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Abstract 

Tuberculosis (TB) is the primary cause of death from a single infectious agent 

worldwide. During the coronavirus disease (COVID-19) pandemic, TB briefly fell to 

second place, but it has now regained its position as the top infectious killer. It is caused 

by Mycobacterium tuberculosis and mainly targets the lungs, but it can spread to other 

tissues, which can result in TBM, a more severe and often fatal form that affects the 

central nervous system (CNS), particularly the meninges. In South Africa, TB and TBM 

burdens are particularly high due to factors such as high HIV prevalence.  

The treatment of TB and TBM presents significant challenges. Firstly, it typically 

involves numerous antibiotics taken over several months that may cause serious 

adverse effects, leading to poor adherence, which can result in treatment failure or the 

development of drug resistance. Secondly, TB management in hospitalised patients 

becomes more difficult since they often face more advanced stages of the infection, as 

well as physiological changes that could impact the pharmacokinetics of anti-TB drugs. 

Lastly, TBM treatment is further complicated by limited antitubercular drug penetration 

into the CNS due to its protective barriers, disease-related physiological changes to 

these barriers and neurological complications. A further challenge is the treatment of 

special populations, such as children, where unique pharmacokinetic and formulation 

considerations may complicate management. In this thesis, we use pharmacometric 

modelling and simulation approaches to tackle some of the obstacles encountered in 

TB and TBM treatment. Firstly, we demonstrate how pharmacometric approaches can 
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be useful in monitoring adherence to TB drugs. Secondly, we investigated the 

differences in the pharmacokinetics of rifampicin, isoniazid, and pyrazinamide in 

hospitalised patients, who are more severely ill, compared to outpatients. Although we 

found slower rifampicin absorption and higher between-subject variability in 

pyrazinamide clearance in hospitalised patients compared to outpatients, we did not 

identify any changes in pharmacokinetics that are expected to be of clinical 

significance. It is reassuring that hospitalized patients do not seem to have lower 

antitubercular drug exposures than outpatients. Thirdly, in South African children 

diagnosed with definite or probable TBM, we estimated the extent of rifampicin’s 

lumbar and ventricular cerebrospinal fluid (CSF) penetration to be ~5% of plasma. We 

were also able to use the microdialysis technique to obtain brain extracellular fluid 

samples to present a proof-of-concept that rifampicin enters the brain tissue. These 

results show that the microdialysis technique is a promising way to study site-of-disease 

pharmacokinetics in TBM and pave the way for optimisation of TBM regimens. Lastly, 

in South African adults with TBM/HIV, we described the plasma and CSF 

pharmacokinetics of standard and high-dose (10 and 35 mg/kg) rifampicin and 

linezolid. We estimated lumbar CSF penetration of rifampicin to be ~5%, which is in 

line with the results of our study in children. Linezolid CSF penetration increased with 

higher CSF total protein levels, peaking at 37%. Neither the duration of rifampicin co-

treatment nor the dose level (standard 10 mg/kg vs high 35 mg/kg) was found to affect 
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linezolid pharmacokinetics. Our findings endorse the continued evaluation of high-

dose rifampicin (35 mg/kg) and linezolid for optimizing TBM treatment regimens.  

To conclude, thanks to pharmacometric approaches, we could address some of 

the challenges encountered in TB treatment, namely, using modelling and simulation 

to monitor drug adherence, understanding the pharmacokinetics of the first-line anti-

TB drugs in hospitalised TB patients, and investigating CNS pharmacokinetics of 

rifampicin and linezolid in TBM patients.  
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Chapter 1 : Introduction 

Global tuberculosis (TB) burden 

Tuberculosis (TB) is an airborne infectious disease caused by the Mycobacterium 

tuberculosis (Mtb) bacteria. TB is typically preventable and usually treatable. 

Despite this, TB is currently the number 1 cause of death from a single infectious 

agent. COVID-19 caused more deaths during the pandemic years, but as a single 

infectious agent, TB still holds the top position for global mortality. 

Despite prevention, diagnosis, treatment, healthcare access, and research efforts, 

over 10 million individuals still contract TB annually, and TB-related deaths are 

nearly double that of HIV/AIDS. TB caused an estimated 1.3 million deaths around 

the world in 2022. The disruptions caused by COVID-19 are projected to have led 

to nearly 500,000 additional deaths from TB between 2020 and 2022, in contrast to 

the expected mortality rates had the trends preceding the pandemic persisted 

(World Health Organization 2023a). Approximately 2.5 million people suffered from 

TB in the WHO African Region in 2021, and as many as half a million people died 

due to the disease in the same year (World Health Organization 2023b)  . In South 

Africa, the estimated incidence of TB cases is 468 per 100,000 of the population. At 

least 54% of the estimated incidence of TB cases and 57% of the 54,000 deaths 

attributable to TB in 2022 occurred in people living with HIV (PLWH) (World Health 

Organization 2023a). 

Additionally, about 50% of TB patients and their families must bear a huge 

economic burden (>20% of annual household income) due to direct medical and 
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non-medical expenditures, and indirect costs related to reduced work ability and 

income loss (World Health Organization (WHO) 2023) . 

TB is a global health concern with numerous new cases linked to five key risk 

factors: undernourishment, HIV infection, alcohol use disorders, smoking 

(specifically among men) and diabetes (World Health Organization 2023a) . PLHIV 

are ~16 times more likely to fall ill with TB disease than those without HIV, making 

TB the leading cause of death among people living with HIV. An estimated 39 

million people were living with HIV and about 167,000 people died of HIV-

associated TB in 2022, two-thirds of whom are in the WHO African Region. In 2022, 

about 167,000 people died of HIV-associated TB. The WHO African Region has the 

highest burden of HIV-associated TB. The proportion of TB episodes coinfected 

with HIV was highest in countries in the WHO African region, exceeding 50% in parts 

of southern Africa (Joint United Nations Programme on HIV/AIDS (UNAIDS) 2024). 

The WHO recommends that all PLHIV should get TB preventive treatment (World 

Health Organization 2024b) .  

Global tuberculosis meningitis (TBM) burden 

TB typically impacts the lungs (pulmonary TB), although it can also affect other 

tissues, generally referred to as extrapulmonary TB. Among all the types of TB, 

tuberculosis meningitis (TBM) is a particularly devastating extrapulmonary 

manifestation of the disease. It is estimated that over 100,000 cases occur annually, 

and in patients co-infected with HIV, the mortality and morbidity rate can be as high 

as 50% (Wilkinson et al. 2017). TBM arises when the Mtb invade the meninges, the 

membranes enveloping the brain and spinal cord. TBM comprises roughly 5 to 10% 
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of all extrapulmonary TB cases and ~1% of all TB cases (Thakur et al. 2018). 

