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3HP Three months of weekly rifapentine plus isoniazid 
ADME Absorption, distribution, metabolism, and excretion 
AIC Akaike information criterion 
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AUC Area under the concentration-time curve 
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HIV Human immunodeficiency virus 
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IUATLD International Union Against Tuberculosis and Lung Disease 
LAM Lipoarabinomannan 
LLOQ Lower limit of quantification 
LLP Log-likelihood profiling 
LTBI Latent tuberculosis infection 
M2EF Effect of the M2 metabolite on heart rate/QT 
M3 method Likelihood-based method for handling data below or  
 above the limit of quantification 
MDR-TB Multidrug-resistant tuberculosis 
MGIT Mycobacteria growth indicator tube 
MGIT-TTP Time to positivity in the mycobacteria growth indicator  
 tube system 
MIDD Model-informed drug development 
M. tb Mycobacterium tuberculosis 
MTT Mean transit time 
NAATs Nucleic acid amplification tests 
NCA Noncompartmental analysis 
NIMR-MMRC National Institute for Medical Research, Mbeya Medical  
 Research Centre 
NLME Nonlinear mixed-effects 
NONMEM Nonlinear mixed-effects modelling software 
OD Once daily 
OFV Objective function value 
PATHFAST PATHFAST tuberculosis lipoarabinomannan antigen assay 
PD Pharmacodynamics 
PK Pharmacokinetics 
PopPK Population pharmacokinetics 
PPC Posterior predictive check 
PRED Population prediction 
pre-XDR-TB Pre-extensively drug-resistant tuberculosis 
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QTc Heart-rate corrected QT interval 
QTcB Bazett-corrected QT interval 
QTcF Fridericia-corrected QT interval 
QTcFra Framingham-corrected QT interval 
QTcL Li-corrected QT interval 
QTcO Olliaro-corrected QT interval 
QTcTBT Time-varying, tuberculosis-specific QT correction factor 
QTcVa Van de Water-corrected QT interval 
QTmax Maximum QT change at steady state of the asymptotic  
 function 
RPT Rifapentine 
RPT-CRUSH Paediatric rifapentine bridging trial (Paper III) 
RR R-R interval (time between successive R-wave peaks) 
RRCF R-R interval correction factor exponent 
rRNA Ribosomal ribonucleic acid 
RR-TB Rifampicin-resistant tuberculosis 
RSE Relative standard error 
RT-qPCR Reverse transcriptase quantitative real-time polymerase  
 chain reaction 
RUV Residual unexplained variability 
SAEM Stochastic Approximation Expectation Maximization 
SD Standard deviation 
SIR Sampling importance resampling 
TB Tuberculosis 
TB-MBLA Tuberculosis molecular bacterial load assay 
TEHR Time-on-treatment effect on heart rate 
TEQTc Time-on-treatment effect on QTc (secular trend) 
Tmax Time to maximum plasma concentration 
TPT Tuberculosis preventive treatment 
TTP Time to positivity 
UPPMAX Uppsala Multidisciplinary Center for Advanced  
 Computational Science 
V Volume of distribution 
VPC Visual predictive check 
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Introduction 

Tuberculosis (TB) has coexisted with humanity since ancient times, with evi-
dence suggesting early origins of the genus Mycobacterium [1]. Although 
physical evidence of the disease spans millennia, the earliest written accounts 
of TB date back approximately 3300 years [1]. In 1882, Robert Koch discov-
ered the etiologic agent of TB, Mycobacterium tuberculosis (M. tb) [2]. Since 
Koch’s landmark discovery, TB has remained one of the leading causes of 
death from a single infectious agent worldwide. In 2024, an estimated 10.7 
million people developed active TB disease, resulting in 1.23 million deaths 
[3], despite the disease being preventable and, in the vast majority of cases, 
curable with existing antimicrobial regimens. M. tb is an airborne pathogen 
that most commonly affects the lungs (pulmonary TB), though it can also in-
volve other organ systems (extrapulmonary TB) [3]. The current standard 
treatment of drug-susceptible TB (DS-TB) consists of a six-month regimen 
comprising two months of isoniazid (H), rifampicin (R),  pyrazinamide (Z),  
and ethambutol (E), followed by four months of isoniazid and rifampicin (ab-
breviated as 2HRZE/4HR) [4]. Despite a treatment success rate of around 90% 
for drug-susceptible TB, the persistently high global burden highlights ongo-
ing challenges in early diagnosis, effective and tolerable treatment, and equi-
table healthcare access for underserved populations, including children and 
those in resource-limited settings [3]. 

This thesis addresses challenges in optimising both therapeutic and preven-
tive TB treatment, using pharmacometric, i.e. model-based, approaches ap-
plied across the continuum of TB drug development and clinical care, includ-
ing bridging drug exposure evidence to paediatric populations, monitoring 
treatment response with novel biomarkers, and ensuring the cardiac safety of 
QT-prolonging anti-TB drugs. The following sections introduce the disease 
and its treatment, the pharmacometric framework used throughout this work, 
and the specific knowledge gaps addressed in Papers I through IV. 
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Drug-resistant tuberculosis 
The emergence and ongoing transmission of drug-resistant M. tb strains con-
tinue to threaten global TB control. The World Health Organization (WHO) 
categorises drug-resistant TB into five groups based on resistance profiles [3]. 
Isoniazid-resistant TB (Hr-TB) [5] is defined as resistance to isoniazid with 
retained susceptibility to rifampicin. Rifampicin-resistant TB (RR-TB) de-
notes resistance to rifampicin with or without resistance to other drugs. Mul-
tidrug-resistant TB (MDR-TB) is defined as resistance to both rifampicin and 
isoniazid. Pre-extensively drug-resistant TB (pre-XDR-TB) is defined as 
MDR/RR-TB with additional resistance to any fluoroquinolone. Extensively 
drug-resistant TB (XDR-TB) is defined as MDR/RR-TB with resistance to 
any fluoroquinolone and at least one of bedaquiline or linezolid. In 2024, an 
estimated 390,000 people developed MDR/RR-TB globally [3]. Because reg-
imen selection is driven primarily by rifampicin-resistance status, MDR-TB 
and RR-TB are managed with similar treatment strategies. 

Historically, treating MDR/RR-TB required 18 to 24 months of therapy 
with poorly tolerated, often injectable second-line agents [6, 7]. This paradigm 
shifted with the WHO’s 2022 guideline updates [8], which endorsed short, 
fully oral six-month regimens – such as bedaquiline, pretomanid, linezolid and 
moxifloxacin (BPaLM) [9, 10]. These shorter regimens have substantially im-
proved treatment outcomes and reduced pill burden compared with earlier in-
jectable-based therapy. When a short regimen is contraindicated, for example 
due to resistance to a core component or drug intolerance, longer, individual-
ised regimens remain necessary and are typically associated with lower treat-
ment success rates. 

Latent tuberculosis 

Some individuals exposed to M. tb might not develop active disease. Latent 
TB infection (LTBI) is defined by the WHO as a state of persistent immune 
response to M. tb antigens without evidence of clinically manifest active TB 
[11]. The global burden of LTBI was estimated at 23.0% of the world’s pop-
ulation in 2014, corresponding to approximately 1.7 billion people, of whom 
5.9% were children [12]. However, the binary classification of latent infection 
versus active disease has increasingly been questioned. TB is now more com-
monly understood as a continuum, spanning contained infection, incipient and 
subclinical disease, where individuals are microbiologically detectable but 
asymptomatic, to clinically manifest active disease [13]. 

The risk of progression from latent to active disease is low. Approximately 
5% of otherwise healthy adults with LTBI develop active TB within the first 
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two years after infection, with progression risk declining thereafter [14]. This 
risk is markedly higher among people living with human immunodeficiency 
virus (HIV), and among individuals with malnutrition, diabetes, or a history 
of smoking, as well as in children younger than five years [11, 14, 15]. 

TB preventive treatment (TPT) substantially reduces the risk of progression 
from infection to active disease and is recommended by WHO for household 
contacts of people with pulmonary TB, people living with HIV, and other clin-
ical risk groups [16]. Recommended regimens for contacts of drug-susceptible 
TB include six months of daily isoniazid (6H), three months of weekly 
rifapentine plus isoniazid (3HP), one month of daily rifapentine plus isoniazid 
(1HP), three months of daily rifampicin plus isoniazid (3HR), and four months 
of daily rifampicin alone (4R). A six-month levofloxacin-based regimen (6-
Lfx) is recommended for contacts of MDR/RR-TB [16]. Shorter regimens 
such as 3HP and 1HP are increasingly preferred over the historical 6- to 9-
month isoniazid monotherapy, since treatment completion declines with regi-
men length [17, 18]. Children accounted for approximately 11% of new TB 
cases but a disproportionate 14% of TB deaths in 2024 [3], underscoring the 
importance of TPT in this population. However, uptake of these shorter regi-
mens in children has been constrained by the limited availability of child-
friendly rifapentine and isoniazid formulations, a gap that motivated the pae-
diatric dose-bridging work presented in Paper III of this thesis. 

Diagnosis and treatment monitoring of tuberculosis 
Diagnosis of pulmonary tuberculosis 
Diagnosis of TB relies on clinical assessment, i.e. symptom screening, physi-
cal examination and chest radiography, together with microbiological confir-
mation, while treatment monitoring relies primarily on serial bacteriological 
testing [4, 19]. WHO recommends low-complexity automated nucleic acid 
amplification tests (NAATs), such as Xpert® MTB/RIF and Xpert® MTB/RIF 
Ultra (Cepheid) or Truenat™ MTB Plus/MTB-RIF Dx (Molbio), as the initial 
diagnostic test for TB and rifampicin resistance in sputum, in place of smear 
microscopy or phenotypic drug susceptibility testing (DST) [20].  

Treatment monitoring of pulmonary tuberculosis 
During treatment, response and drug toxicity are monitored through regular 
history taking, physical examination, chest radiography, laboratory testing, 
supplemented by drug-specific investigations where relevant, such as electro-
cardiography for QT-prolonging regimens or peripheral neurological exami-
nation for neurotoxic agents [4, 21]. Smear microscopy and mycobacterial 
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culture remain the cornerstone of bacteriological treatment monitoring. For 
drug-susceptible TB, sputum smear microscopy is recommended at the end of 
the second month of treatment. Practice regarding culture testing varies sub-
stantially between settings and programmes, ranging from culture reserved for 
patients with inadequate clinical improvement or persistent smear positivity 
at the end of treatment, to routine monthly culture in all patients regardless of 
clinical response. In contrast, monthly sputum culture is recommended for pa-
tients with MDR/RR-TB  [4, 21].  

Beyond programmatic monitoring, culture-based measures, most com-
monly time to sputum culture conversion, serve as the standard efficacy end-
point in clinical trials evaluating new anti-TB regimens [22, 23]. Although 
culture-based methods remain the reference for bacteriological monitoring, 
they have important limitations. Culture may require several weeks to confirm 
a negative result, delaying the recognition of treatment failure, and results can 
be affected by contamination and drug carryover [24–28]. These limitations 
highlight the need for more rapid and reliable approaches to monitoring treat-
ment response. Several quantitative biomarkers have therefore been devel-
oped to provide earlier assessment of bacterial burden and treatment response. 
Their characteristics, advantages, and potential applications in TB drug devel-
opment are discussed in the following section and are further investigated in 
Paper IV of this thesis. 

Biomarkers of tuberculosis treatment response 
Time to positivity in liquid culture 
Bacterial burden in TB was traditionally quantified using colony-forming unit 
(CFU) counts from solid-media culture, especially  in early bactericidal activ-
ity studies using serial sputum colony counting [29]. More recently, time to 
positivity (TTP) in the MGIT liquid culture system (MGIT-TTP) has become 
the primary biomarker for assessing treatment response. Rather than directly 
enumerating colonies, MGIT-TTP estimates bacterial burden from the time 
required for the culture to reach a detectable growth threshold [22–24, 30]. 
Because the MGIT system is automated, measuring TTP is less labour-inten-
sive than manual CFU counting. Supported by its strong correlation with CFU 
counts, particularly at early treatment time points when bacterial burdens are 
higher, MGIT-TTP has become widely used to evaluate drug efficacy in TB 
clinical drug development [22, 23]. MGIT liquid culture is nonetheless prone 
to contamination, in addition to a turnaround time of up to six weeks for a 
negative result and susceptibility to drug carryover, all of which can lead to 
inaccurate determinations of treatment response [24–28]. 
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Novel biomarkers 
To overcome the limitations of culture-based methods, the TB molecular bac-
terial load assay (TB-MBLA) provides a culture-independent measure of bac-
terial burden by quantifying 16S ribosomal RNA using reverse transcriptase 
quantitative real-time polymerase chain reaction (RT-qPCR). Because the as-
say does not depend on bacterial replication, it avoids the incubation of several 
weeks required by culture-based methods, enabling rapid turnaround and 
avoiding many of the contamination issues associated with culture. RT-qPCR 
quantification of 16S rRNA additionally offers high analytical sensitivity for 
detecting viable m. tb bacilli [31, 32]. 

Lipoarabinomannan (LAM), a glycolipid component of the mycobacterial 
cell wall, represents another culture-independent biomarker of bacterial bur-
den in sputum. Early quantitative LAM assays were based on enzyme-linked 
immunosorbent assay (ELISA) platforms [33, 34], whereas the more recently 
developed PATHFAST TB LAM Ag test uses an automated chemilumines-
cent immunoassay, reducing processing time and operator-dependent varia-
bility compared with manual ELISA methods [35].  

