019, extensively drug-resistant (XDR) TB represented 12 350 

cases. Therapeutic options for DR-TB are limited in availability, acceptability 

and efficacy. Only about one in three people with DR-TB are diagnosed and 

receive treatment and the treatment success rate for MDR/RR-TB is only 59%, 

which is reduced to 34% for XDR-TB.  

 

Table 1. Classification of drug-resistant tuberculosis 

Drug-resistance  
classification 

Description 

Isoniazid-resistant TB Resistance to isoniazid 

Rifampicin-resistant (RR) TB  Resistance to rifampicin 

Multidrug-resistant (MDR) 
TB 

Resistance to rifampicin and isoniazid – the two 
most effective first-line drugs 

Pre-extensively drug-resistant 
(pre-XDR) TB 

Resistance to rifampicin, isoniazid and any  
fluoroquinolone  

Extensively drug-resistant 
(XDR) TB * 

Resistance to rifampicin, isoniazid, any fluoro-
quinolone and at least one injectable agent 

*From January 2021, given that injectable agents have been phased out, the definition has 
changed to: Resistance to rifampicin, isoniazid, any fluoroquinolone and at least one of bedaq-
uiline or linezolid (or both). However, in this thesis, the prior definition is used throughout.  

Prevention and treatment 

TB is a curable disease and preventive treatments exist. The Bacille Calmette-

Guérin (BCG) vaccine is a preventive method which was developed 100 years 

ago. It has for a long time been part of standard childhood immunization pro-

grammes in many countries, but is now only recommended for infants in coun-

tries with a high incidence of tuberculosis. The vaccine protects children prin-

cipally against severe forms of TB (e.g. TB meningitis) but its efficacy varies 

across the world, potentially due to genetic differences between BCG vaccine 

strains [2].  

Drug-susceptible TB can be cured within 6 months [1]. Effective drug treat-

ments, with a success rate over 85%, have existed since the 1940s and consists 

of a daily dosing of four first-line drugs: isoniazid, rifampicin, ethambutol and 

pyrazinamide. The four drugs are given together for two months, followed by 

a 4-month continuation phase with only rifampicin and isoniazid. However, 

the treatment success rate can be impeded by the long treatment duration, 

which can result in a risk of low patient adherence (if a patient does not follow 

the doctor’s prescription), disease relapse and development of resistance by 

the bacteria.  

Treatment of DR-TB is more complex. In 2006, when XDR-TB was first de-

scribed [3], the first Guidelines for the programmatic management of drug-
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resistant tuberculosis was issued by the World Health Organization (WHO) 

[4]. At that time, patients with DR-TB were offered a regimen with at least 

pyrazinamide, a fluoroquinolone, an injectable agent and two other bacterio-

static second-line agents. For the duration of 20-24 months of treatment, pa-

tients would typically swallow up to 14600 pills and endure 240 intravenous 

injections [5]. Those treatments are in addition associated with substantial tox-

icity, including hepatitis from pyrazinamide, deafness from injectable agents 

and severe neuropathy from linezolid.  

Now in 2022, all-oral regimens are possible and currently recommended by 

the latest WHO guidelines [1] which indicates that patients with DR-TB, 

whom are not resistant to fluoroquinolones, can be treated with an all-oral 

regimen of 9-12 months duration. Alternatives also exist for patients not eli-

gible for recommended shorter regimen (e.g. resistance to fluoroquinolones, 

previous exposure to second-line medicines). They can be treated with longer 

regimens (18-20 months) following the scheme described in Table 2. Moreo-

ver, for pre-XDR-TB, another regimen of 9-12 months duration can be pro-

vided under operational research conditions, including bedaquiline, preto-

manid and linezolid (BPaL).  

 

Table 2. Groups of drugs recommended by WHO for longer DR-TB regimens 

Groups & steps Medicine 

Group A: Include all three drugs 

levofloxacin or moxifloxacin 

bedaquiline 

linezolid 

Group B: Add one or both drugs  
clofazimine 

cycloseride or terizidone 

Group C: Add to complete the regimen 
and when medicines from Groups A and 
B cannot be used  

ethambutol  

delamanid  

pyrazinamide  

imipenem-cilastatin or meropenem  

amikacin or streptomycin 

ethionamide or prothionamide  

p-aminosalicylic acid 

New treatments against drug-resistant tuberculosis  

The new and improved regimens for the treatment of DR-TB were made pos-

sible with the emergence of three new drugs into the market during the last 

decade, namely bedaquiline (approved by the Food and Drug Administration 

(FDA) in 2012), delamanid (approved by the European Medicines Agency 

(EMA) and the Japanese Pharmaceuticals and Medical Devices Agency in 
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2014) and pretonamid (approved by the FDA in 2019). This thesis only fo-

cused on bedaquiline and delamanid.  

Bedaquiline 

Bedaquiline is distributed under brand name Sirturo® by Janssen Pharmaceu-

ticals, subsidiary of Johnson & Johnson company, and is currently approved 

in 70 countries, implying that it potentially reaches 90% of patients living with 

DR-TB [6]. It is marketed as a 100 mg tablet and indicated for treatment of 

pulmonary DR-TB in adults as part of a combination therapy. The approved 

dosing regimen consists of a dose of 400 mg once daily for 2 weeks, followed 

by 200 mg three times per week (with at least 48 hours between the doses) to 

complete the 6 months of treatment. Of note, a paediatric formulation has been 

available since 2020, i.e. a 20 mg tablet for children with at least 5 years of 

age or weighing at least 15 kg.  

Bedaquiline is a diarylquinoline agent with a distinct mechanism of action 

compared to other TB-drugs: it targets the ATP synthase, an enzyme essential 

for the generation of energy in the bacteria (Figure 1). Bedaquiline is active 

against both replicating and non-replicating bacteria, and against the more se-

vere grades of DR-TB. The pharmacokinetic (PK) profile of bedaquiline is 

characterized by an extensive distribution into tissue, a long terminal half-life 

(>5 months) and a high plasma protein binding (>99.9%) [7]. Bedaquiline is 

primarily subjected to oxidative metabolism in the liver by cytochromes 

CYP3A4, leading to the formation of the N-monodesmethyl metabolite (M2), 

which is the active main metabolite. M2 displays a formation-rate limited ki-

netics, a large protein binding (>99.7%), and a long terminal half-life over 5 

months. M2 is not thought to contribute significantly to the clinical efficacy 

(4- to 6-fold lower anti-mycobacterial activity), but has been associated with 

the cardiotoxic side effect of prolonging the corrected-QT (QTc) interval [8]. 

As for efficacy, bedaquiline entered the market following an accelerated ap-

proval on the basis of two phase IIb trials. A randomized, placebo-controlled 

trial showed that bedaquiline reduced the median time to culture conversion 

as compared with placebo and increased the rate of culture conversion. The 

efficacy of bedaquiline was subsequently confirmed in a single arm, open-

label trial, with a culture conversion rate of 72.2% at 120 weeks [9]. 

Regarding safety, bedaquiline is generally well tolerated and the most im-

portant safety concerns associated with the use of bedaquiline are cardiotoxi-

city, as it causes QTc interval prolongation and hepatotoxicity, by elevation 

of transaminase (alanine aminotransferase (ALT) and aspartate aminotrans-

ferase (AST)) levels. Regarding hepatotoxicity, incrimination of bedaquiline 

use is debatable, since many confounding factors such as alcohol use or 
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concurrent hepatic disease are often additionally involved when patients de-

velop high grades of hepatotoxicity.  

Delamanid  

Delamanid is marketed under the brand name Deltyba® by the pharmaceutical 

company Otsuka and is available in more than 100 countries. It is available as 

a film-coated tablet of 50 mg and indicated for the treatment of pulmonary 

MDR-TB in adults as part of an appropriate combination regimen, when an 

effective treatment regimen cannot be composed otherwise for reasons of re-

sistance or tolerability. The approved dosing regimen is 100 mg twice daily 

taken with food and a treatment duration of 6 months. A paediatric formula-

tion was released in 2021 as a 25 mg dispersible tablet for children weighing 

at least 10 kg.  

Delamanid is part of the nitroimidazole family, disrupting the cell wall syn-

thesis of the bacteria and inhibiting cell respiration (Figure 1). It is active in 

vitro against actively dividing and dormant bacteria, with similar efficacy 

against drug-sensitive and MDR-TB strains. Its PK profile is characterized by 

an absorption highly influenced by food (∼2-fold higher bioavailability when 

administered with food) and a non-linear PK with a dose-dependent bioavail-

ability. The parent drug, delamanid, is metabolized by albumin into a single 

metabolite DM-6705, which is further metabolized into three subsequent me-

tabolites by CYP enzymes [10]. The metabolic pathway of delamanid involv-

ing albumin, has been determined in vitro [11], but has never been directly 

linked to the metabolism of delamanid in humans. Furthermore, while the 

elimination half-life of delamanid is 30-38 hours, DM-6705 has a longer ter-

minal half-life of 121-322 hours [12]. Similarly to bedaquiline and M2, 

delamanid and DM-6705 are highly bound to plasma proteins (>99.5%) [11]. 

Regarding efficacy, despite more inferior than expected results in phase III 

[14], delamanid added on top of a multidrug background treatment (MBT), 

had a 2-month culture conversion rate of 45.4%, compared to 29.6% in pa-

tients receiving only the MBT, in a randomized, placebo-controlled trial [14]. 

In the phase III trial, delamanid added on top of the MBT was not found to be 

significantly better than the MBT alone with respect to reducing the median 

time to sputum culture conversion over 6 months.  

From a safety perspective, delamanid is generally well tolerated, and most of 

the adverse effects are mild and reversible. However, the predominant concern 

regarding use of delamanid is its effect on the heart QTc interval, supported 

by evidence showing an increase with dose and to be associated with DM-

6705 rather than delamanid [10]. 
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Figure 1. Mechanisms of action of new drugs against drug-resistant TB. Adapted from 
a published article [16], and reused with permission from Elsevier. 

Drug interactions  

As treatments of both drug-sensitive TB and DR-TB imply the use of cocktails 

of several drugs, drug interactions are important to consider. This is accentu-

ated if concomitant therapy for HIV is required.  