Moreover, TBM cases are often underreported because TBM is challenging to 

diagnose, especially early in infection. The reason is that TBM presents with non-

specific clinical symptoms that overlap with other neurological conditions, including 

infectious meningitis caused by viruses, other bacteria, and fungi. Also, the 

diagnosis of TBM is often not microbiologically confirmed (Wilkinson et al. 2017; 

Török 2015). 

Children are at a particularly high risk of TBM, with peak incidence in children 

under 4 years old (Török 2015). Mathematical modelling indicates that over 58% of 

paediatric TB cases occur in children under 5 years old, with a quarter of them 

presenting with extrapulmonary TB (Dodd et al. 2017). A 2012 study reported that 

TB was the leading cause of bacterial paediatric meningitis (~22%) in the Western 

Cape of South Africa (Wolzak et al. 2012). A systematic review of treatment 

outcomes involving 1,636 children diagnosed with TBM revealed a mortality of 

19.3%, indicating that several thousand infants succumb to TBM annually (Chiang 

et al. 2014). The neonatal Bacillus Calmette–Guérin (BCG) vaccine is estimated to 

be 73% effective in preventing TBM, potentially averting around 30,000 cases of the 

disease among children each year. This estimation aligns with the overall 

occurrence of approximately 100,000 cases of TBM annually (Wilkinson et al. 2017). 

Diagnosis of TBM is even more challenging in infants and children. Early symptoms 

in children are nonspecific and may include cough,  fever, vomiting, malaise, and 

weight loss, usually not accompanied by detectable abnormalities in the CSF. This 

absence of clinical or CSF evidence of meningitis at the initial presentation can 
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complicate diagnosis and necessitate further evaluation to confirm or rule out the 

condition (Török 2015). 

Pathogenesis of TB 

Mtb is the most common species of bacteria responsible for human TB infections, 

however, other species of mycobacteria can cause TB-like diseases in humans. TB 

spreads mainly through airborne droplets, which can stay suspended in the air for 

several hours when a person with an active TB infection coughs, sneezes or speaks. 

TB pathogenesis begins when Mtb enters the body through inhalation of infectious 

droplets. After being inhaled, the bacteria travel to the alveoli in the lungs, where 

alveolar macrophages engulf them. However, Mtb has evolved strategies to evade 

destruction by the immune system and can survive and replicate within these 

macrophages (Sturgill-Koszycki et al. 1994).  

The infection triggers a complex immune response. Infected macrophages 

release cytokines and chemokines, recruiting other immune cells to the site of 

infection. Granulomas, organized collections of immune cells, form around the 

infected macrophages in an attempt to contain the infection. Within granulomas, 

the bacteria can persist in a dormant state, leading to latent tuberculosis infection. 

However, in some cases, the bacteria can evade immune clearance and proliferate, 

leading to the development of active TB disease. This active disease is characterized 

by tissue damage, necrosis, and the formation of cavities within the lungs, as well as 

the potential spread of bacteria to other organs. The interplay between Mtb and the 

host immune response determines the outcome of infection (de Martino et al. 2019; 

Bhatt and Salgame 2007). 



27 

 

Pathogenesis of TBM 

The pathogenesis of TBM also begins with the inhalation of Mtb bacilli, typically 

through respiratory droplets expelled by individuals with active pulmonary TB. The 

bacteria can then disseminate through the bloodstream or lymphatic system to 

various organs, including the central nervous system (CNS) (Davis et al. 2019). The 

CNS is an intricate system that comprises many physiological compartments and 

flows. Physiological compartments are the blood-brain barrier (BBB), the blood-

cerebrospinal fluid barrier (BCSFB), brain extracellular fluid (brain ECF), cerebral 

blood, brain parenchymal cells, and the CSF in the ventricles, the cisterna magna, 

and the subarachnoid space. CNS fluid flows include the cerebral blood flow (CBF), 

brain ECF bulk flow, and CSF flow (Yamamoto, Danhof, and de Lange 2017). Mtb 

gains access to the CNS by crossing the protective barriers. The CNS is protected 

from potential harm by 2 barriers: the BBB and the BCSFB. The BBB is a specialised 

barrier that is made up of tightly packed endothelial cells lining the blood vessels in 

the brain. The BCSFB primarily consists of specialised epithelial cells called choroid 

plexus epithelial cells, which are interconnected by tight junctions forming a 

physical barrier. The bacilli can breach the barriers via various mechanisms, 

including transcellular migration or by infecting and disrupting the integrity of 

endothelial cells (Davis et al. 2019).  

Once Mtb reaches the CNS, it can infect resident immune cells such as 

macrophages and microglia, as well as other cell types. Within these cells, Mtb can 

survive and replicate, establishing a focus of infection within the CNS. The presence 

of Mtb triggers a localised inflammatory response within the meninges and 
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surrounding brain tissue. This response involves the activation of immune cells, the 

release of pro-inflammatory cytokines, and the mobilisation of more immune cells 

to the site of infection. The immune response aims to control bacterial growth and 

clear the infection, but can also contribute to tissue damage and neurological 

complications. In some cases, the immune response may lead to the formation of 

granulomas within the CNS, known as tuberculomas. These structures consist of 

aggregates of immune cells, including macrophages, surrounded by a rim of 

fibrotic tissue. Within tuberculomas, caseous necrosis may occur, characterised by 

the central necrotic core surrounded by inflammatory cells (Manyelo et al. 2021; 

Davis et al. 2019). 

TBM can lead to various neurological complications, including 

hydrocephalus (due to obstruction of cerebrospinal fluid flow), ischemic stroke 

(caused by vasculitis and thrombosis), cranial nerve palsies, seizures, and cognitive 

deficits. These complications result from the direct effects of the infection, 

inflammation, and tissue damage within the CNS (Manyelo et al. 2021; Davis et al. 

2019). 

Overall, the pathogenesis of TBM involves the invasion of Mtb from the 

primary site of infection, typically the lungs, into the CNS, activation of the host 

immune response, and subsequent inflammation and tissue damage. 

Tuberculosis treatment 

TB treatment typically requires multiple antibiotics to effectively eliminate Mtb and 

reduce the risk of the development of drug resistance. The combination of 

antibiotics and duration of treatment depends on the type and severity of TB 
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infection and drug susceptibility. First-line antibiotics include rifampicin, isoniazid, 

pyrazinamide, and ethambutol. These drugs are prescribed according to weight 

bands, with the recommended daily doses as follows: rifampicin (8–12 mg/kg), 

isoniazid (4–6 mg/kg), pyrazinamide (20–30 mg/kg), and ethambutol (15–20 mg/kg) 

(World Health Organization 2022c) . 

TB preventive treatment 

Since estimates indicate that people living with HIV (PLHIV) are at much higher risk 

of developing active TB and that TB is the most frequent cause of AIDS-related 

deaths worldwide, prevention of active TB disease is an important component of 

efforts to eliminate TB worldwide (World Health Organization 2024b). Isoniazid 

preventive treatment (IPT) (daily isoniazid for 6 to 9 months) was previously the 

standard TB preventative therapy (TPT) for all individuals in high and low TB 

incidence countries. In 2020, the WHO introduced 2 additional regimens: daily 

rifapentine with isoniazid for 1 month (1HP) and daily rifampicin for 4 months (4R), 

as alternatives for latent drug-susceptible TB infection (World Health Organization 

2024b). 