Both TB-MBLA and the PATHFAST TB LAM Ag test correlate strongly 
with MGIT-TTP, with reported Spearman correlation coefficients of -0.73 for 
TB-MBLA [36] and -0.77 for the PATHFAST TB LAM Ag test [35]. TB-
MBLA and LAM-based assays have both been reported to remain quantifiable 
in specimens where mycobacterial culture has already converted to negative 
[33, 37]. Longitudinal modelling of TB treatment response has primarily fo-
cused on MGIT-TTP, with models ranging from empirical bilinear functions 
to mechanistic pharmacodynamic and time-to-event approaches that consist-
ently describe an initial rapid killing phase followed by a slower phase during 
the first one to two weeks of treatment [38–43]. Although joint modelling of 
MGIT-TTP and TB-MBLA has previously been reported [39], no study has 
simultaneously integrated MGIT-TTP, TB-MBLA, and the PATHFAST TB 
LAM Ag test within a unified longitudinal modelling framework. Conse-
quently, while pairwise associations between these biomarkers have been 
demonstrated, their joint longitudinal behaviour, shared treatment-response 
dynamics, and correlated IIV have not been comprehensively characterised. 
Paper IV addresses this gap by developing a joint longitudinal model integrat-
ing all three biomarkers to quantify their temporal relationships and shared 
variability during TB treatment. 
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Cardiac safety in tuberculosis treatment 
QT interval and clinical risk of prolongation 
Optimising the balance between the therapeutic benefits of highly effective 
drug-resistant TB regimens and their potential cardiac risks remains a key 
challenge in TB management. Several core and companion drugs included in 
current MDR/RR-TB treatment regimens, including bedaquiline [44–46], 
delamanid [45, 47], pretomanid [48], clofazimine [49], and fluoroquinolones 
such as moxifloxacin [50–52] and levofloxacin [50], are associated with QT 
interval prolongation.  The QT interval, measured on the surface electrocardi-
ogram (ECG) from the onset of the Q wave to the end of the T wave, reflects 
the duration of ventricular depolarisation and repolarisation [53]. Prolongation 
of the QT interval can increase the risk of potentially life-threatening ventric-
ular arrhythmias, particularly torsade de pointes  [54]. A corrected QT interval 
(QTc) exceeding 500 ms or an increase of more than 60 ms from baseline is 
generally considered a clinically significant threshold associated with an in-
creased risk of torsade de pointes [55, 56].  

Correction methods for QT Interval changes  
Because the QT interval shortens with increasing heart rate (HR), it is rou-
tinely corrected for HR to enable appropriate assessment of QT prolongation.  
The most commonly applied approach uses population-based correction for-
mulas, expressed as QTc = QT/RRCF, where RR represents the interval be-
tween successive R-wave peaks (RR = 60/HR) and CF is the correction factor. 
For Fridericia’s correction (QTcF), CF is 0.33 [57], whereas Bazett’s correc-
tion (QTcB) uses a CF of 0.5 [58]. QTcB and QTcF remain the most widely 
used correction methods in clinical practice; however, QTcF is generally pre-
ferred because it provides more reliable correction, particularly under condi-
tions of altered HR [56]. Alternative linear regression-based corrections have 
also been developed, including the Framingham correction (QTcFra = QT + 
0.154 × (1  RR))  [59] and the Van de Water correction (QTcVa = QT  
0.087 × (RR  1000)) [60].  

The International Council for Harmonisation (ICH) E14 guideline recom-
mends evaluating QT/QTc data using threshold-based analyses, including the 
proportion of individuals with absolute QTc values exceeding 450, 480, or 
500 ms, as well as changes from baseline ( QTc) exceeding 30 or 60 ms [56]. 
In addition to categorical threshold analyses, concentration–QTc modelling 
provides a quantitative approach for characterising QT liability across the ob-
served exposure range. A drug is generally considered unlikely to cause 
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clinically meaningful QT prolongation when the upper bound of the 95% con-
fidence interval (CI) for the predicted QTc effect remains below 10 ms [61]. 

Time-varying QT correction in tuberculosis treatment 
Active TB is frequently associated with elevated HR, which gradually de-
creases as patients respond to treatment [48, 62]. Consequently, the relation-
ship between HR and QT interval changes dynamically throughout the course 
of therapy. QTcF may provide suboptimal correction during the early treat-
ment phase, when HR is elevated. This can inflate the apparent change in cor-
rected QT interval ( QTc) attributed to a drug, potentially leading to unnec-
essary treatment interruption, dose reduction, or discontinuation of an other-
wise effective and safe regimen. QTcF performs more appropriately after HR 
normalisation at the end of treatment [62, 63]. To address this limitation, TB-
specific population-based correction factors (CF) have been proposed, includ-
ing the Olliaro correction (QTcO, CF = 0.4081) [62] and the Li correction 
(QTcL, CF = 0.42) [48]. However, these approaches rely on fixed CFs and 
therefore do not account for changes in the QT–HR relationship as patients 
recover during treatment. 

Paper I of this thesis addressed this limitation by developing and externally 
validating a time-varying correction factor (QTcTBT) that dynamically ad-
justs according to HR recovery throughout TB treatment [63]. Paper II subse-
quently applied QTcTBT to characterise the exposure–QTc relationship of be-
daquiline and its metabolite M2, and demonstrated that a placebo arm or more 
complex modelling approaches are not required to distinguish drug-related ef-
fects from non-drug-related secular trends in QT with QTcTBT [46]. To-
gether, these studies provide a more accurate and generalisable framework, 
applicable to both routine clinical care and clinical trials, for cardiac safety 
assessment during treatment of drug-resistant TB. 

Pharmacometrics and model-informed drug 
development 
Population pharmacokinetics and pharmacodynamics 
Pharmacometrics integrates pharmacokinetic (PK) and pharmacodynamic 
(PD) principles with mathematical and statistical modelling to characterise re-
lationships between drug dose, exposure, and response [64, 65]. PK describes 
drug disposition processes, including absorption, distribution, metabolism, 
and excretion (ADME), whereas PD describes the biological effects resulting 
from drug exposure [66]. Population PK (PopPK) and PK/PD modelling 
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commonly apply nonlinear mixed-effects (NLME) approaches to characterise 
drug disposition, exposure variability, and exposure–response relationships 
across patient populations. These model-based approaches support dose opti-
misation, treatment-effect evaluation, and extrapolation to populations with 
limited clinical data, forming a key component of modern model-informed 
drug development (MIDD) [67, 68]. 

Nonlinear mixed-effects modelling 
NLME models provide a statistical framework that simultaneously character-
ises typical population behaviour via fixed effects and variability via random 
effects [69]. An NLME model generally consists of three components: a struc-
tural model, a stochastic model, and a covariate model. The structural model 
describes the typical time course of drug concentrations or pharmacodynamic 
responses, whereas the stochastic model accounts for unexplained variability, 
including inter-individual variability (IIV), inter-occasion variability (IOV), 
and residual unexplained variability (RUV). IIV represents differences be-
tween individuals, while IOV captures within-individual variability across dif-
ferent occasions, such as separate dosing periods [70]. In population model-
ling, IIV is assessed by assuming the random effects are symmetrically dis-
tributed with a mean of 0 and a variance of ². An exponential model was 
commonly used, as it constrains individual parameter values to be positive 
(Equation 1). RUV accounts for the discrepancy between observed and model-
predicted data, arising from analytical measurement error, model misspecifi-
cation, or both.  

Equation 1: 

= ×  

Where Pij is the individual parameter estimate i for the jth subject, i is the typical value of i, 
and j is the deviation of the jth subject from the typical value of i.  

Covariate models further explain systematic variability by incorporating 
measurable patient characteristics, such as demographic factors, laboratory 
measurements, disease severity, or biomarker status [71]. Beyond describing 
observed data, NLME models enable simulation of alternative clinical scenar-
ios, supporting dose optimisation and regulatory decision-making within 
MIDD [67, 68]. This capability is particularly valuable in TB drug develop-
ment, where clinical studies may be limited by small sample sizes, vulnerable 
populations, including children, and constrained trial infrastructure in high-
burden settings. 
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Aims 

The overall aim of this thesis was to apply pharmacometric approaches to ad-
dress key challenges in TB drug development, including the improvement of 
cardiac safety assessment, evaluation of formulation-related effects on drug 
bioavailability to support optimised treatment administration, and characteri-
sation of treatment-response biomarkers. 

The specific aims were: 
1. To develop and validate a time-varying QT interval correction fac-

tor, QTcTBT, that accounts for the dynamic relationship between 
heart rate and QT during TB treatment (Paper I). 

2. To establish the exposure-QTc relationship for bedaquiline and its 
metabolite M2 in patients with MDR-TB using QTcTBT (Paper 
II). 

3. To assess the relative bioavailability of rifapentine and isoniazid 
when suspended in water compared with whole tablets, to support 
evidence-based dosing of the 3HP TB preventive treatment regimen 
in children (Paper III). 

4. To develop a joint modelling framework linking MGIT-TTP, TB-
MBLA, and the PATHFAST TB LAM Ag test, to characterise their 
longitudinal dynamics, inter-biomarker correlations and evaluate 
their potential as complementary or alternative efficacy biomarkers 
(Paper IV). 
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Methods 

Clinical studies and data 
C208 and C209 studies (Papers I and II) 
The HR model and QTcTBT CF were developed in Paper I using data from 
two phase IIb clinical trials in patients with MDR-TB. Study C208 was a two-
stage, randomised, double-blind, placebo-controlled trial [72, 73], whereas 
C209 was a single-arm, open-label trial enrolling patients with newly diag-
nosed or treatment-experienced MDR-TB receiving bedaquiline [74]. Partici-
pants received bedaquiline at a dose of 400 mg once daily for the first 2 weeks, 
followed by 200 mg three times weekly for up to 22 weeks, or placebo, in 
combination with a background anti-TB regimen. 

ECGs were collected at predefined time points before and after dosing. A 
single ECG was recorded approximately 1 hour before drug administration 
(08:00), while triplicate ECGs were obtained immediately before dosing and 
5 hours post-dose. In C208, additional triplicate ECG assessments were per-
formed at 36 and 48 hours after dosing during weeks 8 (stage 1) and 24 (stage 
2). All ECG recordings were obtained in the supine position after a minimum 
of 5 minutes of rest. Time-matched bedaquiline and M2 plasma concentrations 
were derived using a previously developed PopPK model [75]. 

The developed HR correction model was externally validated using two 
independent datasets. The first was A5343 DELIBERATE, a phase 2, open-
label, randomised trial evaluating bedaquiline, delamanid, or combination 
therapy in patients with MDR/RR-TB [76]. The second was a subset of the 
PROBeX prospective cohort study, which included patients with MDR-TB 
receiving bedaquiline-containing regimens in South Africa [77]. The expo-
sure–QTc relationship of bedaquiline and its metabolite M2 had previously 
been characterised in the C208 and C209 datasets using standard QTcF cor-
rection [44].  In Paper II, these datasets were re-analysed using QTcTBT in-
stead of QTcF to re-characterise this relationship. 

RPT-CRUSH trial (Paper III) 
Paper III used data from the RPT-CRUSH trial, a randomised, open-label, sin-
gle-centre, crossover study conducted in Cape Town, South Africa, designed 
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to evaluate the relative bioavailability of rifapentine and isoniazid adminis-
tered as crushed tablet suspensions compared with whole tablets [78]. Adults 
aged 18–55 years, weighing 40–90 kg, with documented household contact 
with a patient recently diagnosed with drug-susceptible pulmonary TB within 
the previous 12 months were eligible for inclusion. Participants with active 
TB were excluded. 

Participants were randomised in a 1:1:1 ratio to receive two of three 
rifapentine/isoniazid formulations according to separate treatment sequences: 
two generic fixed-dose combination formulations (MacLeods, India [brand 1] 
and Lupin, India [brand 2]) and separate rifapentine and isoniazid tablets 
(rifapentine, Lupin, India; isoniazid, Winthrop, India). Each formulation was 
administered either as whole tablets or as a tablet suspension prepared in wa-
ter, with rifapentine and isoniazid doses of 900 mg each administered once 
weekly for 12 weeks. Intensive PK sampling was performed for up to 48 hours 
following dosing, and the overall study design is illustrated in Figure 1. 

 
Figure 1: Study design and overview of the trial schema 

= PK visits; W/S = randomised sequence (whole or suspended); FDC = fixed dose combi-
nation; 3HP = 12 weekly doses of rifapentine/isoniazid for TB prevention. Formulations: fixed-
dose 300 mg rifapentine (RPT)/300 mg isoniazid (INH), Brand 1 (orange) and Brand 2 (blue); 
standalone 300 mg rifapentine combined with standalone 300 mg isoniazid (green). D: day  

 
PK samples were collected on study days 1, 8, 15, and 22, with samples ob-
tained immediately before dosing and at 1, 2, 3, 4, 5, 6, 8, 24, and 48 hours 
post-dose. An additional sample was collected on day 29, corresponding to 
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168 hours after the fourth weekly dose. The lower limits of quantification 
(LLOQ) were 0.0781 g/mL for rifapentine and 0.105 g/mL for isoniazid. 