The most commonly assessed drug-drug interactions (DDI) are PK drug inter-

actions. They are important to control as they can lead to altered concentra-

tions in both directions, either to lack of efficacy or risk of toxicity. PK DDI 

usually occur in common ADME (absorption, distribution, metabolism and 

elimination) processes of drugs, especially metabolic pathways. It has been 

showed that as a CYP3A4 substrate, bedaquiline can be heavily affected by 

CYP3A4 inducers such as rifampicin [16], and CYP3A4 inhibitors such as 

lopinavir/ritonavir [17]. While delamanid seems to be less prone to DDI, PK 

interactions between bedaquiline and delamanid have not been reported.  

Pharmacodynamic (PD) interactions occur when the PD effect of one drug is 

impacted by another drug in a combination regimen. PD interactions are often 

classified into 3 categories, i.e. synergistic, antagonistic, or additive interac-

tions, depending on whether the total effect is more, less or not different than 

the expected additivity, i.e. the sum of effects of the combined drugs in mon-

otherapy. A desired synergistic pharmacological effect is often sought and 

achieved by combining drugs with different mechanisms of action, acting on 

different targets. On the other hand, an undesired side effect can be triggered 

via a specific pathway or several different pathways. When two entities (par-

ent and metabolite or two combined drugs) display the same undesired toxic 
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effect, there is thus a need to evaluate the PD interaction to discard any poten-

tial synergistic toxic effect.  

Biomarkers for tuberculosis 

Efficacy 

To quantify the bacterial load in a patient’s sputum sample, the standard and 

original assay is to count colony forming units (CFU) on a plate with solid 

agar. However, this method has some limitations such as long waiting time to 

obtain results (3-4 weeks), contamination of plates and inability to quantify 

all subtypes of bacteria. That is why, in more recent clinical trials, the meas-

urement of bacterial load via liquid media is preferred. In contrast to CFU on 

solid media, methods based on liquid culture provide results faster and are 

regarded as more sensitive to detect non-multiplying bacteria [18]. In a myco-

bacterium growth indicator tube (MGIT), the measured biomarker is time to 

positivity (TTP), an indirect measurement of the bacterial load. It is defined 

as the time from inoculation to the time when a signal can be detected, i.e. 

when bacteria have consumed enough oxygen in the tube to reach the critical 

threshold where the fluorescence probe is no longer quenched. If after 42 days 

no signal can be detected, the sample is stated as “negative” (i.e. there is no 

bacteria).  

Endpoints used in clinical trials usually disregard the quantitative information 

from cultures and assess the status of the patients as a binary information at a 

given time point. One example is to confirm if patients after 2 months of treat-

ment have achieved sputum culture conversion (SCC): yes or not. SCC is de-

fined as the first of two visits with no positive cultures obtained at least 25 

days apart with no other positive samples in-between, and can be further ex-

tended to the time needed to achieve SCC (TSCC) which is represented by 

survival curves. In addition to discarding information from the data, those end-

points usually require long trial duration and big sample sizes in order to be 

interpreted. 

Safety 

QTc prolongation 

QTc prolongation is a phenomenon affecting the heart rate. The denomination 

“QT” comes from an electrocardiogram (ECG) measurement, where heart rate 

is named after letters, corresponding to different phases of the cardiac depo-

larization and repolarization cycle (the complete cycle is named RR). The pro-

longation of the QT interval on a heartbeat is an abnormality that is tracked 

by clinicians and during the drug development process by carrying out 
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thorough QT (TQT) studies for each new drug. QTc prolongation is a good 

biomarker for tachyarrhythmias, due to a qualitative relationship between QTc 

prolongation and the risk of torsades de pointes, a risk factor of sudden death 

[19]. However, to be able to capture such an abnormality, the QT interval must 

be corrected with an inverse relationship, as it is dependent on the resting heart 

rate. The higher the resting heart rate is, the shorter the QT interval is. Differ-

ent correction methods have been described in the literature, with the two old-

est and most commonly used being the Bazett and Fridericia correction fac-

tors, which were introduced in 1920 [20, 21]. While the perfect correction 

method (i.e. where the QT interval would be independent of the heart rate) has 

not been found yet, the Fridericia formula (QTc = QT / RR1/3) is commonly 

accepted as one of the most accurate methods [22], even though it appears less 

reliable at high heart rates [23]. Because of wide acceptance among clinicians 

and regulatory agencies, the Fridericia-corrected QT interval (QTcF) was used 

in Paper III and IV.  

Hepatic enzymes 

Transaminase enzyme (such as ALT and AST) levels are biomarkers of liver 

health. The elevation of transaminase levels is generally calculated as X times 

the upper limit of normal (ULN). An elevation above 3 times the ULN usually 

leads to at least temporarily treatment discontinuation. While an increase I 

transaminase levels is often an indication of liver damage, it lacks specificity, 

making it difficult to relate it to a specific drug. Indeed, transaminase levels 

can be impacted by confounding factors such as underlying hepatic disease, 

alcohol use or concomitant hepatotoxic medication use. For instance, the ele-

vation of AST levels, rather than ALT levels, is less specific for damage 

caused by a drug but more likely points towards alcoholic hepatitis [24]. 

Pharmacometrics 

Pharmacometrics has been defined as “the science of developing and applying 

mathematical and statistical methods to characterize, understand and predict a 

drug’s PK, PD and biomarker-outcomes behavior” [25]. PK, described by the 

ADME processes, aims at defining the relationship between a dose given to 

the patient and the time course of the drug concentration, commonly in 

plasma. PD on the other hand, relies on the relationship between the drug con-

centration and the (desired or undesired) pharmacological effect of the drug at 

the site of action.  

Pharmacometrics is the discipline that integrates PK-PD relationships at a 

population level, by means of mathematical and statistical models. As a stud-

ied population is often heterogeneous, it is described by a population mean, a 

typical profile and individual differences using so-called nonlinear mixed-
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effect (NLME) models. The term “mixed” refers to fixed and random effects. 

Fixed effects are the population parameters of the model (when variability is 

not considered) and describe the typical profile of the data. The random effects 

are the stochastic components of the model, estimated as variances, and rep-

resent deviations from the population mean. There are different levels of var-

iability. On the one hand, the unexplained variability between participants 

(called inter-individual variability (IIV)) or within participants on different 

occasions (usually described as inter-occasion variability (IOV)), are esti-

mated as effects on structural model parameters. On the other hand, the resid-

ual unexplained variability (RUV), representing the difference between the 

observation and the individual prediction, comprise measurement errors, 

model misspecifications, inaccurate sampling times, etc. While RUV is most 

often coded as a single component, it can sometimes be split to describe rep-

lication error (e.g. MGIT or ECG measurements taken as triplicate) or to ac-

count for correlation of observations sampled from the same tube (e.g. parent 

and metabolite concentrations). IIV can also be implemented on RUV to allow 

participants to have a different unexplained model component. 

A general equation to describe continuous data, such as the time course of PK 

or biomarkers observations is given by Equation 1.  

 

𝑦𝑖𝑗 = 𝑓(𝑡𝑖𝑗 , 𝜃, 𝑋𝑖 , 𝜂𝑖) + 𝜀𝑖𝑗                                 Eq. 1 

where the dependent variable y at the jth observation for individual i consists 

of a function f defining the individual parameters and, εij represents the RUV 

and is assumed to be normally distributed. The function f is based on the in-

dependent variable t, a vector of structural population parameters θ, subject-

specific random effect parameters 𝜂𝑖, and subject-specific characteristics 𝑋𝑖, 

such as dose or covariates.  

Aside from continuous data described above, pharmacometric models can 

handle other types of data such as categorical or discrete data. Bivariate data 

(e.g. indicating an event or not) can be treated as a probability of the event to 

happen at a certain time (Equation 2) or the time to the event to happen, called 

time-to-event (TTE) models, described by Equation 3.  

 

𝑝(𝑦𝑖𝑗|𝑡𝑖𝑗 , 𝜙𝑖)                                              Eq. 2 

Here, the probability p of the event 𝑦𝑖𝑗 to happen is conditional on the inde-

pendent variable 𝑡𝑖𝑗 and on a set of subject-specific parameters 𝜙𝑖. 

Parametric TTE models are defined by the survival function indicating the 

probability of “surviving beyond time t”, i.e. of not having an event by time t 

(S(t), Equation 3), which is dependent on the instantaneous hazard h(t). The 
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probability for an individual i of having an event at time t can be derived by 

multiplying h(t) with S(t).  

 

𝑆(𝑡) = 𝑒− ∫ ℎ(𝑡)𝑑𝑡
𝑡

0                                         Eq. 3 

Model assessment  

To decide which model best describes a set of analysed data, the maximum 

likelihood estimation method is often used with NLME models. The objective 

is to find the set of model parameters that maximizes the likelihood. However, 

it is numerically more stable to minimize the log-likelihood via minus two 

times the log-likelihood, defined here as the objective function value (OFV) 

to discriminate between models. The lower the OFV is, the better the fit of the 

data is.  

To compare two models and determine if one is significantly better than the 

other, a 5% significance level in the likelihood ratio test (following a chi-

square distribution) is often used for nested models, corresponding to a drop 

in OFV of 3.84 points for one added parameter. For non-nested models, alter-

native methods can be used. In Paper II, the relative likelihood was derived 

to assess the probability of a model to describe the data as well as a model 

with the minimum log-likelihood value. In Paper IV, non-nested models were 

compared with the Bayesian information criterion (BIC) for non-linear mixed 

effect models, accounting for the number of subjects, observations, fixed ef-

fects and random effects in the calculation of the OFV’s penalty [26]. 

Use of pharmacometric models  

Once developed, NLME models can be used in different ways, including pre-

dictions of a metric of interest. For example, (individual) summary metrics 

such as area under the curve (AUC) or average concentration (Cav) can be 

derived to drive a PKPD relationship. Similarly, (individual) predictions of 

the dependent variable (e.g. drug concentration) can be displayed at specific 

time points of interest. In both cases, the model can be used without estimation 

and the derived metrics are output in tables based on individual predictions 

(IPRED). Predictions are based on and make use of the original set of data, 

and are regarded as a backward process.  