Drug-susceptible TB treatment  

Without treatment, mortality rates of active TB disease are as high as 50% (World 

Health Organization 2023a) . The antitubercular drugs must reach their microbial 

targets in adequate concentrations and remain for a sufficient period necessary to 

kill the bacteria. They must be transported from the circulation to the non-

vascularized pulmonary lesion, then enter the caseum and necrotic foci, permeate 

the Mtb cell envelope to reach their intracellular targets (Dartois 2014). All patients 
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with drug-susceptible uncomplicated TB without documented resistance to 

rifampicin and isoniazid are treated using the 6-month RHZE regimen: rifampicin, 

isoniazid, pyrazinamide, and ethambutol for 2 months, called the initiation phase, 

followed by only rifampicin and isoniazid for an additional 4 months, known as the 

continuation phase. This regimen is typically abbreviated as 2HRZE/4HR (World 

Health Organization 2022c). 

Drug-susceptible TBM treatment 

Early correct diagnosis of TBM is very critical for better treatment outcomes. But the 

diagnosis of TBM remains difficult, particularly in children, which further 

complicates treatment endeavours (Török 2015). The ideal duration for TBM 

treatment is not evidence-based, therefore, it differs from one country to another 

(Litjens, Aarnoutse, and te Brake 2020). Yet, the TBM regimen recommended by the 

WHO is the same as that for pulmonary TB only with a longer continuation phase of 

10 months instead of 4 months (2HRZE/10HR), in addition to the newly 

recommended short intensive regimen in 2022. The short intensive regimen 

consists of daily isoniazid, rifampicin, pyrazinamide, and ethionamide for 6 months 

(6HRZEto), with higher mg/kg doses of isoniazid and rifampicin compared with the 

12-month regimen. It was adapted from the regimen used in South Africa (World

Health Organization 2022d) . The use of child-friendly, dispersible, and FDC 

medicines in children is preferred when possible (World Health Organization 

2022c) . 

In addition to antitubercular antibiotics, adjunctive anti-inflammatory agents 

such as corticosteroids are usually administered to TBM patients to reduce the 
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associated vasculitis in different cerebral blood vessels (Cresswell et al. 2019). 

Moreover, surgical interventions may be required such as in the case of 

hydrocephalus management in TBM (A. A. Figaji and Fieggen 2010). 

Drug-resistant TB treatment 

Drug-resistant TB refers to TB infections that evolve and become resistant to the 

antibiotics typically used for treatment. Multidrug-resistant TB (MDR-TB) is TB that is 

caused by strains of Mtb that are resistant to both rifampicin and isoniazid. 

Extensively drug-resistant TB (XDR-TB) refers to TB that is resistant to both rifampicin 

and isoniazid, in addition to resistance to any fluoroquinolone and to at least one of 

three second-line injectable drugs (capreomycin, kanamycin and amikacin) (World 

Health Organization 2022a).  Patients can develop drug-resistant TB either by being 

infected with a drug-resistant strain (known as primary resistance) or by developing 

resistance during treatment (acquired resistance). The latter often occurs due to 

subtherapeutic drug concentrations or poor adherence to medication regimens 

(Dheda et al. 2017; Dousa et al. 2020).  

Second-line antitubercular drugs for TB treatment include repurposed 

antibiotics like linezolid, clofazimine, fluoroquinolones (e.g. levofloxacin, 

moxifloxacin), and aminoglycosides (e.g. streptomycin, amikacin), alongside newer 

antibiotics such as bedaquiline, pretomanid, and delamanid. The treatment of drug-

resistant Mtb strains typically involves a combination of second-line drugs, 

sometimes alongside first-line agents (Dousa et al. 2020). 

The WHO has conditionally recommended a new 6–9-month regimen 

composed of bedaquiline, pretomanid, and linezolid (BPaL) for patients with MDR-
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TB and rifampicin-resistant TB (RR-TB), especially those with additional 

fluoroquinolone resistance and limited or no prior exposure to bedaquiline or 

linezolid (no more than two weeks) (World Health Organization 2022a). This 

recommendation was based on the 2020 Nix-TB study, where participants received 

high-dose linezolid (1200 mg), pretomanid (200 mg), and bedaquiline (400 mg 

daily for 2 weeks, followed by 200 mg three times weekly for 24 weeks) over a 26-

week treatment period (Conradie et al. 2020). In the subsequent TB-PRACTECAL 

study (Nyang’wa et al. 2022), a variation of the regimen, known as BPaLM, was 

tested. In this regimen, bedaquiline and pretomanid were administered similarly to 

the Nix-TB protocol, but the linezolid dose was reduced to 600 mg daily for 16 

weeks, followed by 300 mg for 8 weeks. Furthermore, moxifloxacin (400 mg daily) 

was introduced into the regimen. However, despite its success in pulmonary 

disease, this regimen has not been implemented for TBM, as its efficacy is 

contingent on adequate CNS penetration, a factor which preclinical PET imaging 

data suggest can be substantially lower in brain tissue compared to the lungs (X. 

Chen et al. 2024). 

Pharmacology of antitubercular drugs 

The antitubercular drugs investigated in this thesis include rifampicin, isoniazid, 

pyrazinamide, and linezolid. Their pharmacology is described below. 

Rifampicin 

Rifampicin, a member of the rifamycins class, is a semisynthetic antibiotic produced 

from the bacteria Streptomyces mediterranei. It has a broad antimicrobial spectrum, 
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including activity against Mycobacteria. It received approval for use in the treatment 

of TB in 1967 and has since been a cornerstone in TB treatment regimens (Van Ingen 

et al. 2011).  

Mechanism of action:  

Rifampicin exerts its bactericidal effect primarily via inhibiting bacterial RNA 

polymerase, the enzyme in charge of DNA transcription, effectively blocking the 

initiation of RNA synthesis and leading to bacterial cell death. The corresponding 

mammalian enzyme remains unaffected by rifampicin (Tupin et al. 2010; Wehrli 

1983). Rifampicin has demonstrated remarkable activity against persisting and 

dormant populations of Mtb, making it a crucial component in shortening the 

duration of TB treatment and reducing the likelihood of drug resistance emergence. 

The Minimum Inhibitory Concentrations (MICs) of rifampicin in clinical isolates of 

drug-susceptible Mtb varied between 0.016 and 0.5 mg/L (Chigutsa et al. 2015). 