All formulations were dispensed by study pharmacists. For the suspension 
administration, study nurses crushed the tablets and prepared the suspension 
within 5 minutes before dosing by adding 30 mL of distilled water and swirl-
ing the container for at least 20 seconds. Following administration, the con-
tainer was rinsed with an additional 70 mL of distilled water, which was also 
administered to the participant to maximise dose recovery. Whole tablets were 
administered with 100 mL of distilled water. 

PanACEA-SUDOCU-01 and PanACEA-DECODE-01  
(Paper IV) 
Data were pooled from two prospective, randomised, open-label, phase 2b 
dose-finding trials, PanACEA-SUDOCU-01 [40] and PanACEA-DECODE-
01 [41]. Both multicentre studies were conducted in Tanzania and South Af-
rica and enrolled participants with newly diagnosed, drug-sensitive pulmo-
nary TB and baseline sputum smear positivity of at least 1+ according to the 
International Union Against TB and Lung Disease (IUATLD)/WHO grading 
scale. Participants were randomised to receive sutezolid, delpazolid, or nei-
ther investigational agent, in addition to a background regimen of bedaqui-
line, delamanid, and moxifloxacin. In PanACEA-SUDOCU-01, sutezolid 
was administered at doses of 600 or 1200 mg once daily, or 600 or 800 mg 
twice daily, for 12 weeks. In PanACEA-DECODE-01, delpazolid was ad-
ministered at doses of 400, 800, or 1200 mg once daily, or 800 mg twice 
daily, for 16 weeks. 

Both trials followed a harmonised sputum collection protocol, with three 
sputum samples collected at each sampling time point from baseline through 
the end of treatment, with additional samples collected during screening and 
follow-up. The first two sputum samples were analysed using the MGIT sys-
tem on the BD MGIT 960® automated liquid culture platform to determine 
MGIT-TTP. The third sputum sample, collected as either a spot or early-morn-
ing specimen, was divided for analysis by two culture-independent bi-
omarkers: TB-MBLA (LifeArc® RT-qPCR), performed in triplicate. The 
PATHFAST™ TB LAM Ag test, performed as a single replicate. All assays 
were performed centrally at the National Institute for Medical Research–
Mbeya Medical Research Centre (NIMR-MMRC), Tanzania. 

The limit of quantifications (LOQs) were 25 days for MGIT-TTP [6], 128 
copies/reaction for TB-MBLA [32], and 10 pg/mL for the PATHFAST TB 
LAM Ag test [35]. MGIT-TTP observations above the LOQ were treated as 
right-censored, whereas TB-MBLA and PATHFAST TB LAM Ag 
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measurements below the LOQ were treated as left-censored. Individual PK 
exposure metrics, including maximum concentration (Cmax) and area under the 
concentration–time curve over 24 hours (AUC0–24h), for sutezolid and delpaz-
olid were derived from previously published popPK models developed using 
the PanACEA-SUDOCU-01 and PanACEA-DECODE-01 datasets [40, 41]. 

Model development 
Heart rate model 
In Paper I, the HR model was developed to characterise changes in HR during 
TB treatment by accounting for disease recovery, circadian variation, and po-
tential drug-related effects. Baseline HR and the time-on-treatment effect 
(TEHR) were modelled using either a linear function (Equation 2) or an asymp-
totic recovery function (Equation 3), describing the reduction in HR associ-
ated with resolution of active disease. A 12-hour circadian rhythm component, 
DIUR(CTIME), where CTIME represents clock time, was incorporated using 
Equation 4. The potential effect of the bedaquiline metabolite M2 on HR was 
evaluated using an Emax model (Equation 5). The final HR prediction was 
obtained by combining these components as shown in Equation 6. 

Equation 2:  

=   ×  

Equation 3: 

=  (1
 

) 

Equation 4: 

( ) = cos
2 ( )

 

Equation 5: 

M2EF =  
×

50 +
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Equation 6: 

( ) = ( + ( )  + ) (1 2 ) 

Where HRbaseline and HRrecovered represent HR (beats per minute) at baseline and after 
recovery from active disease, respectively;  represents the slope of the linear 
change in HR; t represents time after treatment initiation (weeks); TEHR(t) repre-
sents the time-on-treatment effect, tprog is the half-life of the recovery process, Ai is 
the amplitude (bpm) of i hr oscillation, i  is the acrophases (h) of i hr, and CTIME 
is the clock time. Emax is the maximal HR decrease (fraction), EC50 is the concen-
tration achieving half of Emax, and ConcM2 is the M2 concentration corresponding 
to each ECG measurement. 

Covariate models were parameterised as power models for continuous covari-
ates or categorical effects relative to the most common category, as the refer-
ence. Demographic covariates, including sex, race, age, body weight, serum 
calcium, serum potassium, and serum albumin, were explored for the effect 
on HRrecovered and composite HR. Disease-related covariates, including MGIT-
TTP, the average derived half-life of bacterial clearance from weeks 0 to 8 
[43], TB-drug resistance categories, lung cavitation, and HIV status, were 
tested on HRbaseline, Tprog, and composite HR. A study effect was evaluated on 
HRbaseline and composite HR to account for differences in study design between 
C208 and C209. The effects of concomitant medications, including clo-
fazimine and moxifloxacin, were evaluated on composite HR. 

Exposure–QTc model for bedaquiline (Paper II) 
In Paper II, the exposure–QTc model was adapted from a previously published 
bedaquiline exposure–QTcF model [44] to evaluate the concentration–QTc 
relationship of the active metabolite M2 using both QTcF and QTcTBT. The 
model was evaluated under three alternative assumptions regarding the secular 
trends in QTc: (1) a model including a population-level time-related change 
in QTc with IIV describing individual deviations from this secular trend, con-
sistent with the original QTcF-based model; (2) a model without a population-
level secular trend in QTc but allowing IIV to describe individual longitudinal 
changes in QTc; and (3) a model without either population-level or individual 
secular trends in QTc. 

The structural model incorporated several components to describe QTc var-
iability over time. These included a time-on-treatment effect (TEQTc), repre-
senting a non-drug-related secular trend in QT over time, modelled as an as-
ymptotic function (Equation 7), circadian variation using 24- and 12-hour co-
sine functions (Equation 4), the concentration-dependent effect of M2 using 
an Emax model (Equation 5), and patient-specific covariates influencing 
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baseline QTc (Equation 8). Covariates included demographic characteristics, 
laboratory measurements, and the use of concomitant QT-prolonging medica-
tions. The complete exposure–QTc model combining these components is 
presented in Equation 9. 

Equation 7: 

( ) = × (1
 ( )×

/ ) 

Equation 8: 

, = +  × ,  
+ 

 
× ,  +  × ( ) 

+ × ( )  +  × ,  
+ × , + × ( ) 

Equation 9: 

( ) = , + ( ) + (CTIME) + 2 ( ) 

Where TEQTc(t) represents the time-on-treatment effect (non-drug associated QTc 
changes), QTmax is the maximum QT change at the steady state of the asymptotic 
(non-drug associated) function, t1/2 is the time required to reach 50% of the maximum 
QT, DIUR describes circadian QTc variation over CTIME throughout the day. M2EF 
is the effect of M2, Emax is the maximal effect of M2 on QTc, EC50 is the concen-
tration producing 50% of the maximum effect,  denoted the fixed effect and covariate 
i is for the individual covariate, ConcM2 is concentration of M2, and Comed is the 
time-varying comedication used at each ECG assessment. 

Pharmacokinetic model for rifapentine and isoniazid (Paper III) 
In Paper III, the popPK model previously developed for rifapentine, and iso-
niazid were used as the starting point for the analysis. The rifapentine model, 
developed by Hibma et al., consisted of a one-compartment disposition model 
with first-order absorption described by transit compartments and an enzyme 
turnover model to account for rifapentine autoinduction  [79]. The isoniazid 
model, developed by van Beek et al., comprised a two-compartment disposi-
tion model with first-order absorption through four transit compartments into 
a well-stirred liver compartment, followed by first-order elimination [80]. As 
concentrations of the metabolites 25-desacetyl-rifapentine and acetyl isonia-
zid were not available, the metabolite submodels were omitted from the anal-
ysis. Allometric scaling was evaluated for clearance (CL) using a fixed expo-
nent of 0.75 and for volume of distribution (V) using a fixed exponent of 1, 
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based on either total body weight or fat-free mass (FFM) calculated using the 
Janmahasatian equation (Equation 10) [81]. 

Equation 10: 

 Male: 

=
9270 ×   

6680 + 216 ×
  

100

 

Female:  

=
9270 ×   

8780 + 244 ×
  

100

 

where FFM denotes fat-free mass. 

The effect of administering tablets as a water suspension, compared with 
whole tablets, was evaluated on relative bioavailability (F) and mean transit 
time (MTT). Formulation effects were parameterised as fractional changes 
relative to the corresponding whole-tablet formulation, which served as the 
reference (  = 1), as described in Equation 11. 

Equation 11: 

, =  ×  1 +  suspension effect  

Where Pi,j denotes the individual parameter estimate for drug i and formulation j, p is 
the typical population value (fixed effect) of the pharmacokinetic parameter of interest, 
i denotes rifapentine or isoniazid, and j denotes the formulation (fixed-dose combination 
brand 1, fixed-dose combination brand 2, or standalone formulation). The parameter 

i,j,suspension effect represents the proportional effect of tablet suspension on the correspond-
ing pharmacokinetic parameter relative to the whole-tablet formulation. 

Longitudinal biomarker models (Paper IV) 
In Paper IV, longitudinal models were developed to characterise the treat-
ment-response of three TB biomarkers over time: MGIT-TTP, TB-MBLA, 
and the PATHFAST TB LAM Ag test. Biomarker measurements collected 
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from sputum samples between weeks 0 and 12 were analysed on a log10-trans-
formed scale. Each biomarker was initially described independently using ei-
ther a linear model (Equation 12) or a bilinear model with a logistic transition 
function (Equations 13–16) to capture changes in bacterial burden over the 
course of treatment. 

Equation 12: 

( ) = , +  , × +   

Equation 13: 

 , ( ) = , +  , ×  

Equation 14:  

, ( ) = , +  , × + , × ( ) 

Equation 15: 

( ) =  , ( ) × 1 ( ) + , ( ) × ( ) +   

Equation 16: 

( ) =
1

1 + ×( )  

where ( )represents the observed log10-transformed biomarker value for individual 
i at time t, and baseline,i denotes the estimated baseline biomarker value at treatment 
initiation. For the linear model, slope,i represents the rate of biomarker change over 
time. For the bilinear model, f1,i(t) and f2,i(t) represent the first and second killing phases, 
respectively, with slope1,i and slope2,i describing the corresponding rates of change. The 
slope parameters were positive for MGIT-TTP, reflecting increasing time to culture 
positivity as bacillary burden decreased, and negative for TB-MBLA and the PATH-
FAST TB LAM Ag test, reflecting declining bacterial burden and antigen concentra-
tion during treatment. The transition node, , determines the timing of the change in 
slopes, while the logistic switch function S(t) controls the contribution of each phase 
according to the steepness parameter , which was fixed to 1 in this analysis. The term 

i represents RUV for individual . 

Following the development of biomarker-specific models, a joint modelling 
framework was constructed to simultaneously characterise the longitudinal 
dynamics of MGIT-TTP, TB-MBLA, and PATHFAST TB LAM Ag test 
while accounting for correlations between individual-level variability across 
biomarkers. Although these assays measure distinct biological markers, they 
provide complementary information on the underlying trajectory of 
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mycobacterial clearance. Therefore, correlations between baseline levels and 
biomarker killing rates were incorporated through a multivariate distribution 
of correlated IIVs, allowing shared biological determinants of treatment re-
sponse to be quantified. 

Measurements beyond the LOQ were handled using appropriate censoring 
methods with M3 method [82, 83]. Covariate effects of age, sex, baseline 
Ralph score (a chest radiograph-based measure of pulmonary TB severity) 
[84], and baseline body weight were evaluated on baseline biomarker levels 
and killing rate parameters. For biomarkers described by bilinear models, co-
variate effects were evaluated using a common parameter influencing both 
killing phases.  

Drug exposure–response relationships were assessed by evaluating linear 
effects of steady-state area under the concentration–time curve over 24 hours 
(AUC0–24h) and Cmax) of sutezolid and delpazolid on biomarker decline rates. 
For bilinear models, drug effects were evaluated separately on each kinetic 
phase. Exposure effects were assessed simultaneously across all biomarkers 
within the joint model and independently within biomarker-specific models. 
For delpazolid, an exposure–response model incorporating a maximum effect 
was additionally evaluated, with an effect plateau assumed at an AUC0–24h of 
50 mg·h/L. This threshold was selected based on previous PopPK and expo-
sure–response analyses, which suggested that maximal effect on MGIT-TTP 
response was achieved at an AUC0–24h of approximately 50 mg·h/L, corre-
sponding closely to the median exposure achieved with a 1200 mg once-daily 
dose [41]. 