On the other hand, NLME models can be further used for simulations, which 

are built on existing models and are seen as forward processes to generate new 

data, for example to answer “what if” questions. New datasets can be gener-

ated to look at alternative dosing regimens, and the “new observations” will 

be drawn from the previously estimated distributions based on real data. 
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Usually, it is of interest to simulate several hundred datasets to provide robust-

ness and to reduce noise in the inferences made.  

Another application of developed NMLE models is to use them as prior infor-

mation in new models, to stabilize the estimation process or to gather infor-

mation for poorly estimated parameters. The use of priors is an alternative that 

is preferred to fixing a parameter to a previously estimated value. It is often 

used for small and sparse datasets as it provides strength to the new parameter 

estimates [27]. Using the NONMEM NWPRI PRIOR subroutine, the vari-

ance–covariance matrix and derived degrees of freedom from the reference 

analysis are implemented as priors. The use of priors in the estimation process 

imposes a penalty on the objective function value (OFV) which is derived 

from a normal–inverse Wishart distribution. 

Pharmacometric models for bedaquiline  

Two published models served as the starting point and basis for this thesis: 

• A population PK model which described both the concentration-

time profiles of bedaquiline and its main metabolite M2 in adult 

patients receiving the approved dosing regimen for bedaquiline on 

top of a MBT [28]. The model considered that bedaquiline and M2 

disposition was affected by the change of albumin levels and weight 

over time, as well as by age and race at baseline. This model was 

subsequently used to describe efficacy and safety exposure-re-

sponse relationships (Paper II & III).  

• A population PK-efficacy model which described the relationship 

between drug concentration and the decline of mycobacterial load 

over time [29]. The exposure of bedaquiline was linked to the treat-

ment response (the half-life of bacterial clearance) through a model 

of the time to positivity information. The model comprised of 3 

components: (1) how the amount of bacteria changed over time in 

a patient  via an exponential function, (2) how to account for the 

fact that the exponential function cannot take the value 0, whereas 

sputum samples can be negative (probabilistic component), and (3) 

how the in-vitro process of bacterial growth in MGIT related to the 

quantitative information contained in the TTP measurement (Figure 

2). This model was built on data from a randomized, placebo-con-

trolled trial, and validated with data from more-difficult to treat TB 

patients in Paper II. 
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Figure 2. Schematic representation of the published PK-efficacy model for bedaqui-
line  
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Aims 

The general aim of this thesis was to develop pharmacometric models to aid 

in the development of novel, improved anti-TB dosing regimens.  

 

The specific aims were:  

 

• To characterize the concentration-time course of delamanid and its 

main metabolite DM-6705 in adults with DR-TB, to examine the 

role of albumin in delamanid PK and to explore potential drug-drug 

interactions  

 

• To confirm the exposure-response relationship between bedaquiline 

plasma concentrations and decline in mycobacterial load 

 

• To quantify the relationship between bedaquiline and/or M2 expo-

sure and safety concerns, such as QTcF prolongation and transami-

nase levels elevation  

 

• To evaluate the safety of bedaquiline and delamanid in combination, 

with regard to QTcF prolongation 
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Methods 

Drugs  

All analyses of this thesis were focused on either or both of the two product 

drugs: bedaquiline and delamanid.  

In this thesis, the marketed 100 mg tablet of bedaquiline and 50 mg coated 

tablet of delamanid were provided to the participants.  

Clinical data 

All data included in this thesis were obtained from approved clinical trials 

which were conducted in accordance with Good Clinical Practice guidelines 

and the guiding principles of the Declaration of Helsinki. All studies were 

approved by local independent ethics committees at each site, and all partici-

pants provided a written informed consent.  

Registration phase IIb studies – C208 & C209 trials (Paper II-

III) 

The C208 study was a phase IIb 2-stage, randomized, double-blinded, pla-

cebo-controlled trial evaluating the activity, safety, and tolerability of bedaq-

uiline, in combination with a defined MBT [30]. It enrolled 207 adult partici-

pants who were newly diagnosed with MDR-TB, and randomly assigned them 

to receive either bedaquiline or placebo, on top of the MBT, for 8 (stage 1, 

n=47 participants) or 24 (stage 2, n=160 participants) weeks. 

The C209 study was a phase IIb single-arm, open-label trial conducted to con-

firm the safety and efficacy of bedaquiline, in combination with an individu-

alized MBT [31]. 233 patients who were newly diagnosed with MDR-TB or 

treatment-experienced for MDR-TB were enrolled in the trial and treated with 

bedaquiline for 24 weeks.   

An outline of the patients’ demographics in C208 and C209 studies can be 

found in Table 3.  
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Table 3. Summary of demographic information at baseline, in C208 and C209 trials 
presented as the median (range) or number of subjects (%) 

Variable 
C208  
placebo  
n = 105 

C208  
bedaquiline 
n = 102 

C209  
bedaquiline  
n = 233 

Total 
n = 440  
patients 

Sex     
Male  66 (63%) 67 (68%) 146 (65%) 289 (66%) 
Female 39 (37%) 31 (32%) 81 (35%) 151 (34%) 

Age (years) 34 (18, 61) 31 (18, 63) 32 (18, 68) 33 (18, 68) 
Weight (kg) 53 (35, 83) 53 (37, 81) 57 (30, 113) 55 (30, 113) 
Race     

Caucasian or White 13 (12%) 8 (8%) 56 (24%) 77 (18%) 
Black 40 (38%) 40 (39%) 74 (32%) 154 (35%) 
Hispanic 15 (14%) 13 (13%) 0 (0%) 28 (6%) 
Asian 6 (6%) 9 (9%) 89 (38%) 104 (23%) 
Others 31 (30%) 32 (31%) 14 (6%) 77 (18%) 

TB type     
Drug sensitive TB 4 (4%) 3 (3%) 3 (1%) 10 (2%) 
MDR-TB 63 (60%) 70 (69%) 90 (39%) 223 (51%) 
pre XDR-TB 16 (15%) 17 (17%) 43 (18%) 76 (17%) 
XDR-TB 5 (5%) 3 (3%) 37 (16%) 45 (10%) 
Missing 17 (16%) 9 (9%) 60 (26%) 86 (20%) 

HIV status     
Negative 86 (82%) 85 (83%) 211 (91%) 382 (87%) 
Positive 19 (18%) 11 (11%) 11 (5%) 41 (9%) 
Missing 0 (0%) 6 (6%) 11 (5%) 17 (4%) 

Albumin levels (g/L) 31 (17, 46) 34 (15, 49) 38 (21, 49) 35 (15, 49) 

In both studies, patients receiving bedaquiline were treated with a dose of 400 

mg once daily for 2 weeks, and then 200 mg three times a week for the re-

maining 22 weeks (or 6 weeks in C208 stage-1 study). In C208 study, the 

defined preferred five-drug MBT was ethionamide, pyrazinamide, ofloxacin, 

kanamycin, and cycloserine; whereas in C209 study, an individualized MBT 

was proposed and could consist of 5 to 7 drugs, of which drugs with QT lia-

bility such as clofazimine and moxifloxacin.  

In Paper II, data from C209 study were used to confirm the findings of a 

published model developed with data from C208 study. In Paper III, data 

from both C208 and C209 studies were used simultaneously.  

In Paper II, information about dosing, bedaquiline concentrations, patient de-

mographics, culture conversion and TTP, up to week 24, was utilized in the 

model. TTP was the quantitative measure of bacterial load in patients and was 

derived from sputum samples collected as triplicate at the day prior to start of 

treatment, at week 2, and then every fourth week from week 4 until week 24.  

In Paper III, information about dosing, bedaquiline and M2 concentrations, 

patient demographics, co-administration of drugs with QT liability, QTcF 
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intervals and transaminases levels (ALT and AST), up to week 24, was uti-

lized in the model. QTcF measurements were assessed via electrocardiograms 

in triplicate. 

DELIBERATE trial (Paper I & IV) 

DELIBERATE (DELamanId BEdaquiline for ResistAnt TubErculosis) trial, 

was a phase II, open-label randomized, controlled study that aimed to pre-

cisely quantify the effect of bedaquiline, delamanid, or both on the QTcF in-

terval, over 6 months of multidrug treatment [32]. The trial included 84 par-

ticipants who were randomized 1:1:1 to receive delamanid, bedaquiline or 

delamanid+bedaquiline, on top of the MBT (n=26 participants in each arm). 

Both delamanid and bedaquiline were dosed with the approved regimens: 100 

mg twice daily for 24 weeks for delamanid, and 400 mg once daily for 2 

weeks, then 200 mg three times a week for 22 weeks for bedaquiline. Partici-

pants had to have received MBT for at least 7 days prior to enrolment, and 

delamanid was dosed immediately after a standard meal whereas bedaquiline 

was dosed one hour after the meal with the other anti-TB drugs.  

An outline of the patients’ demographics in the DELIBERATE trial can be 

found in Table 4.  

In Paper I, data from the 2 arms where delamanid was administered were used 

to describe the PK of delamanid and DM-6705. In Paper IV, data from all 3 

arms were used simultaneously.  

In Paper I, information about dosing, delamanid and DM-6705 concentra-

tions, albumin levels at baseline and patient demographics, up to week 24, was 

utilized in the model. Rich PK sampling was performed at weeks 2, 8 and 24, 

(immediately after the meal but prior to the morning drug dosing (pre-dose), 

at 4 h, 6 h, 8 h, 11h and 23 h), and a single sample 4 h post-dose was drawn 

every two weeks. 

In Paper IV, information about dosing, delamanid, DM-6705, bedaquiline 

and M2 concentrations, patient demographics, and QTcF intervals, up to week 

24, was utilized in the model. QTcF measurements were assessed via electro-

cardiograms as triplicates at baseline and every two weeks until week 24, ap-

proximately 4-6 hours post dose, before lunch.  
  