Pharmacokinetics: 

Following oral administration, rifampicin’s absorption is highly variable (Burman, 

Gallicano, and Peloquin 2001; Wilkins et al. 2008), reaching peak plasma 

concentration (Cmax) of 6–14 mg/L within 1.5–4 hours following a 600 mg oral dose 

(Donald, Maritz, and Diacon 2011; Sirgel et al. 2005). The variability in rifampicin 

exposure decreases when taken on an empty stomach (Peloquin et al. 1999). 

Several studies have shown that food decreases the Cmax and, to a much lesser 

extent, the AUC0-inf of rifampicin, and increases the Tmax albeit with varying degree 

(Peloquin et al. 1999; Siegler et al. 1974; Zent and Smith 1995; Polasa, Murthy, and 

Krishnaswamy 1984). For example, in the study by Peloquin et al., a high-fat meal 

https://www.sciencedirect.com/topics/medicine-and-dentistry/rna-polymerase
https://www.sciencedirect.com/topics/medicine-and-dentistry/rna-polymerase


34 

 

reduced the Cmax by 36%, increased the Tmax by 103%, and reduced the AUC by 6% 

(Peloquin et al. 1999). Absorption of rifampicin is affected by gastric pH. Studies 

have demonstrated that lowering gastric pH leads to serum concentrations twice as 

high as those seen after alkalinization. On the other hand, antacids did not seem to 

influence the absorption (G. Acocella 1978). 

Rifampicin is about 86% protein bound, mainly to albumin (Boman and 

Ringberger 1974). Plasma protein binding of rifampicin can become saturated with 

increasing doses. Yet even with high-dose rifampicin (35 mg/kg), protein binding 

was found not to be saturated in TB patients with normal albumin levels  (Litjens et 

al. 2019). 

Rifampicin is mainly metabolised via acetylation into 25-desacetyl rifampicin, 

which also exhibits 20% of the antimicrobial activity of the parent compound, in the 

hepatocytes (Peloquin et al. 1999; G. Acocella et al. 1971). Rifampicin is a known 

potent inducer of several metabolising enzymes, including cytochrome P450 (CYP) 

2C and 3A enzymes, which can implicate it in clinically significant drug interactions 

(Jamis-Dow et al. 1997). This induction is mediated by the activation of the 

pregnane X receptor (PXR), which acts as a ligand-activated transcription factor. PXR 

regulates a panel of drug-metabolising enzymes and transporter proteins. 

Consequently, when a PXR ligand binds to PXR, it in turn activates the transcription 

of CYP 3A4 and several other genes (J. Chen and Raymond 2006). This induction 

also affects rifampicin’s own metabolism, a phenomenon called autoinduction. As a 

result, clearance of rifampicin increases by about 2-fold after two weeks, leading to 

a decrease in its plasma exposure (M T Chirehwa et al. 2015). It has also been 
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demonstrated that higher rifampicin doses result in saturable elimination due to the 

saturation of biliary transport mechanisms (Kenny and Strates 1981; G. Acocella 

1978). Both rifampicin and its main metabolite, 25-desacetyl rifampicin, are 

primarily cleared non-renally and to a lesser extent renally. 25-desacetyl rifampicin 

is excreted mainly via the bile. Only 10% of rifampicin is excreted unchanged in 

urine (Peloquin et al. 1999; G. Acocella et al. 1971).  

 

Isoniazid 

Discovered in 1952, isoniazid marked a groundbreaking achievement as the first 

drug to exhibit excellent and specific bactericidal activity in vitro and in vivo against 

Mtb. It is a significant addition to antitubercular drugs because it is highly active and 

affordable. Notably, its discovery also paved the way for the discovery of another 

important antitubercular drug, pyrazinamide (Vilchèze and Jacobs 2019; Y. Zhang 

2005).  

Mechanism of action:  

Isoniazid is a prodrug that undergoes activation in the mycobacterial cells by the 

catalase-peroxidase enzyme (also known as KatG enzyme) that generates isoniazid-

derived reactive species, such as nitric oxide, which inhibit the enoyl-acyl carrier 

protein reductase (InhA) enzyme responsible for the synthesis of mycolic acids, 

essential components of the mycobacterial cell wall synthesis, leading to impaired 

cell wall integrity and increased susceptibility to host immune defences (Timmins 

and Deretic 2006). Isoniazid exhibits bacteriostatic activity against slow-growing 

Mtb, in addition to its bactericidal activity against rapidly growing cells. It is also 
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effective against both intracellular bacilli in macrophages and extracellular Mtb 

(Mitchison and Selkon 1956).  

Pharmacokinetics:  

Upon administration, isoniazid is poorly absorbed from the stomach but is well 

absorbed from the intestine (Mariappan and Singh 2003). Following the  standard 

dose of 300 mg/day oral administration, peak plasma levels reach 5 mg/L within 1 

to 2 hours (Peloquin et al. 1997). Isoniazid’s bioavailability and absorption may 

decrease if taken with food, while antacids do not seem to have a significant effect 

on absorption (Erwin et al. 2019). Isoniazid’s level of protein binding is about 14% 

(Alghamdi, Al-Shaer, and Peloquin 2018).  

Isoniazid is metabolised in the liver and intestines via acetylation, mediated 

by the enzyme N-acetyltransferase (NAT2) into N-acetyl isoniazid (AcINH), a 

hepatotoxic compound. AcINH is then further acetylated into a harmless 

compound, diacetyl-hydrazine (DiAcHz), which is easily excreted (Erwin et al. 2019). 

The acetylation rate differs among individuals due to genetic polymorphisms of the 

NAT2 gene, resulting in fast, intermediate, and slow acetylator or metabolizer 

phenotypes. This interindividual variability in acetylation impacts the plasma levels 

and efficacy of isoniazid. The apparent elimination half-life ranges from 2 to 6 hours 

(Parkin et al. 1997). Moreover, the NAT-2 polymorphism impacts the patient’s 

susceptibility to isoniazid-induced hepatotoxicity. It has been shown that slow 

acetylators are at increased risk of toxicity compared to other acetylators (P.-Y. 

Wang et al. 2012). Approximately 80% of isoniazid’s metabolites are excreted in 
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urine. Less than 10% of oral isoniazid is excreted in faeces and may also be excreted 

in breast milk (Erwin et al. 2019). 

Pyrazinamide 

Pyrazinamide is a synthetic nicotinamide analogue first synthesised in the 1930s, 

but whose antitubercular activity was only discovered in 1952. It is effective in killing 

slowly or intermittently metabolising semi-dormant bacterial cells that other TB 

drugs fail to kill (Y. Zhang et al. 2014; Wilkins et al. 2006).  Pyrazinamide plays a 

critical role in shortening TB therapy down to 6 months (Fox, Ellard, and Mitchison 

1999). 