Inter-individual and residual unexplained variability 
IIV was assumed to follow a log-normal distribution for model parameters as 
shown in Equation 1, and the Box–Cox transformation was applied when pa-
rameter distributions deviated from normality [85]. In Papers I, II, and IV, 
RUV was modelled using a hierarchical two-level error structure through L2 
objects when multiple replicate measurements were available. This approach 
accounted separately for variability among replicate measurements obtained 
within the same sampling occasion and variability between observations from 
different sampling occasions. For biomarkers or measurements with repeated 
technical replicates, such as triplicate ECG measurements, QT intervals, 
MGIT-TTP, and TB-MBLA, this structure allowed separation of analytical or 
within-occasion variability from biological and sampling-related variability. 
IIV in RUV was incorporated when statistically supported by a significant 
improvement in model fit, allowing the magnitude of RUV to differ between 
individuals at both the overall and within-individual levels. 
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Parameter estimation and handling of censored data 
Model parameters in Papers I–III were estimated using first-order conditional 
estimation with interaction (FOCE-I). In Paper IV, the stochastic approxima-
tion expectation–maximisation (SAEM) algorithm with Laplacian interaction 
was used for parameter estimation, with the final objective function value 
(OFV) subsequently obtained using importance sampling (IMP) with Lapla-
cian interaction applied only during the expectation step. 

Censored observations were handled using the M3 method, which incorpo-
rates observations below the limit of quantification (BLQ) and above the limit 
of quantification (ALQ) directly into the likelihood calculation. This approach 
was applied to BLQ observations for TB-MBLA and the PATHFAST TB 
LAM Ag test, as well as ALQ observations for MGIT-TTP. Rather than re-
placing censored values with fixed imputed values, the M3 method estimates 
the probability that an observation lies beyond the quantification limit, thereby 
maximising the likelihood contribution of both quantified and censored data 
[82, 83]. 

Development and validation of a time-varying QT correction 
factor (QTcTBT) 
QTcO and QTcL were previously developed using TB populations before 
treatment initiation, with constant CFs of 0.4081 [62] and 0.42 [48], respec-
tively. QTcO was selected in this thesis because it was derived from a larger 
cohort of 1,686 patients compared with 830 patients in the QTcL analysis, 
providing broader representation of the TB population and potentially improv-
ing robustness and generalisability of the CF. 

The QTcTBT was developed based on the assumption that changes in HR 
during TB treatment reflect corresponding changes in the underlying QT–HR 
relationship. QTcTBT was constructed using the HR recovery parameter esti-
mated from the HR model developed using data from the C208 and C209 
studies. Specifically, the estimated rate of HR normalisation during treatment 
was used as a surrogate for the dynamic change in QT–HR dependency over 
time. This approach assumes that the physiological recovery of HR associated 
with resolution of active TB is accompanied by a gradual restoration of the 
QT–HR relationship observed in healthier populations [62]. The QTcTBT was 
therefore designed to transition continuously from the empirically derived pre-
treatment TB-specific CF, QTcO (CF = 0.4081), towards the standard Frider-
icia correction factor (QTcF; CF = 0.33) as HR normalised during treatment. 

The performance of QTcTBT and conventional correction methods, includ-
ing QTcF and QTcB, was evaluated using combined model development and 
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external validation datasets. First, linear regression analyses were performed 
within predefined time bins to assess the dependence of corrected QT intervals 
on HR. A correction method was considered adequate when the slope of QTc 
versus HR and the corresponding coefficient of determination (r²) approached 
zero, indicating minimal residual association between corrected QT and HR. 
Second, the correction methods were evaluated by modelling the change in 
QTc–HR slopes over time. The estimated QTc–HR slopes from each time bin 
were treated as observations and weighted by their corresponding standard 
errors. Successful correction was defined by an intercept approaching zero, 
representing minimal QTc–HR dependence at treatment initiation, and a slope 
approaching zero, indicating absence of systematic change in QTc–HR de-
pendence throughout treatment. 

Comparison of relative bioavailability assessment 
Relative bioavailability between formulations was evaluated using a log-like-
lihood profiling (LLP) approach to derive 90% CIs for differences in bioavail-
ability and absorption rate parameters between formulations [86]. The poten-
tial impact of formulation and brand on bioavailability was assessed according 
to the bioequivalence criteria recommended by the European Medicines 
Agency (EMA). A formulation was considered bioequivalent to the reference 
product when the 90% CI for the estimated ratio of exposure parameters fell 
within the predefined acceptance range of 80–125% of the reference formula-
tion [87].  

Noncompartmental analysis 
In Paper III, noncompartmental analysis (NCA) was performed to derive sec-
ondary PK parameters for rifapentine and isoniazid, including the area under 
the plasma concentration–time curve from 0 to 168 hours AUC0-168h for 
rifapentine and AUC0-24h for isoniazid, Cmax, and time to maximal plasma con-
centration (Tmax). Simulation-based posterior predictive checks (PPCs) were 
subsequently performed to evaluate the predictive performance of the final 
PopPK model against observed NCA-derived PK metrics. A total of 1,000 
simulated datasets were generated, and the mean AUC values from each sim-
ulated dataset were compared with the corresponding observed values. NCA-
based PPC analyses were performed using the ncappc tool [88]. 
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Model evaluation 
Model selection was guided primarily by changes in the OFV, defined as 

2×log-likelihood of the data. For nested models, a decrease in OFV of at 
least 3.84 points for the addition of one parameter was considered statisti-
cally significant at the 5% significance level (p < 0.05), corresponding to a 
likelihood ratio test with one degree of freedom. For non-nested models, the 
Akaike information criterion (AIC), calculated as OFV + 2×n, where n rep-
resents the number of estimated parameters, was used to compare competing 
model structures. 

Model selection was further supported by goodness-of-fit diagnostics, in-
cluding population predictions (PRED) and individual predictions (IPRED) 
versus observations (DV), conditional weighted residuals (CWRES) versus 
PRED and versus time, parameter precision, scientific plausibility, and simu-
lation-based diagnostics such as visual predictive checks (VPCs). Parameter 
uncertainty was obtained as relative standard errors (RSEs) or CIs derived 
from the Fisher information matrix in Paper I, non-parametric bootstrap meth-
ods in Paper IV [89] , sampling importance resampling  in Papers II and III 
[90], or log-likelihood profiling .  

During covariate model development using a stepwise approach, forward 
inclusion was based on a significance threshold of p < 0.05, corresponding to 
a decrease in OFV of > 3.84 for the addition of one covariate, while backward 
elimination applied a stricter criterion of p < 0.01, corresponding to an in-
crease in OFV of > 6.64 upon covariate removal. Covariates were evaluated 
sequentially, with one covariate added or removed at each step. 

Cross-validation 
Cross-validation was applied in Paper II to assess the predictive performance 
of alternative model structures and to evaluate the contribution of time-on-
treatment and M2 effects to the model’s predictive ability [91–95]. Repeated 
10-fold cross-validation was performed by randomly dividing the dataset into 
10 approximately equal subsets (folds). For each iteration, nine folds were 
used for model estimation, while the remaining fold was used as an independ-
ent test dataset. Parameters estimated from the training dataset were subse-
quently used to predict observations in the test dataset, and predictive perfor-
mance was quantified using the OFV. The process was repeated until each 
fold had served once as the test dataset, and the OFVs from all test datasets 
were summed to provide an overall measure of predictive performance. To 
reduce the influence of random data partitioning on model evaluation, the 
complete 10-fold cross-validation procedure was repeated 10 times using 
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different random fold assignments. Model performance was compared based 
on the mean OFV across the 10 repetitions, with uncertainty estimated as the 
95% CI of the mean (mean ± 1.96 ,  where  represents the standard devi-
ation of the OFVs across repetitions). The model with the lowest mean OFV 
was considered to have superior predictive performance when the difference 
between competing models was statistically significant, as assessed using a 
paired t-test. This approach enabled comparison of competing model struc-
tures while accounting for variability introduced by data partitioning and sup-
porting selection of a model that balanced predictive performance and struc-
tural complexity. 

Software 
All analyses were performed using NLME modelling implemented in NON-
MEM (ICON plc, Hanover, MD, USA), versions 7.4 and 7.5. Model develop-
ment and evaluation were supported by Perl-speaks-NONMEM (PsN; 
https://uupharmacometrics.github.io/PsN/), which was used for automated 
workflows, simulation-based diagnostics, and model evaluation procedures 
[96]. Analyses were executed on a Linux operating system using the Uppsala 
Multidisciplinary Center for Advanced Computational Science (UPPMAX) 
high-performance computing cluster for Papers I–III and a computational 
cluster at the Department of Pharmacy, Pharmacology and Toxicology, Rad-
boud University Medical Center, for Paper IV. Data management, graphical 
diagnostics, and post-processing of NONMEM outputs were performed using 
R statistical software (version 4.2.2; The R Project for Statistical Computing, 
https://www.r-project.org/) within the RStudio integrated development envi-
ronment (Posit Software, PBC, Boston, MA, USA). The R packages Xpose4 
[97], ggplot2, and tidyverse were used for model diagnostics, visualisation, 
and data processing. 

Ethics 
All studies included in this thesis were conducted in accordance with the prin-
ciples of the Declaration of Helsinki and received ethical approval from the 
relevant local and national ethics committees. Written informed consent was 
obtained from all participants or their legally authorised representatives prior 
to study participation. Clinical trials included in this thesis were registered in 
publicly accessible trial registries. The C208 study was registered on Clinical-
Trials.gov (NCT00449644), as was the C209 study (NCT00910871) and the 
A5343 DELIBERATE study (NCT02583048). The rifapentine/isoniazid tab-
let manipulation and bioavailability bridging trial was registered in the Pan 
African Clinical Trials Registry (PACTR202306775627089). PanACEA-
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SUDOCU-01 and PanACEA-DECODE-01 were registered on ClinicalTri-
als.gov (NCT03959566 and NCT04550832, respectively). In addition, ap-
proval for the handling of sensitive personal data in Sweden was obtained 
from the Swedish Ethical Review Authority, under reference numbers DNR 
2023-05946-01 (Papers I, II, and IV) and DNR 2023-05282-01 (Paper III). 
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Results and Discussion 

Clinical studies and data 
C208 and C209 studies (Papers I and II) 
A total of 440 patients from the C208 and C209 studies were included in the 
development of the HR model and derivation of QTcTBT), comprising 18,657 
HR observations and 18,495 QT interval observations. External validation of 
the developed model was performed using independent datasets from 83 partic-
ipants enrolled in the A5343 DELIBERATE study and 170 participants from a 
subset the PROBeX cohort. Baseline demographic and clinical characteristics 
of the model development and external validation populations are summarised 
in Table 1. ECG measurements collected before the Day -1 assessment or after 
completion of the treatment period were excluded from the analysis. 

RPT-CRUSH trial (Paper III) 
A total of 24 participants were included in the PK analysis, with demographic 
and b aseline characteristics summarised in Table 2. The final dataset com-
prised 838 rifapentine and 707 isoniazid plasma concentration observations. 
For rifapentine, 3.0% (26/864) of samples collected within 0–48 hours after 
dosing were BLQ, whereas all samples collected at 168 hours post-dose were 
BLQ. For isoniazid, 18.2% (157/864) of samples collected within 0–48 hours 
were BLQ, and all concentrations measured between 48 and 168 hours post-
dose were BLQ. Within the primary PK evaluation window of 0–24 hours, 
7.9% (61/768) of isoniazid observations were BLQ. All BLQ observations 
were excluded from the PK analysis.  
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Table 1: Demographic and baseline characteristics of the patients included in the de-
velopment and validation datasets of the HR model  

Abbreviations: BDQ = bedaquiline, TTP = Time to positivity, MGIT = mycobacteria growth 
indicator tube, N=number of participants, NA = Not available 
a Covariates were measured at baseline. 

 

 Development dataset Validation datasets 
Study 
C208 

Placebo 

Study 
C208 
BDQ 

Study 
C209 
BDQ 

Total 
C208& 
C209 

A5343 PROBeX 

N 105 102 233 440 84 170 
Sex, n (%)       
Male 66 

(62.9%) 
70 

(68.6%) 
150 

(64.4%) 
286  

(65%) 
63  

(75%) 
79  

(46%) 
Age (years)       

Median  34 32 32 33 34 33 
Range  18-61 18-63 18-68 18-68 18-73 28-41 
Body weight 
at baseline 
(kg) 

      

Median   53 54 57 55 52 56 
Range   35-83 37-81 30-113 30-113 34-83 49-63 
QT-prolong-
ing comedica-
tion, n (%) 

      

Clofazimine 0  
(0%) 

0  
(0%) 

25 
(10.7%) 

25  
(5.7%) 

NA 167 
(98.2%) 

Moxifloxacin 4  
(3.8%) 

3  
(2.9%) 

2  
(0.9%) 

9  
(2%) 

 44  
(25.9%) 

Serum albumina 
(mg/dl) 

      

Median   31 34 38 35 34 34 
Range   17-46 15-49 21-49 15-49 21-44 29-39 

Serum calciuma 
(IU/L) 

      

Median 2.53 2.54 2.43 2.48 3.3 NA 
Range 2.28-2.84 2.3-2.82 2.15-2.86 2.15-2.86 1.16-4.4  

Serum potassi-
uma (IU/L) 

      

Median 4.3 4.4 4.1 4.3 4.2 NA 
Range 3.4-5.8 3.6-.8 2.7-5.4 2.7-5.8 3-5.5  

MGIT-TTPa(h)       
Median 160.5 169.67 346 230.5 NA NA 
Range 56-1008 75.33-

1008 
78.67-
1008 

56-1008   
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Table 2: Demographic characteristics of the study population 

Characteristic Values 
Sex   
Male 4 (16.7) 
Female 20 (83.3) 
Race  
Mixed race 22 (91.7) 
Black 2 (8.3) 
Age (years) 37.5 (26.5-45.3) 
Weight (kg) 61.1 (51.1-66) 
Height (m) 1.59 (1.56-1.65) 
Body mass index (kg/m2) 22.4 (20.2-27.5) 
Fat-free mass (kg) 38.6 (34.5-42.8) 

Abbreviations: BMI, body mass index; kg, kilogram; m, meter. Values are presented as n (%) 
for categorical variables and median (interquartile range) for continuous variables. 