 

 27 

Table 4. Summary of demographic information at baseline, in the DELIBERATE trial 
presented as the median (range) or number of subjects (%) [n missing (%)] 

Variable 
Bedaquiline 
alone arm 
n = 28 

Delamanid 
alone arm 
n = 28 

Delamanid + 
bedaquiline  
arm n = 28 

Total  
n = 84 
patients 

Sex     
   Male 22 (79%) 21 (75%) 20 (71%) 63 (75%) 
   Female 6 (21%) 7 (25%) 8 (29%) 21 (25%) 
Age (years) 34.5 (20, 58) 32 (18, 73) 34 (18, 55) 34 (18, 73) 
Weight (kg) 55 (35, 80)  

[1 (4%)] 
54 (38, 83)  
[3 (11%)] 

52 (35, 71.5) 
53.5 (35, 83)  
[4 (5%)] 

Race     
   Black African 13 (46%) 9 (32%) 11 (39%) 33 (39%) 
   Coloured 10 (36%) 11 (39%) 12 (43%) 33 (39%) 
   Mestizo 1 (4%) 2 (7%) 3 (11%) 6 (7%) 
   White 0 (0%) 1 (4%) 0 (0%) 1 (1%) 
   Others 0 (0%) 1 (4%) 0 (0%) 1 (1%) 
   Missing 4 (14%) 4 (14%) 2 (7%) 10 (12%) 
TB type     
   DS-TB 4 (14%) 1 (4%) 1 (4%) 6 (7%) 
   MDR-TB 22 (79%) 22 (79%) 18 (64%) 62 (74%) 
   Missing 2 (7%) 5 (18%) 9 (32%) 16 (19%) 
HIV status     
   Negative 18 (64%) 16 (57%) 17 (61%) 51 (61%) 
   Positive 10 (36%) 10 (36%) 10 (36%) 30 (36%) 
   Missing 0 (0%) 2 (7%) 1 (4%) 3 (4%) 
Albumin levels 
(g/L) 

34 (21, 44) 
[3 (11%)] 

33 (23, 44) 
[3 (11%)] 

34 (23, 43) 
[1 (4%)] 

34 (21, 44) 
[7 (8%)] 

Pharmacokinetic models  

For bedaquiline, throughout this thesis, the published model for bedaquiline 

and its main metabolite M2 has been used [28]. 

For delamanid, the development of a population model for delamanid and its 

main metabolite DM-6705 in adults is described in Paper I. To characterize 

the PK of both parent and metabolite, alternative disposition models were in-

vestigated, and models with lag time or transit compartments were explored 

to describe the delay in the absorption of the drug. All disposition parameters 

were allometrically scaled with body weight using exponents of 0.75 and 1 for 

clearances and volumes, respectively. Both baseline body weight and time-

varying body weight were tested in the allometric relationships. The typical 

bioavailability as well as the fraction of delamanid metabolized to DM-6705 

were fixed to 1 in the analysis, thus generating apparent disposition parame-

ters.  
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The covariate analysis included a mechanism‐based evaluation of the impact 

of albumin on delamanid metabolism and an exploratory search via an auto-

mated stepwise procedure. The mechanism‐based analysis tested the expected 

action of albumin, metabolizing delamanid into DM-6705, with power func-

tions on clearances and the fraction of delamanid metabolized into DM-6705.  

Both the observed albumin concentrations at baseline and model-predicted 

time-varying albumin concentrations (derived using a published model [28]) 

were evaluated in the covariate relationships. The exploratory search consisted 

of the evaluation of an effect of bedaquiline co-administration (study arm), 

adherence (based on the answers of the adherence questionnaires), drug intake 

time of the day (morning vs evening), as well as participants’ demographics 

such as age, sex, race, and HIV co-infection status (dolutegravir co-admin-

istration). 

Pharmacokinetic metrics  

In Paper II, individual bedaquiline weekly average concentrations were de-

rived using the previously developed pharmacokinetic model, based on 3 

measurements (at weeks 2, 12 and 24) of bedaquiline concentrations in plasma 

in C209 trial. This metric was then used as the driver of the increase of the 

bacterial load decline over time.  

In Paper III, individual bedaquiline and M2 concentrations were predicted at 

all timepoints where ECG measurements were conducted, given that a direct 

relationship between concentration and QTcF increase is expected [33, 34].  

Summary PK metrics such as individual bedaquiline and M2 average concen-

trations over 2, 8 and 24 weeks as well as bedaquiline and M2 weekly average 

concentrations during the study period were also computed to drive the expo-

sure-safety relationship with transaminase levels elevation.  

In Paper IV, individual parent and metabolite drug concentrations for both 

drugs (bedaquiline and delamanid) were predicted at all timepoints of the ECG 

measurements, based on individual dosing information, demographics and ob-

served drug concentrations. For bedaquiline, as in Paper III, the published 

model was used, and for delamanid, the model developed in Paper I was used.   

Efficacy model 

The validation of the previously established exposure-response model for be-

daquiline was carried out in Paper II. The PK-efficacy relationship had been 

established with data from a placebo-controlled trial, between weekly average 

concentration of bedaquiline and decline of bacterial load in patients (assessed 
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with TTP data). Briefly, the structure of the model included the following 

components: i) a longitudinal representation of bacterial load in patient, with 

a mono-exponential decline function, ii) the probability of bacterial presence 

in sputum derived from the bacterial load in the patient, iii) the mycobacterial 

growth in the MGIT with a logistic growth model, and iv) a TTE model which 

linked the growth in liquid culture to a probability of a positive TTP signalling 

event. The relevance of the exposure-response relationship was validated as 

compared to a constant drug effect, using data from C209 trial, a more difficult 

to treat population. The patient profiles' heterogeneity in C209 trial was fur-

ther explored as new covariates. 

To perform this analysis on data from C209 trial, the final parameter estimates 

from the C208 analysis were used as priors to provide information about the 

probability distributions of the parameters and served as a starting point to 

help stabilizing the estimation process. 

Safety models 

In Paper III, exposures-safety relationships associated with the use of bedaq-

uiline have been defined. The two main safety findings reported with bedaq-

uiline use are QTc prolongation and transaminase enzyme elevation (ALT and 

AST).  

Regarding QTcF prolongation, the model development started with the eval-

uation of structural and stochastic model components. The structural compo-

nents comprised of system-specific factors, such as circadian rhythm or an 

effect of time on treatment, and drug-specific factors, such as the exposure–

safety exploration with bedaquiline, or the concomitant administration of 

drugs with QTc liability. It was followed by an exploratory covariate model 

development (covariates selected based on statistical significance), based on 

the patients’ characteristics such as: age at baseline, gender, race, baseline al-

bumin levels, time-varying and baseline electrolytes levels (potassium and al-

bumin-corrected calcium), drug-resistance severity (drug-sensitive TB, MDR-

TB, pre-XDR-TB and XDR-TB), and HIV coinfection. 

For the exposure-safety analysis, both bedaquiline and M2 were explored for 

their ability to influence QTcF interval, alone or jointly. Linear Emax models 

as well as competitive interactions models (Equation 4) such as full agonist, 

partial agonist, antagonist, and inverse agonist models were tested.  
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𝐷𝐸𝐴𝐵 =
𝐸𝑚𝑎𝑥,𝐴∗𝐶𝑜𝑛𝑐𝐴

𝐸𝐶50,𝐴∗(1+
𝐶𝑜𝑛𝑐𝐵

𝐸𝐶50, 𝐵
)+ 𝐶𝑜𝑛𝑐𝐴

+
𝐸𝑚𝑎𝑥,𝐵∗𝐶𝑜𝑛𝑐𝐵

𝐸𝐶50,𝐵∗(1+
𝐶𝑜𝑛𝑐𝐴

𝐸𝐶50, 𝐴
)+ 𝐶𝑜𝑛𝑐𝐵

          Eq. 4 

For transaminase levels, the analysis consisted of the inclusion of the struc-

tural and stochastic components as well as the exploration of exposure–safety 

relationships and structural covariates, such as effect of MBT or effect of time 

on treatment. 

In Paper IV, exposure-safety relationships with regards to concomitant use of 

bedaquiline and delamanid and QTc interval prolongation were defined. First, 

the effect of each drug individually on QTcF interval was evaluated. For be-

daquiline, to validate the involvement of M2 levels only in QTcF prolonga-

tion, and for delamanid, to determine if either or both of the parent and the 

metabolite were involved in the exposure-safety relationship. Thereafter, the 

PD interaction between the different involved entities was explored.  

The model defined in Paper III was used as a base model. Then, the analysis 

consisted of 3 steps. First, with data from the bedaquiline arm only, the base 

model was fitted using the PRIOR functionality in NONMEM. Secondly, the 

impact of delamanid and/or DM-6705 concentrations on QTcF prolongation 

was analyzed on top of the base model, via step, linear or Emax functions. 

Thirdly, PD drug interactions between bedaquiline and delamanid, or their 

metabolites, using the entire dataset, were explored via an empirical approach 

by estimating an interaction parameter β (Equation 5) and a more mechanistic 

approach using a competitive interaction model (Equation 4).  

 

𝐷𝐸𝐴𝐵  =  𝐷𝐸𝐴 +  𝐷𝐸𝐵  −  β ∗ 𝐷𝐸𝐴 ∗ 𝐷𝐸𝐵                    Eq. 5 

where DE stands for drug effect between two entities A and B 

To account for a possible relation between albumin concentrations and po-

tency, through parent drug or metabolite-binding, a directly proportional rela-

tion between albumin concentration and potency was tested, as all four entities 

explored have a high protein binding [7, 11].  

Model development and qualification  

Software  

All models were developed using non-linear mixed effects modeling in NON-

MEM, version 7.3 or higher [35, 36]. The estimation methods included the 

first order conditional estimation with eta-epsilon interaction (FOCE interac-

tion) in Papers I, III and IV, and the second-order conditional LAPLACE 

estimation method in Paper II. Perl-speaks-NONMEM (PsN, version 4.7.9 or 
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higher) was used to assist model building and evaluation [37, 38], together 

with Pirana version 2.9.6 or higher [39, 40]. Data management and checkout, 

and graphical analysis were carried out in R (version 3.4.2 or higher) [41]. 