Mechanism of action:  

Pyrazinamide is a prodrug which is converted to its active form, pyrazinoic acid 

(POA), in the mycobacterial cell by nicotinamidase (PncA). Although the exact 

mechanism of action of POA is still debated, a recent study showed that POA is a 

protonphore that demonstrates pH-dependent inhibition of mycobacterial growth 

(Fontes et al. 2024). Protonphores are molecules that disrupt the normal function of 

cellular membranes by moving protons (H⁺ ions) across them. In simpler terms, they 

act as "proton shuttles" that mess up the balance of protons inside and outside a 

cell, particularly across the membrane of structures like mitochondria or bacterial 

cells (Nicholls and Ferguson 2013). Additionally, POA may disrupt membrane 

transport and inhibit fatty acid synthesis, further compromising bacterial viability (Y. 

Zhang et al. 2014). The primary adverse effect is hepatotoxicity, which becomes 

more severe with higher doses (>3.0 g) and extended use (Y. Zhang et al. 2014). 
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Pharmacokinetics:  

Pyrazinamide is well-absorbed from the gastrointestinal tract following oral 

administration and reaches maximum concentration within an hour (Lacroix et al. 

1989). Food may delay absorption, but it does not affect bioavailability (Peloquin et 

al. 1998). In the liver, pyrazinamide is metabolised by the microsomal deamidase 

enzyme to POA and 5-hydroxypyrazinamide via xanthine oxidase, which are further 

metabolised to 5-hydroxypyrazinoic acid (Lacroix et al. 1989) . The plasma protein 

binding for pyrazinamide is ~20%. In the liver, pyrazinamide is mainly metabolised 

to pyrazinoic acid via microsomal deamidase and 5-hydroxypyrazinamide via 

xanthine oxidase, which are further metabolised to 5-hydroxypyrazinoic acid. These 

metabolites are mainly cleared renally. The elimination half-life is ~9 hours. (Sarkar, 

Ganguly, and Sunwoo 2017; Egelund, Alsultan, and Peloquin 2015).  

Linezolid 

Linezolid is the first member of a more novel class of antibiotics called 

oxazolidinones to be approved by the FDA in the year 2000 for a variety of infections 

including pneumonia and skin and soft tissue infections (Hashemian, Farhadi, and 

Ganjparvar 2018). Linezolid is also effective against Mycobacterium tuberculosis 

and is an important addition to TB treatment drug regimens, particularly against 

drug-resistant strains thanks to its mechanism of action that is unique to first-line 

antibiotics (Wasserman, Meintjes, and Maartens 2016; Leach et al. 2011). 

Furthermore, linezolid holds promise for TBM treatment (Wasserman et al. 2019). 

The most used dosage of linezolid for TB is 600 mg daily although some patients 

require a dose reduction to 300 mg daily (Maartens and Benson 2015).  
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Mechanism of action:  

Linezolid works by inhibiting the process of bacterial protein synthesis. It binds to 

the bacterial 23S ribosomal RNA (rRNA) peptidyl transferase centre (PTC) of the 50S 

ribosomal subunit, impeding the formation of the complex crucial for protein 

synthesis in bacterial cells. By disrupting this process, linezolid suppresses bacterial 

growth, eventually causing bacterial cell death (Fermeli et al. 2020; Leach et al. 

2011).  

The use of linezolid in TB treatments is limited by its dose-dependent toxicity 

(Wasserman et al. 2022). Nearly half of patients treated with linezolid suffer from 

linezolid-induced adverse events. The most common major adverse effects that 

result in drug discontinuation or interruption are peripheral neuropathy and 

anaemia. Other adverse effects include gastrointestinal disturbances, optical 

neuropathy, thrombocytopenia, and leucopoenia (X. Zhang et al. 2015). The 

mechanisms of toxicity are not fully known but one proposed mechanism is its 

binding to human mitochondrial 16S rRNA, which is structurally similar to the Mtb 

target site. Genetic polymorphisms in mitochondrial DNA among other factors such 

as age and sex are possible predictors of linezolid toxicity (Wasserman et al. 2022; 

Palenzuela et al. 2005). 

Pharmacokinetics: 

In healthy volunteers, orally administered linezolid is well absorbed with 

bioavailability approaching 100%, which means that no dosage adjustment is 

required when switching between intravenous (IV) and oral administration. 

Bioavailability is not affected by food (i.e., can be administered with or without food) 
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(Leach et al. 2011; Paladino 2002). Peak concentrations are reached 0.5 – 2 hours 

post-dose, which are slightly longer with food. At steady-state, peak plasma 

concentrations are 25 – 27 mg/L. Linezolid is widely distributed in well-perfused 

tissues, with a volume of distribution ranging from 40 to 50 L. The plasma protein 

binding of linezolid is 31% and it is independent of linezolid concentration (Dryden 

2011). 

Plasma terminal half-life is 3.4 – 7.4 hours (Dryden 2011; Paladino 2002). 

Approximately 65% of the dose undergoes non-enzymatic oxidative metabolism, 

producing two pharmacologically inactive metabolites: aminoethoxyacetic acid 

(metabolite A) and hydroxyethyl glycine (metabolite B), while the rest of the amount 

is excreted renally unchanged (Dryden 2011; Tan and Yogev 2008). Linezolid is not 

metabolised by cytochrome P450, nor does it inhibit it (Leach et al. 2011). A small 

degree of nonlinearity was observed, with a 30% reduction in clearance following a 

five-fold increase in dosage. However, this nonlinearity is inconsequential within the 

therapeutic dosage range (Stalker and Jungbluth 2003). 

The linezolid MIC ranged from 0.125 to 1 mg/L for Mtb. PK/PD goals have 

been established for linezolid, with a target of AUC0–24 of 119 mg/L/h for efficacy 

and a Cmin of 1.38 mg/L for safety (Millard et al. 2018). 

Treatment optimisation challenges 

Treatment success rates have improved over the past years to 88% for people with 

drug-susceptible TB (World Health Organization (WHO) 2023). Despite 

advancements in prevention, diagnosis, and treatment, several challenges persist. 
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Some of the challenges addressed by the work presented in this thesis are 

discussed here. 

Adherence 

Medication adherence refers to the process in which patients follow their 

prescribed medication regimen as directed (Peh et al. 2021). Adherence to the long 

course of TB treatment is a complex behaviour influenced by the interaction of 

various factors, including disease-related, treatment-related, patient-related social 

and economic factors, and healthcare-related aspects (Peh et al. 2021; Munro et al. 

2007). The lengthy treatment period in addition to the high pill burden of the 

different TB regimens dramatically affects medication adherence. This issue is more 

pronounced for TB preventive compared to cure treatments because individuals do 

not suffer from any symptoms, but instead may experience some of the adverse 

effects of the drugs that necessitate treatment interruption or even discontinuation 

(Peh et al. 2021; Munro et al. 2007). Adverse effects such as hepatitis, dyspepsia, 

and arthralgia led to the discontinuation of therapy in up to 23% of TB patients 

during the intensive phase (Schaberg, Rebhan, and Lode 1996) and up to 50% of 

TB patients fail to complete their treatment (Munro et al. 2007). 