PanACEA-SUDOCU-01 and PanACEA-DECODE-01 (Paper IV) 
Data from 149 participants enrolled in the PanACEA-SUDOCU-01 and Pan-
ACEA-DECODE-01 trials were included in the analysis. The combined da-
taset comprised 3,483 MGIT-TTP observations, 1,600 TB-MBLA measured 
in triplicate, resulting in 4,795 individual assay observations, and 1,638 
PATHFAST TB LAM Ag assay observations from 126 participants. All avail-
able replicate TB-MBLA measurements were retained to preserve assay-level 
variability and incorporate within-sample measurement uncertainty into the 
longitudinal biomarker analysis. Due to technical capacity limitations, PATH-
FAST TB LAM Ag testing was not performed in 23 participants, including 22 
participants from PanACEA-SUDOCU-01 and one participant from PanA-
CEA-DECODE-01. Baseline demographic and clinical characteristics of the 
study population are summarised in Table 3. 
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A time-varying correction factor for the QT interval 
(Paper I) 
The final HR model was developed using pooled data from the C208 and C209 
studies. Final parameter estimates and their associated uncertainty are pre-
sented in Table 4. The typical baseline HR, representing untreated patients 
with active TB, was estimated to be 78.2 bpm. During treatment, HR gradually 
decreased towards a recovered value of 73.1 bpm, with an estimated recovery 
half-life tprog of 7.74 weeks (95% CI: 5.17–10.27 weeks). A circadian rhythm 
consisting of 24- and 12-hour oscillatory components adequately described 
the diurnal variation in HR, with the dominant 24-hour rhythm reaching its 
maximum at approximately 2:25 PM and an estimated amplitude of 4.8 bpm. 

The effect of the bedaquiline metabolite M2 on HR was modest. The max-
imal reduction in HR was estimated to be 17.9%, with an EC50 of 2,600 
ng/mL. At an M2 concentration of 300 ng/mL, approximately corresponding 
to the observed mean concentration at Week 2, the model predicted a 2% (95% 
CI: 1–3%) reduction in HR, equivalent to approximately 1.6 bpm from the 
baseline HR of 78.2 bpm. A large IIV was estimated for EC50 indicating sub-
stantial heterogeneity in sensitivity to the chronotropic effect of M2. 

External validation demonstrated that the model adequately described HR 
profiles in both independent datasets. Baseline HR was estimated to be higher 
in A5343 DELIBERATE (83.0 bpm) and PROBeX (85.4 bpm) than in 
C208/C209. The recovered HR was estimated at 63.3 bpm in A5343 DELIB-
ERATE and 73.1 bpm in PROBeX. Estimated recovery half-lives were 8.51 
and 9.46 weeks, respectively, consistent with the estimate obtained from the 
development dataset. VPCs demonstrated good agreement between simulated 
and observed HR profiles across both the development and external validation 
datasets as shown in Figure 2. 

The estimated HR recovery half-life tprog was subsequently used to construct 
the proposed QTcTBT. Based on the physiological assumption that recovery 
of HR reflects the changing QT–HR relationship during TB treatment, the 
QTcTBT, Equation 17, was constructed to transition smoothly from the TB-
specific pretreatment correction exponent (QTcO; 0.4081) towards the conven-
tional Fridericia exponent (QTcF; 0.33) as patients recovered. 
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Table 4: Parameter estimates of the final HR model 

Description Parameter Estimate 
(%RSE) [95%CI] 

Inter individ-
ual variability  

%CV 
(%RSE) 

Time on 
treatment 

Baseline HR (bpm) 78.2 (1.2) [76.3, 80.1] 15 (4) 

Recovered HR (bpm) 73.1 (1.4) [71.1, 75.2] 15.4 (6) 

Tprog (weeks) 7.74 (16.8) [5.17, 10.27] 
 

Circadian 
rhythm 

Amplitude 24 h (bpm) 6.2 (13.6) [4.5, 7.9] 95.3 (9) 

Peak time 24 h (clock time) 15.7 (1.3) [15.3, 16.2] 
 

Amplitude 12 h (bpm) 1.65 (19.7) [1, 2.3] 95.3 (9) 

Peak time 12 h (clock time) 10.1 (4.8) [9.2, 11.1] 
 

Box-cox shape for IIV amplitudes 0.77 (20.9) [-1.09, -0.46] 
 

M2 effect 
on HR 

Emax (fraction)  0.179 (11.1) [0.14,0.218] 
 

EC50 (ng/mL) 2600 (13) [1936, 3260] 883.4 (2) 

Covariate 
effects 

Effect of study on HR (Study C209 
vs C208) 

0.047 (31.3) [0.018, 0.076] 
 

Effect of time varying body weight 
on HR 

0.2 (15.2) [-0.26, -0.14] 
 

Effect of baseline serum albumin 
on HR 

0.22 (17.6) [-0.3, -0.14] 
 

Effect of baseline MGIT-TTP on 
baseline HR 

0.05 (22.9) [-0.07, -0.03] 
 

Effect of age on recovered HR 0.08 (30.1) [0.03, 0.13] 
 

Residual 
error 
model 

Proportional RUV (%) 8.4 (2) 23.6 (8) 

Additive replicated-specific RUV 
(bpm) 

2.7 (1.9) 38.5 (4) 

Abbreviations: bpm = beats per minutes, CI = confidence interval, CV = coefficient of variation 
EC50 = half maximum effect concentration, Emax = maximum effect, h = hour, HR = heart 
rate, IIV = inter individual variability, TTP = time to positivity, MGIT=mycobacteria growth 
indicator tube, RSE=residual standard error; RUV=residual unexplained variability, Tprog=time 
to reach 50% of recovered HR, %CV = 1, Correlation between IIV: Baseline HR: re-
covered HR = 0.41 (%RSE 9), Baseline HR: amplitude = -0.26 (%RSE 13.8), Recovered HR: 
amplitude = -0.421 (%RSE 10.2), Proportional RUV: additive triplicate-specific RUV = 0.38 
(%RSE 12) 
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Figure 2: Visual predictive check of heart rate over time after the start of treatment of 
final models: (A) C208 and C209 development dataset; (B) A5343 validation dataset; 
(C) PROBeX validation dataset. Black dots are the observed HR measurements. Solid 
lines represent the observed median, while dashed lines represent the observed 2.5th 
and 97.5th percentiles. Shaded areas show the 95% CI for the simulated 2.5th, 50th 
(median), and 97.5th percentiles. HR, heart rate; CI, confidence interval; VPC, visual 
predictive check. 

Equation 17: 

( ) = 0.4081 0.0781 1
 

.  

Where CF(t) is the correction factor as a function of time, t is time in weeks after the 
start of TB treatment. 

The performance of QTcTBT was evaluated against QTcB, QTcF, and QTcO 
using pooled data from the development and validation cohorts as demon-
strated in figure 3. QTcTBT consistently maintained independence between 
QTc and HR throughout treatment, with regression slopes remaining close to 
zero across all time bins. In contrast, QTcB consistently overcorrected the QT 
interval, whereas QTcF undercorrected during the early treatment period be-
fore gradually approaching optimal correction as HR normalised, reaching a 
slope of 0.10 (95% CI: 0.15 to 0.06) by the end of treatment. QTcO accu-
rately corrected QT intervals before treatment but progressively overcorrected 
after Week 2 as HR recovered. 
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These findings were confirmed by regression analyses evaluating changes in 
QTc–HR slopes over time. The intercept for QTcTBT was not significantly 
different from zero, indicating accurate correction at treatment initiation, 
while the slope over time was estimated to be 0.001 (95% CI: 0.003 to 
0.002), demonstrating stable correction performance throughout therapy. In 
contrast, QTcB and QTcF exhibited significant intercepts of 0.459 (95% CI: 
0.399–0.519) and 0.383 (95% CI: 0.419 to 0.348), respectively, indicating 
systematic overcorrection and undercorrection at baseline. Although QTcO 
also showed an intercept not significantly different from zero, its regression 
slope increased over time, indicating the decline in correction performance. 
Similarly, QTc–HR relationship of QTcB and QTcF exhibited slopes of 0.018, 
0.012, and 0.015 for QTcB, QTcF, and QTcO, respectively, reflecting increas-
ing correction bias during treatment. 

The observed performance of the conventional correction methods is 
consistent with their underlying derivation. QTcO was developed in un-
treated patients with active TB, in whom elevated HR shifts the QT–HR 
relationship, whereas QTcF was developed in healthy individuals with nor-
mal physiological HR. Consequently, QTcO performs optimally before 
treatment but overcorrects as patients recover, whereas QTcF performs well 
only after HR has returned towards normal values. By incorporating the 
estimated rate of HR recovery into the correction exponent, QTcTBT 
bridges these two physiological states, providing appropriate correction 
throughout the course of treatment. 

Correction methods that assume a fixed QT–HR relationship may bias both 
absolute QTc values and treatment-related changes in QTc ( QTc), particu-
larly when placebo-controlled data are unavailable to account for HR-related 
changes. The present analysis demonstrates that QTcF underestimates QTc 
during the pretreatment and early treatment phases when HR remains ele-
vated, potentially masking clinically relevant QT prolongation. Conversely, 
inappropriate correction may also contribute to misclassification of patients 
with QTc values exceeding regulatory thresholds, thereby influencing clinical 
decisions regarding initiation or continuation of QT-prolonging therapies [98]. 
The online calculator of QTcTBT is available at https://thana-
kornv.github.io/qtctbt/, allowing clinicians and researchers to compute HR-
adjusted QTc values without requiring specialised pharmacometric software. 
By entering a patient's HR, treatment day, and measured QT interval, the cal-
culator returns the corresponding QTcTBT value in real time, making the 
time-varying correction accessible for routine bedside use and for ECG review 
in clinical trials. This accessibility is intended to lower the barrier to adopting 
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a more accurate, TB-specific correction method in settings that would other-
wise default to QTcF or QTcB purely for practical convenience. 

Several limitations should be acknowledged. QTcTBT assumes that pa-
tients follow the typical HR recovery trajectory estimated by the population 
model. Its accuracy may therefore decrease in patients with delayed clinical 
response or atypical recovery patterns, where the underlying QT–HR rela-
tionship may differ from that of the typical patient. Furthermore, although 
the estimated recovery half-life demonstrated consistent performance across 
four independent cohorts, its generalisability to alternative TB treatment reg-
imens or broader patient populations remains to be established. Additional 
validation in independent cohorts with different disease severities, treatment 
regimens, and geographical settings would further strengthen the clinical ap-
plicability of QTcTBT. 

Exposure-QTc relationship for bedaquiline using 
QTcTBT (Paper II) 
Exposure–QTc models were developed using either QTcF or QTcTBT as the 
dependent variable. The predictive performance of the QTcTBT models, eval-
uated using repeated 10-fold cross-validation, comparing mean OFVs across 
model structures. Among the evaluated model structures, the QTcTBT model 
incorporating a time-on-treatment effect without a systematic population shift 
performed comparably to the model including both a time-on-treatment effect 
and a systematic shift, with mean OFVs of 106,513 (95% CI: 106,507–
106,519) and 106,508 (95% CI: 106,501–106,514), respectively. In contrast, 
omission of the time-on-treatment effect resulted in substantially poorer pre-
dictive performance. Given the negligible difference in OFV between the two 
best-performing models, the more parsimonious model incorporating a time-
on-treatment effect without a systematic shift was selected as the final model. 
Final parameter estimates are presented in Table 5. VPCs demonstrated that 
QTcTBT models in all three scenarios adequately described the observed QTc 
data under the different assumptions regarding the time-on-treatment effect, 
as shown in Figure 4. The estimated baseline QTc was consistently lower for 
the QTcF models (401–402 ms) than for the QTcTBT models (408–409 ms). 
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Table 5: Parameter estimates of the models with Emax drug effects 

Parameters  
estimates 
(%RSE) 

No time-on treat-
ment effect 

Time-on treatment 
effect without 

systematic shift 

Time-on treatment 
effect with  

systematic shift 

Published 
exposure-

QTcF 
model[44] 

QTcF QTcTBT QTcF QTcTBT QTcF QTcTBT QTcF 

QT baseline (ms) 402 (0.3) 
408  
(0.3) 

401 (0.3) 
408 
(0.3) 

401 (0.3) 
409  
(0.3) 

400  
(0.3) 

Drug effect        

Emax M2 (ms) 21.4 (7.0) 
19.5 

(14.1) 
23.8 

(13.2) 
23.9 

(16.9) 
27.6 

(15.2) 
22.9 

(16.0) 
28.6 

(13.8) 
EC50 M2 
(ng/mL) 

278 
(19.0) 

597 (27.0) 451 (27.3) 789 (28.1) 799 (26.8) 679 (28.4) 
851  

(24.9) 
Time-on treat-
ment effect 

       

QTmax (ms)   0 FIX 0 FIX 
6.65 

(11.6) 
-3.17 
(47.3) 

6.50 
(11.8) 

Half-life QTmax 
(weeks) 