Model selection and evaluation 

The model selection was based on several criteria which are a numerical as-

sessment of the fit of the data (with the OFV), goodness-of-fit plots, precision 

in parameter estimates and scientific plausibility. The model development 

procedures were primarily guided by the 5% significant drop in OFV between 

nested models. To note, for the exploratory covariates search carried out with 

the Stepwise Covariate Model-building (SCM) PsN tool, a 5% significance 

level was used for the forward selection, and a 1% significance level (ΔOFV 

≥6.63 points for 1 degree of freedom) for the backward selection. 

In Paper I, III, and IV, parameter precision was obtained with the R covari-

ance (Hessian) matrix, whereas in Paper II, it was obtained from a sampling–

importance–resampling procedure [42, 43]. 

Predictive performances of continuous models were assessed using visual pre-

dictive checks (VPCs) with different stratification of interest (e.g. study arms, 

parent/metabolite, rich/sparse sampling occasions), where 95% confidence in-

tervals (CI) derived from 1000 simulated datasets were compared to the ob-

served data. In Paper II, Kaplan–Meier VPCs of TTP stratified on week after 

start of treatment and VPCs of the probability of a positive MGIT readout over 

time after start of treatment were used to evaluate the models. Posterior pre-

dictive checks of time to sputum culture conversion (based on observed and 

model simulated datasets (n = 100)) were also performed. Sputum culture con-

version was defined as the first of 2 visits with no positive cultures obtained 

at least 25 days apart. 

The tested IIV and IOV were assumed to be log-normally distributed, with the 

exception of some specific parameters where a normal distribution was eval-

uated, so that positive and negative values were permitted. The use of semi-

parametric distributions was mainly driven by the Quality Assurance tool in 

PsN and tested when graphically indicated.  

Additive, proportional or combined error models were tested for RUV, as well 

as IIV on RUV. NONMEM level-2 data item was used to group together ob-

servations from the same blood sample (parent and metabolite, hepatic en-

zymes), or measurements taken simultaneously (ECG).  
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Simulations  

Different simulations scenarios across the papers were developed to answer 

different “what if” questions of clinical relevance :  

- What dose regimen would treatment-naïve patients with pre-XDR and 

XDR TB need to achieve the same efficacy (MGIT response) as pa-

tients with MDR TB ? (Paper II) 

- Under the alternative once daily dosing regimen (used in ZeNix or 

DRAMATIC trials [44, 45]), what would be the efficacy profile of 

bedaquiline treatment, as well as the safety profile of bedaquiline + 

delamanid combination ? (Paper II & IV) 

Datasets with the alternative dosing regimen of interest were created, to input 

the PK models of bedaquiline in Paper II, and of bedaquiline and delamanid 

in Paper IV. PK profiles were outputted and further used to drive the PD re-

lationships and derive the efficacy or safety profiles.   
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Results 

Pharmacokinetic model (Paper I) 

The PK of delamanid and its main metabolite DM-6705 were fitted simulta-

neously and the structural model was best described by one-compartment dis-

position model with linear elimination for both delamanid and DM-6705. 

Delamanid absorption was described by an absorption transit compartment 

model with a mean absorption time (MAT; i.e., typical time to 90% complete 

absorption) of 1.45 hours. The covariate model included an effect of the time 

of drug intake (morning vs evening) and an effect of adherence on the daily 

average bioavailability. The effect of adherence allowed change in relative 

bioavailability after week 8 with 2 different components, depending on 

whether the participants declared to have missed a dose or not at some point 

during the delamanid treatment period. Other than allometric scaling with 

baseline body weight no patients’ demographics (age, sex, race) were signifi-

cant covariates. Furthermore, importantly, albumin concentrations, bedaqui-

line or dolutegravir co-administration did not have an effect on delamanid and 

DM-6705 PK. The final parameter estimates can be found in Table 5, and the 

visual checks that the final model described the observed data well can be seen 

in Figure 3. 

 

Table 5. Parameter estimates from the final delamanid and DM-6705 pharma-
cokinetic model 

Parameter, unit Estimate [RSE%] 

Population parameter  

Mean absorption time, h 1.45 [0.501; 2.20]a 

CL/F,  L/h/52.65kg 28.8 [4.07] 

V/F, L/52.65 kg 626 [6.93] 

CLM/(F×fm), L/h/52.65 kg 81.8 [8.34] 

VM/(F×fm), L/52.65 kg 22080 [11.5] 

AM/PM on F, % -/+ 60.9 [3.54] 

ADHNMD on F, % 82.2 [11.4] 

ADHMD on F, %  60.7 [25.9] 
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Inter-individual variability   

CL/F,  %CV 19.9 [13.5] 

correlation IIV CL/F – IIV CLM/(F×fm), % 71.4 [17.5] 

CLM/(F×fm), %CV 41.1 [14.5] 

V1/F, %CV 26.1 [26.3] 

VM/(F×fm), %CV 47.8 [10.5] 

ADHNMD, SD 0.345b [22.6] 

ADHMD, SD 0.501b [15.9] 

Residual variability delamanid, %CV 32.5 [16.0] 

Residual variability DM-6705, %CV 25.8 [19.0] 

Inter-occasion variability   

F, %CV 32.3% [8.81] 

Residual variability   

Proportional residual error delamanid, %CV 20.9 [8.88] 

correlation RUV delamanid – RUV DM-6705, % 42.9 [5.70] 

Proportional residual error DM-6705, %CV 16.7 [6.17] 

Abbreviations: ADHMD : Adherence effect for patients that reported to have missed a dose at 
least once during the delamanid treatment period; ADHNMD : Adherence effect for patients that 
never reported to have missed a dose; AM/PM : morning/evening effect; CL: delamanid clear-
ance; CLM: DM-6705 clearance ; CV: coefficient of variation; F: bioavailability; fm: fraction 
of delamanid metabolized into DM-6705; IIV: inter-individual variability; RSE: relative stand-
ard error; RUV: residual unexplained variability; SD: standard deviation; V/VM: volume of 
distribution for delamanid and DM-6705 respectively. 
CV is reported as the square root of the variance. RSE for variability is reported on the approx-
imate standard deviation scale (standard error/variance estimate)/2. 
a 95% confidence interval obtained with Log Likelihood Profiling 
b Standard deviation for logit transformed IIV, SD IIV ADH = √(𝜔𝐴𝐷𝐻

2) × 𝐴𝐷𝐻 × (1 −
𝐴𝐷𝐻)  
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Figure 3. Visual predictive checks of the final model for both delamanid and DM-
6705 concentrations, for the sparse sampling occasions only (panel a) and stratified 
by the 3 rich sampling occasions (panel b). The solid and dashed lines represent the 
median, the 2.5th and 97.5th percentiles of the observed data (black circles) respec-
tively, and the shaded areas the simulation-based 95% confidence intervals for the 
corresponding percentiles. Dashed vertical lines represent the time of dosing. 

Efficacy model (Paper II) 

The exposure–response relationship between bedaquiline weekly average 

concentrations and mycobacterial load in patients was validated when com-

pared to a constant drug effect (receiving or not bedaquiline on top of the 

MBT), using data from the C209 trial. The exposure–response effect consisted 

of an Emax-type function affecting the half-life of the decline of the myco-

bacterial load in patients (HLBpatient), where the maximum effect was fixed to 

100% inhibition and the exposure dependence linked to the weekly average 

concentration of bedaquiline. The constant drug effect model included the 
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same effect on HLBpatient for all patients receiving bedaquiline, regardless of 

their individual bedaquiline concentration. This effect was set to 0 before start 

of bedaquiline treatment (between the screening visit and the first bedaquiline 

dose), mimicking a step function. The two models were compared using the 

relative likelihood and it was found that the constant drug effect model had a 

relative likelihood of 0.0003 in relation to the exposure–response model, 

meaning that the constant drug effect model is 0.0003 times as probable as the 

exposure–response model to minimize the information loss. 

The covariate search with the more heterogenous population from C209 trial 

resulted in the inclusion of TB type and presence of pre-treatment as effects 

on HLBpatient. Indeed, it was established that the more severe the drug resistance 

(MDR, pre-XDR, and XDR) is, the longer it will take to clear the bacteria; as 

well as patients who received TB treatment within 1 month before start of 

bedaquiline had a 27.6% longer HLBpatient of mycobacterial load than treat-

ment-naïve patients.  

Model fit to the C209 data as well as final parameters estimates can be found 

in Figure 4 and Table 6, respectively.  
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Figure 4. Visual predictive checks of the final efficacy model. Panel (a) describes the 
probability of having a positive sample versus time stratified by TB resistance group. 
The solid lines represent the proportion of positive samples and the shaded areas the 
95% confidence intervals of the simulated data. Panel (b) represents the TTP in MGIT 
per week on treatment. The solid lines represent the observed time to positivity and 
the shaded areas the 95% confidence intervals based on model simulations of time to 
positivity. Panel (c) displays the posterior predictive check of time to SCC. The solid 
lines represent the observed time to SCC and the shaded areas the 95% prediction 
intervals based on time to SCC calculated from model simulations of time to positiv-
ity. The vertical dashes represent censoring events in the real data set.  
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Table 6. Parameter estimates and uncertainty from the final exposure-efficacy model 
in C209 data, and priors from C208 data. 