Poor adherence increases the risk of prolonged infectiousness and hence 

ongoing transmission in the community, disease relapse, treatment failure, and the 

development or worsening of drug resistance (Alipanah et al. 2018; Volmink and 

Garner 2008). The development of drug-resistant TB strains is a particularly 

devastating consequence that further complicates TB treatment. There are about 

half a million drug-resistant TB cases annually (Monedero-Recuero et al. 2021). It is 
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the leading cause of death related to antimicrobial resistance worldwide. The first 

United Nations High-Level Meeting (UNHLM) on TB declared DR-TB a global public 

health priority in 2018 (Monedero-Recuero et al. 2021). 

The WHO recommends that national TB control programmes provide 

supervision and support for all TB patients to ensure completion of the full course 

of therapy The WHO advises national TB control programs to oversee and assist all 

TB patients, ensuring they complete the full course of treatment  (World Health 

Organization 2022b) .  The most internationally promoted strategy is the DOT 

(directly observed treatment) strategy which seeks to improve adherence through 

health workers, family or community members directly observing patients taking 

their medication. However, studies conducted in many countries concluded that 

DOT provides no advantage over self-administered treatment for cure or treatment 

completion in people receiving treatment for TB (Volmink and Garner 2008). 

Treatment in hospitalised and/or critically ill patients 

Despite treatment, the mortality rate among TB/HIV patients hospitalised due to a 

severe case of TB/HIV remains high (11% to 32%). Most of these fatalities happen 

within 2 weeks, typically occurring 4 or 5 days after hospital admission, with half of 

the deaths occurring in patients receiving TB therapy (Schutz et al. 2020). 

Hospitalised TB/HIV patients typically exhibit manifestations akin to bacterial sepsis, 

including increased venous lactate levels and compromised intestinal barrier. This 

leads to microbial translocation and increased circulating levels of 

lipopolysaccharide, triggering an inflammatory reaction (Subbarao et al. 2015; 

Brenchley et al. 2006). 
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Hospitalised patients or critically ill patients exhibit several 

pathophysiological differences from ambulatory patients. These changes could 

affect the pharmacokinetics of antitubercular drugs, and hence drug exposure 

levels, which could negatively impact treatment outcomes in these vulnerable 

patients. Factors such as altered metabolism, changes in organ function, fluid shifts, 

and drug-drug interactions can all influence how these drugs are absorbed, 

distributed, metabolised, and excreted in the body. Severely ill patients have been 

observed to have alterations in gastric pH, delayed gastric emptying, modifications 

in plasma protein binding, increased volume of distribution, and changes in the 

intrinsic activity of drug-metabolising enzymes or hepatic blood flow, which may 

influence drug clearance (Roberts and Hall 2013; Parsons 1977; Blot, Pea, and 

Lipman 2014). As also noted by Svensson et al., the distribution volume can change 

over treatment. A 19% lower volume of distribution was observed in TBM patients 

on day 12 versus day 2 of the study (E. M. Svensson et al. 2020).Other conditions, 

such as hepatic or renal impairment, may also impact antitubercular drug 

concentrations. For example, rifampicin concentrations are higher in patients with 

hepatic impairment since rifampicin is mainly metabolised by the liver (Donald, 

Maritz, and Diacon 2011). Another example is critically ill patients having higher 

levels of free linezolid associated with hypalbuminaemia, decreased renal clearance 

with low body weight and significantly increased inter-patient variability (Millard et 

al. 2018). Furthermore, because hospitalised patients often receive multiple 

medications to manage their underlying conditions, potential drug-drug 

interactions must be carefully evaluated to avoid adverse effects or reduced 
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effectiveness of antitubercular therapy. Therefore, understanding antitubercular 

pharmacokinetics and exposure levels in patients hospitalised due to TB is crucial 

in lowering mortality rates in this cohort. Therefore, TB therapies need to investigate 

and account for hospitalisation (Kyeyune et al. 2010; Schutz et al. 2020). 

Drug penetration into the CNS 

The currently prescribed TBM treatment regimen is derived from the treatment 

established for pulmonary TB, which is not ideal as it probably results in suboptimal 

levels of antitubercular drugs in the CNS (Wasserman et al. 2019).  

Antitubercular drugs for TBM must navigate through the protective barriers, 

the BBB and the BCSFB. These barriers present a significant therapeutic obstacle 

by restricting the passage of drugs into the CNS (Pardridge 2012). Drugs can cross 

these barriers passively, depending on their molecular size and lipophilicity. 

Moreover, there are active transporters present at the BBB, the BCSFB, and on the 

membrane of the brain parenchyma that control the passage of drug molecules to 

the CNS. Various active transport proteins, including efflux pumps, help regulate 

drug entry into the CNS by expelling drugs back into the blood and CSF. The 

distribution of these transporters and their expression levels also play a crucial role 

in determining drug penetration into the brain (Litjens, Aarnoutse, and te Brake 

2020; Yamamoto, Danhof, and de Lange 2017). The central nervous system is not a 

single pharmacokinetic compartment due to the distinct properties of the blood-

brain barrier (BBB) and blood-cerebrospinal fluid barrier (BCSFB). There are 

differences in the expression of drug transporters and permeability across the BBB 

and the BCSFB, which may lead to heterogeneous drug distribution. Consequently, 
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drug concentrations can vary markedly between sites, such as between ventricular 

and lumbar CSF samples. Additionally, TBM patients with hydrocephalus and 

increased intracranial pressure who require some neurosurgical procedures may 

even exhibit greater discrepancies in drug distribution.  

Furthermore, changes in membrane permeability and protein 

concentrations associated with TBM can greatly affect the ability of drug molecules 

to penetrate the CNS tissues (Pardridge 2012). Besides, the quantity and anatomical 

distribution of the bacilli and their changes over time with treatment are poorly 

characterised in TBM, which affects their likelihood of being eradicated by 

antitubercular drugs (Cresswell et al. 2019). These factors add to the complexity of 

establishing targets and improving TBM treatments. 

Another challenge when investigating CNS drug pharmacokinetics and 

exposures is the infeasibility of obtaining human drug target site concentration in 

the brain and CNS tissues. To obtain this information, a combination of in vitro, ex 

vivo, in vivo, and in silico approaches is required (Yamamoto, Danhof, and de Lange 

2017). The microdialysis (MD) technique offers a unique opportunity to sample the 

interstitial fluid of tissues and organs such as the brain. It involves the placement of 

a semi-permeable dialysis catheter in the tissue (Loxton et al. 2021). MD is a semi-

quantitative method that measures only free drug concentrations. However, 

interpreting drug concentrations in MD samples has a few shortcomings. It is 

difficult to determine the relative recovery rate in the microdialysate from tissue 

ECF, i.e., what percentage of the actual concentration in the tissue is retrieved in the 

MD samples. Additionally, TBM is characterised by perfusion differences due to 
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variable small and large vessel disease which leads to a highly variable drug 

distribution in the brain hence the location of the MD probe influences the 

concentration observed. Other parameters of the MD process such as dialysate flow 

rate, and size of pore are essential to optimising relative recovery of the drug and 

need to be tested before sample collection (Rohlwink et al. 2016; Elizabeth C.M. De 

Lange 2013; Ruiz-Bedoya et al. 2022).  