  
10.7 

(29.5) 
18  

(48.1) 
7.35 

(20.1) 
18.5 

(48.5) 
6.44 

(17.9) 
Circadian rhythm        

A24 (ms) 
2.19 

(59.8) 
1.75 

(53.3) 
2.61 

(46.4) 
1.73 

(55.3) 
2.78 

(42.8) 
1.64 

(60.6) 
2.76 

(45.3) 

24 (h) 
4.24 

(30.4) 
5.94 

(43.6) 
4.8 (27.3) 

5.68 
(41.9) 

4.88 
(25.6) 

5.68 
(45.6) 

4.91 
(27.5) 

A12 (ms) 
0.978 
(44.3) 

1.32 
(33.7) 

1.27 
(29.8) 

1.18 
(36.9) 

1.45 
(26.8) 

1.1  
(39.4) 

1.46 
(26.7) 

12 (h) 
5.35 

(28.2) 
4.13 

(26.9) 
4.71 

(25.7) 
4.1 (28.5) 

4.49 
(23.2) 

4.18 
(31.6) 

4.5  
(23.4) 

Covariates        
Clofazimine co-
medication use 
(time-varying) 
(ms) 

11.4 
(15.0) 

10.2 
(16.1) 

11.6 
(16.4) 

10.2 
(18.1) 

10.8 
(17.1) 

10.5 
(17.5) 

11.8 
(15.6) 

Moxifloxacin co-
medication use 
(time-varying) 
(ms) 

5.64 
(36.2) 

1.36 
(146.3) 

4.36 
(56.9) 

2.06 
(118.0) 

3.06 
(79.4) 

2.42 
(100.4) 

2.47 
(98.4) 

Serum calcium 
(ms / IU/L) 

-19.7 
(10.5) 

-2.29 
(91.7) 

-13.9 
(17.5) 

-4.79 
(49.7) 

-9.37 
(25.9) 

-6.31 
(38.7) 

-8.74 
(28.3) 

Serum potassium 
(ms / IU/L) 

-1.6 
(27.5) 

-1.71 
(25.8) 

-1.32 
(36.6) 

-1.46 
(32.6) 

-1.27 
(37.6) 

-1.47 
(32.3) 

-1.25 
(38.5) 

Sex (female vs 
male) (ms) 

7.1 (21.1) 
8.93 

(16.6) 
6.63 

(23.2) 
8.52 

(17.7) 
6.81 

(22.6) 
8.48 

(17.8) 
7.75 

(19.1) 
Race (black vs. 
non-black) (ms) 

-6.05 
(24.5) 

-6.93 
(21.2) 

-6.64 
(22.9) 

-6.51 
(22.9) 

-7.25 
(21.1) 

-6.32 
(23.6) 

-6.86 
(21.3) 
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Parameters  
estimates 
(%RSE) 

No time-on treat-
ment effect 

Time-on treatment 
effect without 

systematic shift 

Time-on treatment 
effect with  

systematic shift 

Published 
exposure-

QTcF 
model[44] 

QTcF QTcTBT QTcF QTcTBT QTcF QTcTBT QTcF 

Age (ms/year) 
0.341 
(17.7) 

0.355 
(16.8) 

0.333 
(18.7) 

0.346 
(17.6) 

0.335 
(18.6) 

0.347 
(17.6) 

0.349 
(17.0) 

Inter individual 
variability (IIV) 

       

QT baseline 
(%CV) 

3.5 (3.7) 
3.4  

(3.7) 
3.6 (3.8) 

3.4 
 (3.7) 

3.6 (3.7) 
3.4  

(3.7) 
3.7  

(3.8) 

QTmax   13a (14.2) 
16.28a 
(30.6) 

9.92a 
(8.9) 

16.22a 
(31.2) 

167b 
(12.8) 

EC50 M2 (%CV) 
329 

(26.3) 
434.6 
(45.4) 

210.2 
(25.3) 

203.8 
(27.0) 

190.2 
(23.2) 

210.2 
(27.5) 

277 (28.8) 

RUV (%CV) 24.7 (9.7) 
23.5 

(11.0) 
22.1 

(11.3) 
21.1 

(12.1) 
21.7 

(11.3) 
21.3 

(12.1) 
21.5 

(11.2) 
RUV triplicates 
(%CV) 

24.3 (5.7) 23.9 (5.7) 24.3 (5.7) 23.9 (5.7) 24.3 (5.7) 23.9 (5.7) 
24.3 

(5.57) 
Residual unex-
plained variabil-
ity (RUV)  

       

RUV additive 
(ms) 

8.73 (1.9) 8.53 (1.9) 8.25 (1.8) 8.02 (1.9) 8.25 (1.8) 8.01 (1.9) 8.19 (1.8) 

Box-Cox trans-
formation of IIV 
RUV 

2.89 
(24.2) 

2.96 
(26.8) 

3.87 
(24.1) 

4.1 (25.4) 
3.98 

(24.0) 
4 (25.5) 

4.11 
(24.0) 

RUV triplicates 
additive (ms) 

6.87 (1.5) 7.38 (1.5) 6.87 (1.5) 7.38 (1.5) 6.87 (1.5) 7.38 (1.5) 6.87 (1.5) 

Box-Cox trans-
formation of IIV 
RUV replicates 

0.786 
(42) 

0.747 
(45.5) 

0.821 
(40.7) 

0.789 
(43.3) 

0.824 
(40.5) 

0.788 
(43.4) 

0.825 
(41.1) 

The %RSE, percent relative standard error, %CV is calculated as 100 × 1 for expo-
nential inter individual variability (IIV), including QT baseline, EC50, RUV, and RUVtriplicates. 
aIIV for QTmax was calculated as the standard deviation (SD) for the additive IIV model.  
bIIV for QTmax was calculated as %CV for the proportional IIV model. 

For the selected QTcTBT model, the estimated half-life for the time-on-treat-
ment effect was approximately 18 weeks. Because the maximum follow-up 
period was limited to 24 weeks, the asymptotic maximum treatment effect 
(QTmax) was not fully identifiable within the observed data. The estimated 
non-drug-related QT change converged towards a decrease of 3.17 ms for 
QTcTBT, whereas the corresponding QTcF models estimated an increase of 
6.65 ms. 
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Figure 4: Visual predictive checks of the QTcTBT models under different assumptions 
regarding the time-on-treatment effect. The upper panels show QTcTBT vs. time after 
the first bedaquiline dose, and the lower panels show QTcTBT vs. predicted M2 con-
centrations. Panels A and D present the model without a time-on-treatment effect; 
panels B and E present the model incorporating a time-on-treatment effect without a 
systematic shift; and panels C and F present the model including both a time-on-treat-
ment effect and a systematic shift. Black dots represent the observed QTcTBT data. 
Solid lines indicate the median (50th percentile) of the observations, whereas dashed 
lines indicate the 2.5th and 97.5th percentiles. The shaded regions represent the sim-
ulation-based 95% confidence intervals for the corresponding simulated percentiles. 

The effect of M2 on QTc was evaluated by simulation using the typical pop-
ulation estimates of Emax and EC50. At an M2 concentration of 326 ng/mL, 
the predicted QTc prolongation for the QTcTBT models was 6.88 ms in the 
model without a time-on-treatment effect, 7.01 ms (90% CI: 5.95–8.16) in the 
model incorporating a time-on-treatment effect without a systematic shift, and 
7.39 ms (90% CI: 6.43–8.57) in the model including both a time-on-treatment 
effect and a systematic shift. 

In comparison, the corresponding QTcF models showed greater variability 
across model assumptions, with predicted QTc prolongations of 11.6 ms (90% 
CI: 10.6–12.7), 9.97 ms (90% CI: 8.77–11.20), and 8.00 ms (90% CI: 6.95–
9.33), respectively. Re-estimation of the previously published exposure–
QTcF model [44], which was equivalent to the current model incorporating 
both time-on-treatment components but assuming proportional rather than ad-
ditive IIV on QTmax, yielded a predicted QTc prolongation of 7.93 ms (90% 
CI: 6.84–9.26), as shown in Figure 5. 
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Figure 5: Simulated relationship between M2 concentration and QTc prolongation 
based on the Emax model using sampling importance resampling (SIR). The left panel 
shows the QTcF model incorporating both a time-on-treatment effect and a systematic 
shift, equivalent to the published exposure–QTcF model [44], whereas the right panel 
shows the QTcTBT model incorporating a time-on-treatment effect without a system-
atic shift. The solid black line represents the median predicted M2 effect, and the green 
shaded region denotes the two-sided 90% confidence interval of the typical prediction. 
The blue shaded region indicates the observed range of M2 concentrations. The ver-
tical red line marks the clinically relevant M2 concentration (326 ng/mL), and the 
horizontal red line denotes the regulatory threshold of 10 ms for QTc. The hori-
zontal dashed black line indicates the estimated maximum drug effect (Emax) and the 
vertical dashed black line indicates the estimated EC50, corresponding to the M2 con-
centration producing 50% of Emax. 

At the typical M2 concentration of 326 ng/mL at week 2 from pivotal phase 3 
data, the predicted QT prolongation remained below the regulatory threshold 
of 10 ms across all QTcTBT models [56, 61]. Nevertheless, the estimated IIV 
in EC50 was substantial, indicating considerable heterogeneity in individual 
susceptibility to M2-induced QT prolongation. This variability is clinically 
relevant, particularly in MDR-TB regimens where bedaquiline is frequently 
co-administered with other QT-prolonging agents. These findings therefore 
support continued ECG monitoring in patients receiving combination regi-
mens containing multiple QT-liable drugs. 

The analyses further demonstrate that inappropriate specification of the 
time-on-treatment effect can substantially bias estimation of drug-induced QT 
prolongation when conventional HR correction methods are used. For exam-
ple, omission of the time-on-treatment effect in the QTcF model increased the 
estimated M2 effect to 11.6 ms (90% CI: 10.6–12.7), exceeding the regulatory 
threshold and substantially overestimating the drug effect relative to models 
that appropriately accounted for physiological HR recovery. Such bias could 
influence benefit-risk assessments and potentially result in unnecessarily con-
servative conclusions regarding cardiac safety. At the individual patient level, 
this same bias could lead a clinician to misinterpret an apparent increase in 
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QTc as drug-induced prolongation, when it instead reflects the resolution of 
QTc underestimation as HR falls from its early elevated levels. Such misin-
terpretation could result in unnecessary interruption or discontinuation of be-
daquiline or other effective components of the regimen. Given the limited 
number of effective options for MDR/RR-TB, this unwarranted discontinua-
tion could compromise treatment outcomes and increase the risk of acquired 
drug resistance. 

Overall, QTcTBT offers a practical framework for cardiac safety assess-
ment in TB clinical trials, applicable both to model-based analyses and to con-
ventional QT analyses. Further prospective evaluation in independent real-
world cohorts is warranted to confirm its ability to maintain independence be-
tween QTc and HR throughout treatment, and to determine whether improved 
QT correction ultimately translates into more accurate prediction of clinically 
relevant arrhythmic risk. 

Relative bioavailability of crushed rifapentine and 
isoniazid tablets suspended in water compared with 
whole tablets (Paper III) 
A one-compartment model adequately described rifapentine PK, whereas iso-
niazid PK were best described by a two-compartment model incorporating a 
mixture component to account for acetylator phenotype. Evaluation of allome-
tric scaling demonstrated no improvement in model fit for rifapentine using 
either total body weight or FFM. In contrast, incorporation of FFM-based al-
lometric scaling on CL and V improved the fit of the isoniazid model ( OFV 
= 3) and was therefore retained in the final model. Final parameter estimates 
are presented in Table 6. The VPCs for rifapentine and isoniazid, shown in 
Figures 6–8, demonstrated that the final models adequately described the ob-
served PK profiles across formulations. 

Relative bioavailability analyses demonstrated that rifapentine and isoni-
azid tablets administered as suspensions in water were bioequivalent to 
whole-tablet formulations. For both FDC products and standalone formula-
tions, the estimated 90% CIs for relative bioavailability were entirely within 
the predefined bioequivalence limits of 80–125%, as illustrated in Figure 9. 
Although the extent of absorption was unchanged, absorption occurred sig-
nificantly more rapidly following administration as a suspension. Compared 
with whole tablets, the suspended formulations increased the absorption rate 
by 22.2% (90% CI: 12.4–30.8%) for rifapentine and 35.0% (90% CI: 26.1–
42.6%) for isoniazid. Furthermore, the IOV in absorption was lower for the 
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suspended formulations, suggesting more consistent absorption following 
tablet suspension. 

NCA of the observed concentration–time data supported the population PK 
findings. The secondary PK parameters, including AUC, Cmax, and Tmax, are 
summarised in Table 7 and showed no clinically meaningful differences be-
tween whole-tablet administration and administration as a suspension for ei-
ther rifapentine or isoniazid. Together, the model-based and NCA results con-
sistently demonstrate comparable systemic exposure between the two admin-
istration methods. 

The treatment was generally safe and well tolerated, with no adverse events 
attributable to formulation manipulation. These findings demonstrate that 
rifapentine and isoniazid tablets can be suspended in water without compro-
mising systemic drug exposure, supporting the use of tablet manipulation 
when whole-tablet administration is not feasible.  