Sub-model Parameter, unit 
Estimate 
[95% CI] 
C209 

Priors 
[95% CI] 
C208 

Bacterial  
load  
in patients 

N0 Bpatient, number of 
bacteria/inoculum 

522 [391; 684]  2.14×103 

[1.39×103; 
3.46×103] 

HL Bpatient, weeks 0.90 [0.81; 0.97] 0.81 [0.71; 0.93] 
IIV HL Bpatient  
(variance) 

0.57 [0.46; 0.73] 0.33 [0.25; 0.45] 

BoxCox transformation 
IIV HL Bpatient 

0.57 [0.38; 0.83] 0.66 [0.34; 1.05] 

EC50 BDQ effect on  
HL Bpatient, mg/L 

1.57 [1.26; 1.98] 1.42 [1.00; 2.05] 

Baseline TTP effect on  
N0 Bpatient 

-3.65 [-3.95; -3.37] -3.69 [-4.15; -3.30] 

pre-XDR effect on  
HL Bpatient, % 

21.6 [5.7; 39.9] 

28.1 [9.1; 51.5] 
XDR effect on  
HL Bpatient, % 

85.6 [38.3; 156.5] 

p_preT effect on  
HL Bpatient, % 

27.6 [10.7; 51.0]  

IOV sputum sampling 
Bpatient (variance) 

3.71 FIX  3.71 [3.29; 4.38] 

Probability  
of bacterial  
presence 

Pmax bacterial presence 0.969 FIX  0.969 FIX  
Bpatient50 0.5 FIX  0.5 FIX  

Growth  
in MGIT 

Kgrowth,  
1/(day*bacteria) 

3.37×10-6  
[3.06×10-6; 
3.73×10-6] 

1.38×10−6  

[7.77×10−5; 
2.24×10−6] 

Bsputummax, number of 
bacteria 

1.68×105  
[1.47×105; 
1.89×105] 

4.76×105  

[2.79×105; 
8.88×105] 

Scaling of hazard 2.63×10-6  
[2.24×10-6; 
3.15×10-6] 

9.52×10−5  
[5.08×10−5; 
1.64×10−6] 

Abbreviations: BDQ, bedaquiline; Bpatient50, bacterial load in patient corresponding to 50% of 
Pmax; Kgrowth, growth rate in MGIT; B

sputum
max, maximum bacteria carrying capacity in 

MGIT; CI, confidence interval; N0, bacterial load in patient at time 0; IIV, inter-individual 
variability; HL, Half-life of bacterial decline in patient; Pmax, maximal probability; p_preT, 
presence of TB pre-treatment. 
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Safety model 

QTc prolongation (Paper III) 

The time course of QTcF interval was described by a model accounting for 

the drug effect and the effects of circadian rhythm, time on treatment, concur-

rent use of medication with QT liability (clofazimine and/or moxifloxacin), 

age, sex, race, calcium and potassium levels on the baseline QTcF interval. 

Bedaquiline’s main metabolite M2 was found to be the driver of the drug-

induced QTcF prolongation, and was best described with an Emax model.  

The structural components of the model are depicted in Figure 5, and the di-

rection and size of the covariate effects are illustrated in Figure 6. In short, the 

QTcF interval increased with higher age, in non-black patients, in females, 

and by hypokalaemia and hypocalcaemia. Visual predictive checks and pa-

rameter estimates of the final model (displayed as priors for the model in Pa-

per IV) are shown in Figure 7 and Table 7 respectively.  

 

Figure 5. Illustration of the typical profile of QTcF interval over time without co-
medication (full line) as well as the typical profile of the drug effect (dotted line), the 
time effect (dot-dashed line) and the baseline QTcF0 (dashed line). The circadian 
rhythm is depicted by the shaded area around the typical profile of QTcF interval.  
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Figure 6. Illustration of the direction and size of each covariate effect on baseline 
QTcF0. Continuous covariates are displayed as the 5th and 95th percentile of the co-
variate range. Categorical covariates are compared to the other category. The bands 
show the 90% confidence interval around the point estimate. The vertical dashed line 
represents the typical individual: a 33-years old non-black male subject with potas-
sium (K) levels of 4.2 IU/L and calcium (Ca) levels of 2.45 IU/L. 

 

 

Figure 7. Visual predictive checks of the final QTcF interval model represented as 
QTcF interval (panel A) or change from baseline (panel C) over time after start of 
treatment per arm, and QTcF interval (panel B) or change from baseline (panel D) 
over individual predicted M2 concentrations in the bedaquiline group  
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Pharmacodynamic interaction of bedaquiline and delamanid co-

administration on QTcF interval prolongation (Paper IV)  

The ability of both bedaquiline and delamanid (and/or their respective main 

metabolites) to influence QTcF interval, alone or jointly, was explored. 

Briefly, first the developed model in Paper III was validated with the M2 data 

from the DELIBERATE trial; secondly, DM-6705 was found to be the driver 

of the drug-induced QTcF prolongation, assessing delamanid/DM-6705 data 

only; and finally, the pharmacodynamic interaction between M2 and DM-

6705 was assessed on all data from the 3 arms.  

The PD interaction between the two metabolites was best described by a com-

petitive binding model where each analyte acts as an agonist of the receptor 

(by binding and blocking the hERG potassium channel) and competes with 

thus reducing the other metabolite’s apparent potency (i.e. increasing apparent 

EC50, see Equation 6). The generated combined effect was not superior and 

close to “additivity” as depicted in Figure 8.  

The final parameter estimates are presented in Table 7.  

 

𝐷𝐸 =
𝐸𝑚𝑎𝑥∗[𝑀2]

𝐸𝐶50,𝑀2∗(1+
[𝐷𝑀−6705]

𝐸𝐶50, 𝐷𝑀−6705
)+ [𝑀2]

+
𝐸𝑚𝑎𝑥∗[𝐷𝑀−6705]

𝐸𝐶50,𝐷𝑀−6705∗(1+
[𝑀2]

𝐸𝐶50, 𝑀2
)+ [𝐷𝑀−6705]

  

Eq.6 

 

 

Figure 8. Drug-induced QTcF increase versus M2 or DM-6705 concentrations, strat-
ified by arm. For the bedaquiline+delamanid arm (green line), for each panel, while 
the concentration of one metabolite is increasing, the concentration of the other me-
tabolite is constant (set to median of observed concentrations) 
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Table 7. Parameter estimates and uncertainty for the final exposure-safety model on 
QTcF prolongation, with DELIBERATE data, and priors from C208/C209 data. 

  
Estimates  

DELIBERATE 
Priors 

C208 / C209 

Sub- 
model 

Parameters (unit) 
Value 

[RSE%] 
IIV %CV 
[RSE%] 

Value 
[RSE%] 

IIV %CV 
[RSE%] 

B
as

e 

QTcF0 (ms) 401 [0.312] 3.73 [7.52] 400 [0.328] 3.75 [3.80] 

D
ru

g
 

ef
fe

ct
 Emax

 a
 (ms) 25.9 [14.4]  28.6 [13.6]  

EC50,M2 (ng/mL) 695 [30.1] 155 [13.6] 855 [24.4] 148 [11.8] 

EC50,DM-6705 (ng/mL) 205 [40.9]  - - 

T
im

e 
ef

fe
ct

 

QTmax (ms) 7.09 [8.72] 166b [10.3] 6.50 [11.8] 167b [12.7] 

T1/2 (weeks) 7.52 [13]  6.44 [17.9]  

C
ir

ca
d

ia
n
 

rh
y

th
m

 A24 (ms) 2.96 [40.9]  2.76 [43.9]  

φ24 (hours) 4.76 [27.3]  4.91 [26.6]  

A12 (ms) 1.51 [25.6]  1.46 [26.7]  

φ12 (hours) 4.32 [24.1]  4.50 [23.4]  

C
o

- 
m

ed
ic

at
io

n
 c  

θCLOFAZIMINE (ms) -  11.8 [15.6]  

θMOXIFLOXACIN (ms) -  2.47 [98.4]  

C
o

v
ar

ia
te

s 

θCALCIUM (ms per  
IU/L) 

-8.74 FIX  -8.74 [28.3]  

θPOTASSIUM (ms per 
IU/L) 

-1.25 [36.2]  -1.25 [38.5]  

θFEMALE (ms) 6.67 [21]  7.75 [19.1]  

θBLACK (ms) -7.14 [18.6]  -6.86 [21.3]  

θAGE (ms per year) 0.366 [15]  0.349 [17.0]  

R
U

V
 

Additive ε (ms) 8.77 [3.98] 20.0 [8.9] 8.19 [1.81] 21.2 [11.2] 

Box-Cox IIV d ε 3.89 [21.5]  4.11 [24.0]  

Additive εrepl (ms) 5.29 [3.13] 23.5 [4.96] 6.87 [1.47] 23.9 [5.57] 

Box-Cox IIV d εrepl 0.874 [34.7]  0.825 [40.5]  

Abbreviations: CV: coefficient of variation, IIV: inter-individual variability, RSE: relative 
standard error, RUV: residual unexplained variability. CV is reported as the square root of the 
variance. RSE of IIV and RUV is reported on the approximate standard deviation scale (stand-
ard error/variance estimate)/2. 
a Same maximal effect parameter (Emax) for M2 and DM-6705 
b IIV coded with a proportional model, whereas the others are coded with an exponential model 
c Covariates included a priori given the prior knowledge of these drugs on QTc interval 
d Parameter estimate of the Box–Cox transformed distribution of IIV on ε components 
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Transaminase enzymes (Paper III) 

The analysis of transaminase hepatic enzyme levels over time did not identify 

any significant difference between the bedaquiline and placebo treatment arms 

(also when considering C208 data only). In addition, none of the tested static 

or time-varying PK metrics could describe the transaminase level elevation.  

The final models for both ALT and AST are described by Equation 7 and 

Equation 8, and the final parameter estimates displayed in Table 8. Both ALT 

and AST enzyme levels at baseline (TRANS0) were influenced by an effect of 

the MBT (BGtreat) accounting for the fact that patients were either treatment 

naïve or treatment-experienced before bedaquiline start. The possibility of 

MBT being different between C208 and C209 studies was not statistically sig-

nificant for either of the analytes. The time course of AST levels was further 

described by an effect of time after start of treatment, characterized by an 

Emax function (Equation 8).  