There is limited information on the extent to which antitubercular drugs can 

cross the protective barriers and reach the CNS, the site of disease. The dosing and 

duration of nearly all anti-TB drug combinations have not been pharmacokinetically 

optimized for TBM treatment, and their dose-response relationships remain unclear 

(Litjens, Aarnoutse, and te Brake 2020; Cresswell et al. 2019). Nonetheless, several 

clinical trials are underway to optimize TBM treatment regimens (Wasserman et al. 

2019). 

Drug interactions 

A drug interaction arises when a patient’s response to a drug is altered by various 

factors such as food, nutritional supplements, medical conditions, or other drugs. 

Interactions between drugs (drug-drug interactions) may be beneficial or harmful. 

Pharmacokinetic drug-drug interactions happen when one drug (the perpetrator) 

affects the concentration of another drug (the object), leading to clinically significant 

effects. That could occur by altering the drug’s bioavailability, absorption, 

distribution, metabolism, or excretion (Snyder, Polasek, and Doogue 2012) 

Drug-drug interactions (DDIs) pose a considerable challenge in the 

treatment of patients co-infected with tuberculosis (TB) and HIV. Both diseases 
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require complex medication regimens, often involving multiple drugs taken 

concurrently. TB treatment typically consists of several antibiotics, such as 

rifampicin, while HIV treatment relies on antiretroviral therapy (ART). However, many 

of these drugs are metabolised by the same cytochrome P450 enzymes in the liver, 

leading to potential interactions that can alter drug concentrations and efficacy. The 

interactions between PIs and rifamycins are more extensive and require dose 

adjustments (Helen McIlleron and Khoo 2011). 

For instance, rifampicin, the cornerstone of TB treatment, is notoriously 

responsible for many drug-drug interactions because it is a potent inducer of many 

metabolising enzymes, mainly the CYP 450 which can accelerate the metabolism of 

certain antiretrovirals, compromising HIV control. In addition, it is a substrate of the 

P-glycoprotein (P-gp), an efflux pump. If rifampicin induces P-glycoprotein activity, 

it can lead to a decrease in the therapeutic effectiveness of the drug as more of it is 

pumped out of cells. The discovery of the role of P-gp is relatively recent, suggesting 

that the potential for P-gp-mediated drug interactions may have been 

underestimated in the past. Both P-gp and CYP3A4 are implicated in many drug 

interactions because they share substrate specificity and have similar inhibitors and 

inducers. For example, a drug that induces CYP3A4 is likely to induce P-gp as well 

(J. Chen and Raymond 2006). Conversely, some antiretrovirals inhibit these 

metabolising enzymes, leading to increased levels of TB medications and potential 

toxicity.  

Drug-disease interactions are also a possibility in TB patients living with HIV. 

For example, some studies have ascribed reductions in rifampicin bioavailability of 
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32– 50% to HIV infection. Patients with advanced HIV infection may have reduced 

antitubercular drug exposures as a result of the malabsorption caused by HIV-

associated enteropathy and higher susceptibility to enteric infections (Helen 

McIlleron and Khoo 2011). On the other hand, other studies have not concluded 

the same, emphasizing the need for consistent and homogeneous studies to be 

conducted (Daskapan et al. 2019). Therefore, careful consideration and monitoring 

of drug regimens are essential to optimize treatment outcomes and minimize 

adverse effects in TB/HIV co-infected patients. 

Dose optimization in children 

Young children are highly susceptible to severe forms of tuberculosis and its rapid 

progression to active disease, necessitating treatment regimens as effective as 

those for adults. But development of first-line antitubercular drugs primarily focused 

on adult forms of the disease, leading to recommendations and dosages for 

childhood TB that mimic those for adults, with little consideration given to the 

impact of HIV infection on drug concentrations in children. Studies have shown that 

dosing recommendations based on adults often result in lower serum 

concentrations of antituberculosis agents compared to adults receiving identical 

mg/kg dosages. On top of that, concerned clinicians may opt for dosages at the 

lower end of recommended ranges in children to mitigate adverse reactions. This 

underscores the need for investigating and optimizing TB dosing in children 

(Donald, Maritz, and Diacon 2011; Helen McIlleron and Khoo 2011). 
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Thesis justification 

TB, including its most debilitating and lethal form TBM, continues to be a major 

global health concern, with millions of new cases diagnosed annually. Despite 

medical advancements, TB continues to have formidable health and economic 

burdens worldwide. In response to these challenges, the World Health 

Organization (WHO) launched the "End TB" strategy, aiming to eliminate the global 

TB epidemic by 2030 as part of the United Nations newly established Sustainable 

Development Goals (World Health Organization (WHO) 2023).  

To achieve this goal, there is a need to address the challenges faced in TB 

and TBM prevention and cure. These challenges include poor adherence, drug 

interactions, treatment in hospitalised patients and optimising treatment regimens 

for TBM, especially in children. Preventing TB in PLWHIV can be challenging 

because of the complex treatment regimens that include many medications both 

antiretrovirals plus antitubercular drugs. This complex regimen leads to poor 

adherence, and hence an increased risk of developing active TB. TB treatment 

regimens also need to be screened for potential drug-drug interactions, particularly 

when taken with ARTs. Additionally, research into the pharmacokinetics of 

antitubercular drugs in hospitalised or critically ill patients is needed to offer 

important insights to inform clinical decisions and enhance treatment strategies in 

this population, among whom the mortality rates are higher than their outpatient 

counterparts (Schutz et al. 2020). 

Another major challenge is addressing the inadequacy of regimens based on 

pulmonary TB to achieve optimal exposure to antitubercular drugs at the site of 
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disease, the CNS. Treatment regimens need to be specifically tailored for the case 

of TBM, particularly in children and infants. One of the strategies currently pursued 

in TBM clinical trials is testing higher doses of rifampicin in children and adults which 

could help shorten treatment periods. Higher doses of rifampicin, up to 35 

mg/kg/day have been observed to be safe in previous clinical studies (Aarnoutse et 

al. 2017). Another approach being investigated is the incorporation of linezolid in 

TBM treatment regimens. Linezolid is a potent antibiotic with a narrow therapeutic 

range. There are several endeavours to find the optimal dose and treatment 

duration that achieve this intricate balance between maximising efficacy and 

minimising toxicity. 