This has important clinical implications for TB preventive therapy, partic-
ularly in young children and other patients with swallowing difficulties, for 
whom dispersible rifapentine formulations may not be readily available. The 
results further support dose bridging from adults to paediatric populations, in-
dicating that dose adjustment is unnecessary when tablets are administered as 
suspensions. Although previous PopPK analyses have reported a modest re-
duction in rifapentine bioavailability at higher doses due to saturable absorp-
tion [99, 100], the estimated decrease of approximately 1.7–2.5% for every 
100 mg increase above 300 mg is unlikely to be clinically relevant and is not 
expected to influence the conclusions of the present study. Importantly, these 
findings have significant implications for clinical practice, with the potential 
to increase access to the 3HP preventive treatment regimen recommended by 
the WHO [16], thereby providing pharmacometric evidence supporting the 
practical implementation of tablet suspension when paediatric formulations 
are unavailable. 
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Figure 6: Visual predictive checks of the final model on observed rifapentine concen-
trations (dots) from time after dosing up to 48 hours, stratified by fixed-dose combi-
nation (FDC) generic brands or standalone and formulation type (whole tablet or sus-
pension). The solid black line represents the 50th percentile of observations, while the 
dashed black lines represent the 5th and 95th percentiles. The red and blue shaded areas 
indicate the 95% confidence intervals of the model predictions. 

 
Figure 7: Visual predictive checks of the final model on observed isoniazid concen-
trations (dots) in the predicted fast/intermediate acetylator population from time after 
dosing up to 24 hours, stratified by fixed-dose combination (FDC) generic brands or 
standalone and formulation type (whole tablet or suspension). The solid black line 
represents the 50th percentile of observations, while the dashed black lines represent 
the 5th and 95th percentiles. The red and blue shaded areas indicate the 95% confidence 
intervals of the model predictions. 
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Table 6: Parameter estimates of the final population pharmacokinetic model for 
rifapentine and isoniazid 

Parameters Estimates (90% CI)a 

Rifapentine Isoniazid 

Typical parameters     

CL/F (L/hr) 1.03 (0.93 – 1.11)   

Fast/intermediate acetylator (isoniazid) CLFast/intermedi-

ate,isoniazid/F (L/hr)b 
- - 23.3 (21.3 – 25.6) 

Slow acetylator (isoniazid) CLSlow,isoniazid/F (L/hr)b - - 9.5 (8.5 – 10.6) 

Proportion of fast/intermediate acetylator (%)   65.9 (49.9 – 79.1) 

V/F (L) b 26.56 (24.98 – 
27.96) 

59.6 (55.9 – 63.2) 

MTT (hr) 2.34 (2.54 – 2.97) 1.4 (1.3 – 1.5) 

F 1 
(Fixed) 

- 1 
(Fixed) 

- 

Q/F (L/hr)b - - 1.26 (1.1 – 1.5) 

Vp/F (L)b - - 56.7 (48.4 – 65.9) 

Effect of suspension form on MTT (%) -22.2 (-28.7 – -15) -35 (-40.3 – -29.3) 

Effect of suspension form on MTT variation (%) -45.8 (-57.1 – -
34.8) 

-62.9 (-70.8 – -54.5) 

Inter-individual/occasion variabilityc     

IIV on CL (% CV) 19.9 (15.6 – 26.1) 17.4 (13.6 – 23.0) 

IIV on F (%CV) 17.3 (13.5 – 21.7) 18.1 (14.1 – 23.1) 

IOV on F (%CV) 12.2 (10.5 – 14.5) 7.1 (4.7 – 9.3) 

IOV on MTT (%CV) 39.2 (33.8 – 45.4) 40.8 (34.9 – 49.2) 

Correlation between IOV on F and MTT 0.37 (0.21 – 0.45)   

Residual unexplained variability     

Proportional error (%) 8 (7 – 9.1) 20.8 (19.6 – 22.1) 

Additive error (mg/L) 1.7 (1.6 – 1.9) 0.11 (0.08 – 0.13) 

Abbreviations: CL, clearance; F, bioavailability; V, volume of distribution; MTT, mean transit 
time; Vp, volume of distribution of the peripheral compartment; Q, inter-compartment clear-
ance; IIV, interindividual variability; IOV, inter-occasion variability. 
a 90% confidence interval was obtained using the sampling importance resampling method. 
b An allometric scaling factor is applied to CL, V, Q, and Vp for isoniazid as:  =
  ×  , where Pi is the individual typical parameter; x is 0.75 for Cl and Q and 1 for V 
and Vp. 
c Variability estimates are reported as the coefficient of variation (%CV), calculated as 

1 × 100 
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Figure 8: Visual predictive checks of the final model on observed isoniazid concen-
trations (dots) in the predicted slow acetylator population from time after dosing up 
to 24 hours, stratified by fixed-dose combination (FDC) generic brands or standalone 
and formulation type (whole tablet or suspension). The solid black line represents the 
50th percentile of observations, while the dashed black lines represent the 5th and 95th 
percentiles. The red and blue shaded areas indicate the 95% confidence intervals of 
the model predictions. 

Joint modelling of sputum biomarkers of tuberculosis 
(Paper IV) 
MGIT-TTP and TB-MBLA were both best described by bilinear longitudinal 
trajectories comprising an initial rapid bacterial killing phase followed by a 
slower late killing phase, whereas the PATHFAST TB LAM Ag test was ad-
equately described by a linear decline throughout treatment. The individual 
biomarker models were subsequently integrated into a joint modelling frame-
work by estimating the correlations among the IIV in baseline values and bac-
terial killing slope parameters across the three biomarkers. Parameter esti-
mates and corresponding 95% CIs for the final joint model are presented in 
Table 8. VPCs demonstrated that the final joint model adequately described 
the observed bilinear trajectories of MGIT-TTP and TB-MBLA, as well as the 
linear trajectory of the PATHFAST TB LAM Ag assay as shown in Figure 9. 

The final joint model showed a slight underprediction of TB-MBLA obser-
vations during the later stages of treatment. This was considered acceptable 
because approximately 50% of the observations at these time points were 
BLQ, and the observed proportion of BLQ measurements was well captured 
by simulations using the M3 method. As summarised in Table 8, MGIT-TTP 
exhibited a rapid initial increase in time-to-positivity that slowed after a tran-
sition point of approximately 8.6 days, whereas TB-MBLA demonstrated a 
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relatively slow initial decline followed by a faster second phase after approx-
imately 36 days. In contrast, the PATHFAST TB LAM Ag test exhibited a 
continuous linear decline throughout treatment. 

 
Table 7: Secondary pharmacokinetic metrics derived from non-compartmental analy-
sis (NCA) 

 N = 16 AUC0-168h (mg 
h/L)a Cmax (mg/L)a Tmax (hr)a 

Rifapentine     
Suspension FDC Brand 1 705.9 (584.8, 1008) 31.8 (25.4, 38) 5.49 (4, 8) 

 FDC Brand 2 770.9 (442.8, 1019) 34.1 (19.9, 40.8) 5.01 (4, 8) 
 Standalone 674 (366.5, 1355) 32.85 (14.7, 51.7) 5 (4, 8) 

Whole tablet FDC Brand 1 675.9 (367.4, 1054) 30.35 (15.7, 40.4) 6 (2.97, 8.1) 
 FDC Brand 2 708.5 (592.3, 1177) 34.35 (23.8, 50.3) 5.05 (3, 8) 
 Standalone 626.9 (484.6, 1310) 30.15 (22.3, 46.5) 5.5 (4, 8) 

Isoniazid     
Suspension FDC Brand 1 43.18 (19.5, 124.8) 10.8 (6.4, 16.1) 2 (1, 3) 
 FDC Brand 2 50.95 (27.2, 136.8) 13.05 (8, 17.1) 2.49 (1.9, 5) 
 Standalone 46.59 (17.8, 136.5) 10.75 (5.6, 18.4) 2 (1, 3.) 
Whole tablet FDC Brand 1 56.61 (21.0, 154.5) 13.4 (7.6, 18.2) 2.5 (1.0, 5) 
 FDC Brand 2 36.41 (19.4, 142.6) 9.78 (5.2, 19.9) 2 (1, 3) 
 Standalone 40.83 (19.0, 139.4) 12.05 (5.55, 17.7) 3 (1.08, 5) 

Abbreviations: FDC, fixed-dose combination; AUC, area under the curve; Cmax, maximal con-
centration; Tmax, time to reach maximal concentration. 
a Reported pharmacokinetics metrics are summarised as median (minimum, maximum) 

The joint model identified moderate negative correlations between the base-
line values of MGIT-TTP and TB-MBLA (r = 0.582) and between MGIT-
TTP and the PATHFAST TB LAM Ag test (r = 0.595), whereas a strong 
positive correlation was observed between the baseline values of TB-MBLA 
and the PATHFAST TB LAM Ag assay (r = 0.822). These negative correla-
tions were expected because MGIT-TTP increases as bacterial burden de-
creases, whereas TB-MBLA and LAM concentrations decrease with bacterial 
loads. Correlations among bacterial killing parameters were phase specific. 
The initial killing slopes of MGIT-TTP and TB-MBLA were strongly corre-
lated (r = 0.697), indicating that both assays captured similar IIV differences 
in the early bactericidal phase. Likewise, the secondary killing slopes of 
MGIT-TTP and TB-MBLA were moderately to strongly correlated (r = 
0.649). The linear killing slope of the PATHFAST TB LAM Ag test demon-
strated strong correlations with the secondary killing slopes of both MGIT-
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TTP (r = 0.725) and TB-MBLA (r = 0.753), whereas no significant correlation 
was identified with the initial killing phase. These findings indicate that the cor-
relation structure was both biomarker- and phase-specific, reflecting shared but 
distinct biological processes underlying bacterial clearance. In particular, the 
stronger association between sputum LAM concentrations and the later bacteri-
cidal phase suggests that sputum LAM primarily reflects sterilising activity dur-
ing treatment rather than the rapid initial decline in bacterial burden. 

Thirty-six exposure-response model scenarios were evaluated to investi-
gate the effects of week 2 sutezolid Cmax and delpazolid AUC0-24h on the bac-
terial killing parameters. The final model identified sutezolid Cmax as a sig-
nificant predictor of both the early and late killing slopes of MGIT-TTP and 
TB-MBLA, as well as the linear killing slope of the PATHFAST TB LAM 
Ag assay. At a representative Cmax of 0.881 mg/L, sutezolid increased bac-
terial killing rates by 10.45% (95% CI: 1.25–20.06). Delpazolid AUC0-24h 
significantly increased the secondary killing slopes of MGIT-TTP and TB-
MBLA together with the linear killing slope of the PATHFAST TB LAM 
Ag test. At an AUC0-24h of 36 mg·h/L, the estimated increase in bacterial 
killing was 16.16% (95% CI: 0.02–33.81), reaching a maximum predicted 
effect of 22.44% (95% CI: 0.03–46.96) at 50 mg·h/L. Although several al-
ternative exposure-response models also achieved statistically significant 
improvements in model fit, the selected model provided the most biologi-
cally plausible and parsimonious description of the observed data. The re-
sulting exposure-response profiles for sutezolid and delpazolid are presented 
in Figures 10 and 11, respectively. The three-biomarker joint model pro-
duced exposure-response relationships comparable to those obtained using 
the standalone MGIT-TTP model, indicating that the drug-effect estimates 
were robust to the inclusion of TB-MBLA and the PATHFAST TB LAM 
Ag test. In contrast, models incorporating only TB-MBLA and the PATH-
FAST TB LAM Ag test produced smaller and statistically non-significant 
drug effects, suggesting that, despite their strong correlations with MGIT-
TTP, these novel biomarkers remain less sensitive than MGIT-TTP for quan-
tifying drug effects when used alone. 
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Table 8: Parameter estimates for joint models of the final MGIT-TTP, TB-MBLA and 
PATHFAST TB LAM Ag test model 

Model Parametera Estimate (95% CI)b IIV, %CV (95% CI) 

MGIT-TTP   

Baseline MGIT-TTP (log10 h) 2.09 (2.06 – 2.12) 5.1 (4.0 – 6.4) 

Slope 1 (log10 h/day), rate of increase 0.035 (0.030 – 0.041) 27.5 (20.2 – 36.5) 

Slope 2 (log10 h/day), rate of increase 0.010 (0.009 – 0.012) 29.7 (22.7 – 37.8) 

Slope transition point (day) 8.63 (7.49 – 9.71)  

Box-Cox transformation parameter on Baseline MGIT-TTP 7.72 (1.44 – 14.15)  

Additive residual error (log10 h, SD) 0.097 (0.075 – 0.126) 82.1 (61.9 – 106.3) 

Additive residual error between two sputum samples (log10 h, SD) 0.069 (0.061 – 0.077) 59.7 (49.1 – 74.9) 

TB-MBLA   

Baseline TB 16S rRNA (log10 copies/reaction) 6.80 (6.68 – 6.95) 11.3 (8.1 – 14.3) 

Slope 1 (log10 copies/reaction/day), rate of decrease 0.056 (0.048 – 0.070) 94.4 (70.9 – 123.9) 

Slope 2 (log10 copies/reaction/day), rate of decrease 0.083 (0.067 – 0.110) 139.5 (104.0 – 202.8) 

Slope transition point (day) 35.92 (32.40 – 39.54)  

Box-Cox transformation parameter on Baseline TB 16S rRNA  -11.8 (-18.50 – -7.56)  

Additive residual error (log10 copies/reaction/, SD) 0.578 (0.486 – 0.657) 37.6 (28.0 – 51.1) 

Inverse proportional residual error Fixed to variance of 4 37.6 (28.0 – 51.1) 

Additive residual error between replicates (log10 copies/reaction, 
SD) 0.053 (0.050 – 0.058) 52.2 (45.0 – 60.3) 