 

              𝑇𝑅𝐴𝑁𝑆𝐴𝐿𝑇 = 𝑇𝑅𝐴𝑁𝑆0,𝐴𝐿𝑇 + 𝐵𝐺𝑡𝑟𝑒𝑎𝑡,𝐴𝐿𝑇                                    Eq. 7 

              𝑇𝑅𝐴𝑁𝑆𝐴𝑆𝑇 = 𝑇𝑅𝐴𝑁𝑆0,𝐴𝑆𝑇 + 𝐵𝐺𝑡𝑟𝑒𝑎𝑡,𝐴𝑆𝑇 +
𝑇𝑚𝑎𝑥,𝐴𝑆𝑇∗𝑇𝑖𝑚𝑒

𝑇50𝐴𝑆𝑇+𝑇𝑖𝑚𝑒
          Eq. 8 

 

Table 8. Parameter estimates and uncertainty for the final exposure-safety model on 
hepatic enzyme levels 

Sub-model Parameters (unit) 
Value  
[RSE%] 

IIV %CV 
[RSE%] 

Correlation 
IIV % 
[RSE] 

Baseline 
TRANS0,ALT (IU/L) 18.4 [3.35] 44.4 [3.96] 

57.6 [5.82] 
TRANS0,AST (IU/L) 22.6 [2.12] 29.1 [4.17] 

Background TB 
treatment effect 

BGtreat,ALT (%) -16.1 [18.2]   

BGtreat,AST (%) 12.4 [13.9]   

Time effect 
Tmax,AST (%) 14.8 [11.0]   

T50,AST (weeks) 3.92 [34.6]   

RUV 

Proportional RUVALT 
(%CV) 

32.6 [2.28] 31.3 [6.28] 
85.4 [6.05] 

Proportional RUVAST 
(%CV) 

20.7 [2.65] 38.1 [5.38] 

Correlation RUVALT ‐ 
RUVAST (%) 

65.6 [2.69]   

Abbreviations: CV: coefficient of variation, IIV: inter-individual variability, RSE: relative 
standard error, RUV: residual unexplained variability. CV is reported as the square root of the 
variance. RSE of IIV and RUV is reported on the approximate standard deviation scale (stand-
ard error/variance estimate)/2. 
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Simulations 

The final developed PK and PK-PD models were used to answer question of 

clinical interest.  

 

• What dose regimen would treatment-naïve patients with pre-XDR 

and XDR TB need to achieve the same MGIT response as patients 

with MDR TB (i.e. median TSCC of 7 weeks)? 

Increasing the dose and switching to a once-daily dosing throughout the 24 

weeks of treatment for both pre-XDR and XDR patients would be needed to 

achieve the same efficacy profile as MDR patients (Table 9).  

For pre-XDR TB patients to reach the same median time to SCC and percent-

age of patients without SCC at week 8 and 20 as MDR TB patients, an increase 

in daily bedaquiline doses by 25% for the loading phase and 133% for the 

maintenance phase would be required. For XDR TB patients the correspond-

ing increases would need to be 150% and 483%, respectively. 

Table 9. Standard and alternative dosing regimens simulations for treatment-naïve 
MDR, pre-XDR and XDR TB patients 

 
Standard 

dosing regimen 
Alternative 

dosing regimen 

 

400mg qd 2 weeks, 
then 200mg q3w 

500mg qd 
2 weeks, 

then 200mg qd 

1000mg qd 
2 weeks, 

then 500mg qd 

MDR 
pre-

XDR 
XDR pre-XDR XDR 

Median time to 
SCC [weeks] 

7 9 13 7 7 

% of patient 
without SCC at 

week 8 
42 50 73 42 40 

% of patient 
without SCC at 

week 20 
14 18 31 13 12 

MDR, multi drug-resistance; XDR, extensive drug-resistance; SCC, sputum culture conversion; 
qd, once daily; q3w, three times a week 

 

• What would be the efficacy and safety profile of bedaquiline treat-

ment, as well as the safety profile of bedaquiline + delamanid com-

bination, under the alternative once daily dosing regimen? 

 

The tested once daily regimens are: 

- For bedaquiline: 200 mg qd for 8 weeks, then 100 mg qd for 16 weeks 

- For delamanid: 300mg qd for 24 weeks 
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Figure 9. Simulations of once daily regimen pharmacokinetics, efficacy and safety, 
compared to the standard regimen. The solid lines represent the median of the simu-
lated data, and the limits of the shaded area represents the 2.5th and 97.5th percentiles 
of the simulated data. For the efficacy profile, the full, dotdashed and dashed lines 
represent the predictions for MDR, pre-XDR and XDR TB patients respectively.  
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Discussion 

This thesis describes the development of pharmacometric models aiming at 

optimizing the dosing regimens of new drugs for the treatment of DR-TB, 

focusing on bedaquiline and delamanid. As depicted in Figure 10 in grey, this 

thesis included the characterization of the population PK of delamanid and its 

main metabolite DM-6705, as well as the exposure-response relationships of 

bedaquiline efficacy, and bedaquiline and delamanid safety. In Figure 10, ex-

posure of bedaquiline is not highlighted as the model describing bedaquiline 

and M2 PK was used but previously published [28]. Those models were used 

to predict efficacy and safety profiles of new tested dosing regimen, such as 

once daily regimens.  

 

Figure 10. General overview of the models developed in this thesis 

The first facet of this thesis, as it is generally for pharmacometric approaches, 

is exposure to the drugs or PK. At the time when the analysis of delamanid 

and DM-6705 PK was started, there was no population pharmacokinetic 

model of delamanid in the literature. While the literature on delamanid holds 

now pharmacometric models for delamanid PK in adults [46] and for 

delamanid + DM-5705 PK in children [47], in Paper I, our model describes 

delamanid + DM-6705 PK in adults. This model was a neat addition to the 
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existing models as it described the PK of DM-6705 (seen to be involved in 

safety concerns) in adults, and allowed us to explore with clinical data the 

different possible role of albumin levels in delamanid and DM-6705 PK. In-

deed: 

• on the one hand, it has been established in-vitro that albumin me-

tabolizes delamanid into DM-6705 [11, 48]. The metabolism of 

delamanid is then proportional to albumin levels. It has also been 

shown that albumin levels tend to increase in TB patients who get 

treated [28, 49, 50]. So, a decrease in albumin concentration would 

then lead to a decrease of delamanid unbound clearance.  

• on the other hand, both delamanid and DM-6705 are highly protein 

bound (>99.5%) [11]. So, the fraction unbound (fu) of delamanid is 

inversely proportional to albumin concentrations. A decrease in al-

bumin concentrations would then lead to decreased protein binding 

and, thus, to increased fu.  

 

The different scenarios for inclusion of albumin on delamanid clearance were 

tested in our modelling approach but none resulted in a significant improve-

ment of the model fit to the data. The predicted time course of albumin levels 

over time did not correlate with delamanid clearance, and the observed hypo-

albuminemia in patients at baseline (ranging from 23 to 44 g/L with a median 

value of 33 g/L, while the normal range is 34 -54 g/L) did not result in a sig-

nificant higher delamanid clearance, even when implementing the relation de-

scribed by Wang et al. [46]. A possible explanation of not detecting an effect 

of albumin could be that it is known that total clearance is equal to unbound 

clearance times fraction unbound ([51], eq(2:185)), and as those processes 

counteracting each other, total clearance would then be expected to not be 

related to albumin changes. Regarding the covariate analysis, apart from the 

allometric scaling factors, none of the demographics were significant as co-

variate (age, sex, race and HIV co-infection/dolutegravir co-administration). 

In addition to no observable drug interaction with dolutegravir, no drug-drug 

interaction was found with bedaquiline co-administration. While those drug 

interactions were not anticipated, this study provides assurance that they are 

not present.  

The second facet of this thesis is efficacy, by focusing on bedaquiline expo-

sure-efficacy analysis in Paper II. The previously reported exposure-response 

relationship between bedaquiline weekly average concentrations and myco-

bacterial load in patients, was validated using external data from an interven-

tional open-label phase IIb study. The relationship was described by an Emax 

function, where bedaquiline concentrations affect the half-life of the decline 

of bacterial load in patients, so that higher concentrations will increase the 

elimination rate constant and then speed up the clearing of the bacteria. Thus, 
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the typical bedaquiline weekly average concentration required to achieve half 

of the expected maximal drug effect was 1.57 mg/L with C209 data, corre-

sponding approximately to the exposure observed at week 2 after the loading 

period. This suggests that under the approved regimen, bedaquiline levels are 

not achieving the maximal possible effect and that higher exposures early in 

the treatment process may lead to faster clearing of the infection.With the use 

of data from a more heterogeneous population, the previously published 

model was extended with 2 new components: disease severity and presence of 

pre-treatment. Indeed, the model depicted that the more sever the drug re-

sistance (MDR, pre-XDR, and XDR) is, the longer it will take to clear the 

bacteria. This translated to a median TSCC of 7 weeks for patients with MDR 

TB versus 9 weeks for patients with pre-XDR TB and 14 weeks for patients 

with XDR TB. The two most likely reasons for the observed difference are a 

less efficient background regimen in patients with pre-XDR and XDR TB and 

a difference in disease severity. It is reasonable to expect that patients with 

XDR TB have carried the infection longer and therefore have a more advance 

pathophysiology. The latter would lead to a slower treatment response since 

drug distribution to the sites where mycobacteria reside is severely limited in 

cavitating disease. Secondly, it was found that patients that were pre-treated, 

e.g. had other TB therapy within a month of starting bedaquiline in study 

C209, exhibited slower clearance of the bacteria. One possible explanation is 

that after receiving some TB therapy, multiplying bacteria are already cleared 

whereas non-multiplying bacteria or persisters remain, being then more diffi-

cult to clear from the body. Other possible explanations are bias from patient 

selection, different effectiveness of the background TB regimen, or a multi-

phasic mechanism of bacterial clearance not captured by the model. Nonethe-

less, because of the lower starting bacterial load (15.1 days for pre-treated pa-

tients vs 7.5 days for treatment-naïve patients), pre-treated patients still 

achieve SCC faster than treatment-naïve patients. This is in line with the out-

come from the clinical trials (median TSCC of 57 days in C209 where 91% of 

the patients were pre-treated vs 83 days in the bedaquiline arm of C208 stage 

2 which had no pre-treated patients). The estimate of the half-life of bacterial 

decline in treatment-naïve patients in C209 is consistent with what was found 

in C208 (0.90 days (95%CI 0.81-0.97) in C209 and 0.81 days (95%CI 0.71-

0.93) in C208).  

In spite of the sparser sampling for TTP evaluation in C209 trial, compared to 

the C208 study which was used to develop the reference model, the parameter 

estimates were well estimated, with the use of priors from C208 study. It al-

lowed both C208 and C209 studies to influence the final estimates. For exam-

ple, for some parameters, like the variability between MGIT replicates, the 

information was assumed to be supported by study C208. For the other pa-

rameters, like the separate estimates for pre-XDR and XDR, all information 

came from the C209 study which alone contained such information.  
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The third facet of this thesis is safety, as in general, no effective treatment 

comes without the drawback of generating some side effects. While bedaqui-

line and delamanid are overall well tolerated, they share the same principal 

toxic effect that is the ability of prolonging the heart QTc interval. In Paper 

III and IV, we aimed at describing the relationships between plasma drug 

concentrations, and the observed QTcF interval increase. 

In Paper III, the safety concerns of bedaquiline treatment was scrutinized, 

with major considerations made on QTcF prolongation. The model aimed at 

describing the relationship between drug concentrations and QTcF prolonga-

tion, but also to a wider extent at describing the subject-related factors impact-

ing QTcF. For the drug-induced QTcF prolongation, M2 metabolite concen-

trations were predicted to be the driver of the effect. While in vitro experi-

ments supported the use of competitive interaction models [52], because both 

bedaquiline and M2 were shown to bind the same cardiac receptor, the more 

complex interaction model was not significantly better at describing the data 

than a simpler Emax model for M2 concentrations alone.  

Among the system-specific factors affecting QTcF interval that have been in-

cluded in this safety framework, some were expected because previously re-

ported in the literature, such as the circadian pattern of QTcF. By contrast, the 

effect of time in study is more subject to discussion as it can be attributed to 

different reasons. One reason could be the possible “accumulation of other 

metabolites” which has been described in another publication in TB patients 

where a time trend following the same dynamics has been reported [53]. In-

deed, M3 is a subsequent metabolite of M2, which has been reported to be  

bacteriologically inactive but potentially associated with some cardiac toxic 

effects [54]. However, this effect of time has been described in both placebo 

and bedaquiline treated arms. Another reason could reside in the method used 

to correct the QT interval. While the Fridericia factor is widely used, it has 

been reported to be less reliable at high heart rates where it under-corrects the 

QT interval [23, 55]. A patient with tachycardia (>100 bpm) will appear to 

have a short/low QTcF interval, and when this patient will be becoming 

healthier (i.e. decreasing heart rate), there will be the appearance of QTcF be-

ing prolonged compared to baseline. With this in mind and the fact that 12% 

of the patients in our analysis have a baseline heart rate > 100 bpm, the miss-

correction of QT interval may for some patients explain the effect of time on 

treatment. The remaining subject-related factors found to affect QTcF inter-

val, had been previously reported in, and were in accordance with, the litera-

ture (age, race, sex or electrolyte levels) [56]. However, no disease related 

factors (TB resistance type or HIV co-infection) were found significant as co-

variates, and that no covariate was included on EC50,M2 or QTmax despite their 

large inter-individual variability (148%CV and 167%CV respectively).  
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In Paper IV, regarding delamanid treatment, the QT prolongation’s ability 

was also attributed to the main metabolite only, DM-6705. With bedaquiline 

and delamanid concomitant use, the PD interaction was inspected to look after 

potential toxic synergism in QTcF prolongation (e.g. superior than additive 

effect). While a flexible model was considered to allow the interaction to be 

either additive, antagonistic or synergistic, a simpler competitive binding 

model was selected as being the best to describe the data. Indeed, when com-

pared to the Bliss Independence theorem, the flexible model indicated an an-

tagonistic relationship between the metabolites, supporting the use of the com-

petitive interaction models. For the same reasons than when tested for the par-

ent and metabolite drugs, the use of the competitive binding model for M2 and 

DM-6705 denotes the fact that the two metabolites both act as agonists of the 

hERG receptor (by binding and blocking the hERG potassium channel), but 

will act as antagonists for the other metabolite by competing to bind to the 

same receptor. Therefore, each metabolite reduces the other metabolite’s ap-

parent potency (i.e. increasing apparent EC50, see Eq.4). This results in a shift 

of the concentration-response curve to the right, meaning that a larger concen-

tration of drug is required to give the same prolongation of the QTcF interval 

in the presence of the other metabolite. The ratios of median concentration to 

typical EC50 for each metabolite were of the same magnitude (0.25 for M2 

and 0.33 for DM-6705), depicting similar extent of effect for both metabolites 

on each other’s potency, in the range of analyzed concentrations. The gener-

ated combined effect of M2 and DM-6705 was no greater than (and close to) 

additivity, in the analysed range of concentrations.  

The second (minor) focus of the safety analysis of bedaquiline treatment, in 

Paper III, was the elevation of transaminase hepatic enzyme levels over time. 

The model-based approach could not relate the transaminase elevation with 

bedaquiline intake, despite the higher levels observed in the bedaquiline-

treated arm. Once again, this could be the result of a patient selection bias, 

where the confounding factors (alcohol abuse, other hepatic disorder, hepato-

toxic comedication) were not accounted for in the treatment allocation, and 

the  lack of specificity of transaminase increase, which is often just an indica-

tion of general liver damage, so difficult to impute to a specific drug. To note 

that the effects implemented in our model, such as of the multi-drug back-

ground therapy and the time after start of treatment (on AST) may delineate 

underlined long-term effects of hepatotoxic drugs or slow progressing hepatic 

disease.  

Finally, all the facets of this thesis describe inter-connected relationships that 

can be used together to inform the benefit-risk balance of new treatments.  
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Usefulness of model-based approaches 

While the two drugs of focus in this thesis have been approved under acceler-

ated approvals for the benefit they gather to the patients with DR-TB and their 

relatively good tolerability, there is room for improvement regarding their 

dosing regimens. For adults, bedaquiline is currently approved with the dosing 

schedule of 400 mg once a day for 2 weeks, and thereafter 200 mg three times 

a week (with at least two days between two doses) for the remaining 22 weeks. 

For its part, delamanid is approved as a 100 mg dose twice daily. That is why, 

there is a need for refined dosing regimens to improve patients’ quality of life 

as well as logistics for programs for provision of multidrug regimens. The 

current hope is to aim to provide to patients with DR-TB all-oral regimens 

(phasing out the injectable second-line agents) that the patients would take 

only once a day. That is what is currently tested in clinical trials, such as the 

ZeNix trial [44] (mentioned in Paper II) or the DRAMATIC trial [45]. 

In this thesis, we demonstrated how model-based approaches allow prediction 

of expected outcomes and undesirable effects, under alternative dosing regi-

mens. After predicting the PK profiles of bedaquiline, delamanid and their 

metabolites under once daily regimens, we checked the performances of the 

exposure-efficacy and exposure-safety relationships, as depicted in Figure 9. 

We found that, for bedaquiline treatment, a similar treatment response can be 

expected with once daily regimens compared to the approved regimens, with-

out leading to a higher risk of cardiac events. In addition, when adding 

delamanid on top of bedaquiline, the simulations suggested that once-daily 

regimens of bedaquiline and delamanid taken together are as safe as the ap-

proved regimens, with a maximum median change from baseline QTcF in-

crease of 20 ms in both regimens.  

In Paper II, we also demonstrated that it would be possible to suggest dosing 

regimens adapted to each TB patients subpopulation (with different resistance 

to treatment severity) aiming for the same treatment response for everyone. 

For example, bedaquiline exposures after dose adjustment proposed for pa-

tients with pre-XDR TB would be in the same range as exposures obtained 

when bedaquiline is co-administered with lopinavir/ritonavir [17].  

Another application of model-based approach than refining dosing regimens, 

was exemplified in “Papers not included in this thesis”. With the help of the 

model from Paper III, simulations were performed to demonstrate the impact 

of ECG monitoring strategies on the identification of patients who need to 

interrupt bedaquiline treatment (QTcF >500 ms) without generating unreason-

ably large numbers of erroneous treatment interruptions.  
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Conclusion 

This thesis demonstrates how data from PK, efficacy and safety in TB treat-

ment can be linked to investigate how they correlate with each other, by mak-

ing use of all the quantitative information of the data. The developed models 

can serve as the basis for an integrated framework to investigate the optimized 

dosing regimen that would best balance benefits and risks and therefore im-

prove clinical benefit-risk of new therapies against DR-TB.  

Specific findings are :  

 

• A population pharmacokinetic model was developed to character-

ize the concentration-time course of delamanid and its main metab-

olite DM-6705 in adults. Albumin concentrations, bedaquiline co-

administration, and HIV co-infection (dolutegravir co-administra-

tion) were not found to impact delamanid and DM-6705 PK 

 

• A previously defined exposure-efficacy relationship between be-

daquiline plasma concentrations and mycobacterial treatment re-

sponse was confirmed with data from a more-difficult to treat pop-

ulation 

 

• A multi-factorial model-based framework described the drug-spe-

cific and subject-related components affecting the cardiac QTcF in-

terval, under bedaquiline treatment in adult patients with DR-TB  

 

• A link between concentrations of bedaquiline’s main metabolite 

(M2) and QTcF prolongation was established. Higher exposures 

(up to twice the highest observed concentrations) were shown not 

to be expected to lead to higher risks of QTcF prolongation.  

 

• The pharmacodynamic interaction model between bedaquiline and 

delamanid’s main metabolites indicated no cardiac synergic tox-

icity (on QTcF interval) for this co-administration.  
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• Simulations supported the use of simpler once daily regimens, both 

in term of efficacy and safety of bedaquiline treatment, and safety 

for the combination of bedaquiline and delamanid.  

Future perspectives as an extension to this work include, but are not limited 

to:  

 

• Characterizing the mechanistic role of albumin in metabolizing 

delamanid into DM-6705 in patients, by collecting the free 

delamanid concentrations time course 

 

• Expanding model-based approaches of modeling TTP data to other 

introduced regimens  

 

• Defining a more appropriate QT interval correction for the variation 

in heart rate over time 

 

• Accounting for PK DDI (e.g. with antiretroviral drugs such as lop-

inavir/ritonavir), as well as PD DDI, such as concomitant use of 

drugs with QT liability (e.g. bedaquiline, delamanid and clo-

fazimine) in performed predictions 

 

• Finally, but most importantly, integrating all relevant models into a 

pharmacometric framework for exposure, efficacy, and safety to 

explore different dosing scenarios for different populations and 

therapies, and aiming to find the optimal regimen for patients with 

DR-TB 
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