PATHFAST TB LAM Ag test   

Baseline LAM (log10 pg/mL) 4.14 (3.90 – 4.39) 26.3% (21.7 – 32.2) 

Slope (log10 pg/mL/day), rate of decrease 0.033 (0.030 – 0.037) 43.9 (36.2 – 52.2) 

Box-Cox transformation parameter on Baseline LAM  -2.47 (-3.59 – -1.72)  

Additive residual error (log10 pg/mL, SD) 0.681 (0.632 – 0.741) 35.7 (25.1 – 42.9) 

Covariate effects   

Age effect on Slope (% change per year relative to age 34)d -0.5 (-1.07 – -0.01)  

Drug effects   

Sutezolid effect on Slope 1 and Slope 2 for MGIT-TTP and TB-
MBLA, and on the Slope for the PATHFAST TB LAM Ag test (% 
increase per 0.881 mg/L of Cmax)e 

10.45 (1.25 – 20.06)  

Delpazolid effect on Slope 2 for MGIT-TTP and TB-MBLA, and 
on the Slope for the PATHFAST TB LAM Ag test (% increase per 
36 mg·h/L of AUC0-24h)f 

16.16 (0.02 – 33.81)  

Correlation between IIV parametersg   

Baseline of MGIT-TTP: Baseline of TB-MBLA  -0.586 (-0.834 – -0.351)  

Baseline of MGIT-TTP: Baseline of PATHFAST TB LAM Ag test -0.595 (-0.842 – -0.354)  

Baseline of TB-MBLA: Baseline of PATHFAST TB LAM Ag test 0.822 (0.683 – 0.926)  

Slope 1 of MGIT-TTP: Slope 1 of TB-MBLA 0.697 (0.381 – 0.818)  

Slope 2 of MGIT-TTP: Slope 2 of TB-MBLA 0.649 (0.448 – 0.838)  

Slope 2 of MGIT-TTP: Slope of PATHFAST TB LAM Ag test 0.725 (0.548 – 0.853)  

Slope 2 of TB-MBLA: Slope of PATHFAST TB LAM Ag test 0.753 (0.614 – 0.876)  

a The baseline values for the Mycobacteria Growth Indicator Tube Time to Positivity (MGIT 
TTP), the tuberculosis (TB) 16S rRNA, measured by the Tuberculosis Molecular Bacterial 
Load Assay (TB-MBLA), and lipoarabinomannan (LAM), measured by the PATHFAST TB 
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LAM ag test, represent the estimated biomarker values at time zero. The slopes represent the 
rate of increase for MGIT-TTP and rate of decrease for TB-MBLA and PATHFAST TB LAM 
Ag test. The residual error was modelled as additive on the log10 scale and reported as the 
standard deviation (SD), which corresponds to a proportional error on the normal scale. The 
inverse proportional residual error corresponds to an additive error on the normal scale, which 
was fixed to a variance of 4. 
b The 95% confidence interval (CI) was obtained via non-parametric bootstrapping with 200 
samples. 
c The coefficient of variation (%CV) for inter-individual variability (IIV) was calculated by  
% =  1 × 100, where 2 is the estimated variance of the IIV. 
d The age effect on Slope was parameterised as: × (1 +  × ( 34)), 
where 34 years is the median age of participants. 
e The effect of maximal concentration (Cmax) for sutezolid at week 2 visit on Slope was param-
eterised as: (  /0.881) ×  , where 0.881 mg/L is the median 
Cmax derived from the population pharmacokinetic model of the PanACEA-SUDOCU-01 
trial.[101] 
f The effect of the area under the concentration time curve from 0 to 24 hours (AUC0-24h) for 
delpazolid at week 2 on Slope was parameterised as: (  /36 ×

 . This effects reaches a maximal effect at 50 mg·h/L, and 36 mg·h/L is 
the median AUC0-24h derived from the population pharmacokinetic model of the PanACEA-
DECODE-01 trial.[102] 
g The correlation coefficient (R) between IIV parameters was calculated from 2 and covar-
iance ( 1,2) using the equation: =  ,

×
. 

These findings indicate that TB-MBLA and the PATHFAST TB LAM Ag test 
provide complementary information to MGIT-TTP within a multivariate mod-
elling framework rather than serving as direct replacements. Their substan-
tially shorter turnaround time and lower susceptibility to culture contamina-
tion make them attractive biomarkers for frequent monitoring during treat-
ment, while MGIT-TTP continues to provide the greatest sensitivity for char-
acterising exposure-response relationships. By jointly modelling the 
correlated dynamics of all three biomarkers, this framework provides a more 
complete characterisation of their shared treatment-response trajectories than 
any single biomarker considered in isolation. Whether this joint characterisa-
tion improves precision or efficiency in future dose-finding and regimen-op-
timisation studies remains to be evaluated prospectively. 

Several limitations should be acknowledged. First, the analysis was based 
on data from only two clinical trials, resulting in differences in sample avail-
ability and missing data patterns across biomarkers and study cohorts. Second, 
the modelling framework characterised biomarker dynamics during the first 
12 weeks of treatment rather than long-term clinical outcomes. Consequently, 
the extent to which the estimated joint biomarker trajectories predict durable 
sterilising cure, treatment failure, or relapse remains to be established through 
future prospective validation studies. 
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Integrated discussion 
Across Papers I–IV, pharmacometric modelling was applied to address key 
challenges spanning PK, PD, drug safety, and treatment-response evaluation 
in TB. In Paper III, popPK modelling demonstrated comparable bioavailabil-
ity between whole-tablet and suspended formulations of rifapentine and iso-
niazid, supporting formulation bridging for paediatric use without dose adjust-
ment. Papers I and II developed and applied QTcTBT, which accounts for HR 
recovery during TB treatment and improves exposure–QT analyses by reduc-
ing bias arising from secular HR changes, thereby lessening the dependence 
on placebo-controlled correction of time-on-treatment effects. In Paper IV, 
joint longitudinal modelling integrated complementary treatment-response bi-
omarkers to characterise bacterial clearance dynamics and quantify exposure–
response relationships across multiple biomarkers simultaneously. Collec-
tively, these studies highlight the versatility of MIDD, demonstrating how 
pharmacometric approaches can support dose optimisation, improve cardiac 
safety assessment, facilitate formulation bridging, and strengthen efficacy 
evaluation throughout the drug development pathway. 

A common limitation across these applications is that model performance 
depends on the representativeness of the underlying data, and extrapolation 
beyond the studied populations, treatment regimens, or follow-up periods re-
quires further validation. Nevertheless, the agreement between model-based 
predictions and previously reported findings, together with the consistency 
observed across independent datasets and modelling approaches, supports the 
robustness and clinical relevance of the pharmacometric frameworks devel-
oped in this thesis. 
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Figure 9: Visual predictive checks (VPCs) for the final joint model of Mycobacterial 
Growth Indicator Tube Time to Positivity (MGIT-TTP) (A), Tuberculosis Molecular 
Bacterial Load Assay (TB-MBLA) (B) and PATHFAST Tuberculosis Lipoarabi-
nomannan Antigen (PATHFAST TB LAM Ag) test (C). The observed median is rep-
resented by a solid line, and the 5th and 95th percentiles are represented by dashed 
lines. The shaded areas represent the 95% confidence intervals (CI) for the simulated 
median (red) and the simulated 5th and 95th percentiles (blue). A solid red horizontal 
line denotes the quantification limits, which are 2.778 log10 hours for MGIT-TTP, 
2.107 log10 copies/reaction for TB-MBLA, and 1log10 pg/mL for the PATHFAST TB 
LAM Ag test. The upper panel displays the continuous data for the MGIT-TTP, TB-
MBLA, and PATHFAST TB LAM Ag test VPCs. The corresponding lower panels 
show the proportion of observations either above (ALQ) or below the limit of quanti-
fication (BLQ), along with the 95% CI of the simulated proportion shaded in blue. 
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Figure 10: Model-derived exposure-response relationships for sutezolid. The y-axis 
represents the percentage enhancement in the mycobacterial killing rate relative to the 
non-sutezolid group. The solid lines and shaded area represent the model-predicted 
median effects and their corresponding 95% confidence intervals. Coloured lines in-
dicate standalone or specific joint models, while the grey lines and shaded area repre-
sent the final joint model incorporating Mycobacterial Growth Indicator Tube Time 
to Positivity (MGIT-TTP), Tuberculosis Molecular Bacterial Load Assay (TB-
MBLA), and PATHFAST Tuberculosis Lipoarabinomannan Antigen (PATHFAST 
TB LAM Ag) test as a reference. Vertical dashed lines indicate the geometric mean 
Cmax for four sutezolid dosing regimens: 600 mg OD (0.59 mg/L), 1200 mg OD (1.00 
mg/L), 600 mg BD (0.69 mg/L), and 800 mg BD (0.92 mg/L). 
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Figure 11: Model-derived exposure-response relationships for delpazolid. The y-axis 
represents the percentage enhancement in the mycobacterial killing rate relative to the 
non-delpazolid group. The solid lines and shaded area represent the model-predicted 
median effects and their corresponding 95% confidence intervals. Coloured lines in-
dicate standalone or specific joint models, while the grey lines and shaded area repre-
sent the final joint model incorporating Mycobacterial Growth Indicator Tube Time 
to Positivity (MGIT-TTP), Tuberculosis Molecular Bacterial Load Assay (TB-
MBLA), and PATHFAST Tuberculosis Lipoarabinomannan Antigen (PATHFAST 
TB LAM Ag) test as a reference. Vertical dashed lines indicate the geometric mean 
Cmax for four delpazolid dosing regimens: 400 mg OD (10.1 mg·h/L), 800 mg OD 
(28.6 mg·h/L), 1200 mg OD (47.0 mg·h/L), and 800 mg BID (68.5 mg·h/L). 
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Conclusions and Future Perspectives 

This thesis applied pharmacometric approaches to address key challenges in 
TB drug development and clinical care, spanning safety assessment, formula-
tion bridging, and treatment-response evaluation. QTcTBT was developed 
and externally validated across multiple bedaquiline- and delamanid-contain-
ing regimens, demonstrating improved correction of treatment-related HR 
changes compared with conventional fixed CFs (Paper I). Application of 
QTcTBT in exposure–QT analysis confirmed that the QT-prolonging effect 
of bedaquiline metabolite M2 remained below the regulatory threshold of 10 
ms at clinically relevant concentrations and reduced bias associated with time-
on-treatment effects (Paper II). PopPK modelling demonstrated similar bioa-
vailability between suspended and whole-tablet formulations of rifapentine 
and isoniazid, supporting formulation bridging and broader access to the 3HP 
preventive treatment regimen for paediatric populations (Paper III). Further-
more, a joint longitudinal biomarker model integrating MGIT-TTP, TB-
MBLA, and the PATHFAST TB LAM Ag assay characterised their comple-
mentary treatment-response dynamics and demonstrated their potential utility 
for improving exposure–response assessment, although these biomarkers can-
not yet replace MGIT-TTP (Paper IV). 

Future work should focus on further validation and clinical translation of 
these pharmacometric frameworks. QTcTBT should be prospectively evalu-
ated in additional populations and emerging TB regimens, including BPaLM-
containing therapies, as well as in prospective cardiac safety monitoring. The 
paediatric population presents a particularly important but distinct transla-
tional challenge for QTcTBT. Resting HR in infants and young children is 
physiologically higher than in adults, and normal HR ranges continue to 
change substantially throughout childhood as part of normal development, in-
dependent of TB treatment [103]. QTcTBT therefore cannot be assumed to be 
directly transportable to paediatric populations: its CF and HR recovery half-
life were both estimated from adult data, with no influence from age-related 
change in baseline HR. This matters because TB treatment typically spans six 
months, during which children aged 1–6 years already undergo rapid devel-
opmental change in baseline HR — so applying adult-derived parameters risks 
conflating disease-related HR recovery with normal growth-related HR 
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change. Re-estimating QTcTBT in children would therefore require a dedi-
cated model that accounts for age-dependent baseline HR and its developmen-
tal trajectory, alongside the TB-related recovery dynamic already captured in 
the adult model. 

Formulation bridging approaches have previously supported paediatric 
dosing of bedaquiline and delamanid [104, 105], and could be extended to 
other priority anti-TB drugs to support evidence-based paediatric dosing 
where child-friendly formulations remain unavailable.  

The joint biomarker framework requires evaluation in larger and more di-
verse clinical datasets, with longer follow-up and clinically relevant outcomes 
such as relapse-free cure, to determine its potential as a validated surrogate 
endpoint. Because MGIT-TTP retained the greatest sensitivity for detecting 
drug effects in this analysis, TB-MBLA and the PATHFAST TB LAM Ag 
test are unlikely to serve as direct replacements in the near term. Their practi-
cal value instead lies in enabling frequent, culture-independent monitoring be-
tween scheduled culture visits, providing an early signal of non-response that 
could prompt closer clinical follow-up or additional culture-based confirma-
tion, particularly in settings where culture capacity is limited. Whether addi-
tional biomarkers beyond these three sputum-based assays could further com-
plement this framework remains an open question for future research. 

Finally, these studies demonstrate how pharmacometric modelling can 
strengthen MIDD by improving dose optimisation, safety assessment, formu-
lation bridging, and biomarker-based efficacy evaluation, ultimately support-
ing faster and more efficient translation of TB therapeutics across diverse pa-
tient populations.  
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