Pharmacometrics has proven to be a very helpful instrument in addressing 

the research gaps and answering questions on how to optimize TB regimens for 

different populations. It is extremely efficient in analysing data from 

pharmacokinetic studies, including ones with sparse sampling, and helping in 

identifying sources of variability in population parameters and exploring the effects 

of patient characteristics such as weight, HIV co-infection, etc. Furthermore, by 

using a model, you can ascribe drug effects to physiological processes, 

incorporating a semi-physiological approach that can generate new hypotheses. 

This not only enhances understanding but also allows for simulations and, to some 

extent, extrapolation. As a result, modelling becomes a powerful tool for predicting 

outcomes and guiding further research. 
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Objectives 

The general aim of this thesis is to optimise the treatment of TB and TBM employing 

population pharmacokinetic modelling, also known as, nonlinear mixed-effects 

modelling (NLME) modelling and using data from studies conducted in adults and 

children with TB and TBM. The specific objectives are: 

• Exploring the utility of pharmacometric modelling and simulation to monitor 

adherence to TB preventative therapy in PLWHIV. 

• Characterise the population PKs of rifampicin, isoniazid, and pyrazinamide in 

hospitalised TB patients, and investigate if and how they differ from their 

outpatient counterparts. 

• Explore the extent of rifampicin distribution and exposure in lumbar CSF, 

ventricular CSF, brain ECF, and plasma in children with TBM. 

• Explore the extent of rifampicin distribution and exposure in CSF and plasma 

in adults with TBM. 

• Explore the extent of linezolid distribution and exposure in CSF and plasma 

in adults with TBM. 
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Chapter 2 : Methodology 

Study Designs and Data  

This section provides descriptions of the studies, and the data obtained from them 

used in this thesis. This includes 4 studies carried out in adult or paediatric 

participants on TB or TBM preventative or treatment regimens . Their details are 

shown below. 

NWCS 440 (a REMEMBER sub-study, ACTG A5274) 

The ‘Reducing Early Mortality and Early Morbidity by Empiric Tuberculosis 

Treatment Regimens (REMEMBER)’ study was a multi-country randomised clinical 

study conducted in HIV-positive outpatients initiating antiretroviral therapy with 

CD4 cell counts of less than 50 cells per μL to compare the survival probabilities of 

two TPT regimens: isoniazid versus the empirical 4-drug combination treatment. 

Counterintuitively, the TB incidence rate was higher in the empirical therapy arm 

than in the monotherapy arm (p = 0.01) (Hosseinipour et al. 2016). This prompted 

the question of whether poor adherence to the medication regimen contributed to 

the higher TB incidence rate. Therefore, a case-control study was designed to assess 

medication adherence based on TB medication exposure within the 4-drug 

combination treatment arm. The assessment was done based on the exposure of 

rifampicin and pyrazinamide only; isoniazid was excluded due to its short plasma 

half-life. Participants from the 4-drug combination treatment arm were included in 

this sub-study (NWCS 440). The participants with confirmed, probable, or clinical 

diagnosis of pulmonary or extra-pulmonary TB by week 48 (cases) were matched 
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with participants from the empirical treatment arm without confirmed, probable, or 

clinical diagnosis of pulmonary or extra-pulmonary TB by week 48 (controls). The 

case-control matching was done by weight and sex in the ratio of 1:4, i.e. each case 

was matched with 4 controls. Matching was done according to the method 

described by Wang (Z. Wang 2012). Only participants who had at least two out of 

three samples collected at visits on weeks 2, 4, and 8 of the parent study were 

included. All participants provided written informed consent. Sites obtained ethical 

approval from local ethics committees. 

 Pyrazinamide and rifampicin concentrations were quantified in stored 

plasma samples using a validated liquid chromatography-tandem mass 

spectrometry (LC-MS) method. The lower limits of quantification were 0.203 μg/mL 

and 0.075 μg/mL for pyrazinamide and rifampicin, respectively. 

KDHTB study 

This study aims to investigate the difference in pharmacokinetics and exposures of 

the antitubercular drugs: rifampicin, isoniazid, and pyrazinamide between 

hospitalised TB patients and TB outpatients. The study population consisted of two 

groups: the hospitalised patients and outpatients recruited as controls. The 

hospitalised study population for this pharmacokinetic (PK) sub-study was a subset 

of participants enrolled for an observational cohort study investigating the mortality 

causes in hospitalised TB/HIV patients carried out between November 2014 and 

November 2016 (Schutz et al. 2020). Patients presenting to Khayelitsha Hospital in 

Cape Town, South Africa with HIV who needed hospitalisation due to a suspected 

diagnosis of pulmonary or extrapulmonary TB (i.e., who were too ill to receive initial 
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treatment as outpatients) and who survived to the third day of TB treatment were 

enrolled sequentially, as long as they still needed inpatient care and did not require 

transfer to a tertiary care facility for intensive care or investigations. The study team 

invited eligible hospitalised patients in the parent study to take part and discussed 

the study with them. TB outpatients with or without HIV were recruited consecutively 

from around the same hospital catchment area as controls. Both outpatients with 

and without HIV were included in the study for logistical reasons. The study team 

liaised with the clinic staff to ask any new patients when they were started on TB 

treatment if they would like to discuss taking part in the PK sub-study. 

All participants received a once-daily dosing of antitubercular drugs that 

were given as 4-drug fixed-dose combination (FDC) tablets containing rifampicin, 

isoniazid, pyrazinamide, and ethambutol at 150/75/400/275 mg, which were either 

Rifafour e-275 tablets (SANOFI) or Ritib tablets (PHARMACARE)). The number of 

tablets to be given to each participant is determined based on their weight 

according to the weight-based dosing of the South African national TB 

management guidelines outlined in Table 2.1. Clinical data and baseline blood tests 

were obtained at enrolment. The 12-week mortality outcome was documented for 

hospitalised patients. None of the study participants were comatose. 

Table 2.1: Summary of weight band-based doses in the KDHTB study 

Pre-treatment body 

weight (kg) 

No. of RHZE FDCa tablets 

(150/75/400/275 mg) during intensive 

treatment phase (daily dose for 2 months) 

30 – 37 2 

38 – 54 3 
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55 -70 4 

> 70 5 

a RHZE FDC: rifampicin, isoniazid, pyrazinamide, and ethambutol fixed-dose combination. 

A total of 25 participants (5 outpatients and 20 hospitalised patients) were on 

ART therapy. While a complete, detailed record of the ART regimen was not 

available for all participants, we specifically highlighted individual ART drugs with 

potential DDIs with anti-TB drugs. These included efavirenz (n=9), tenofovir (n=9), 

lopinavir/ritonavir (n=1), and lamivudine (n=1). 

Patient characteristics such as age, sex, weight, height, and details of 

concomitant medications were collected, and a complete medical history was 

recorded. Serum chemistry and a complete blood picture were carried out at the 

Groote Schuur National Health Laboratory Services on each participant on samples 

taken at enrolment for the PK study. The study was approved by the University of 

Cape Town Human Research Ethics Committee (UCT HREC reference: 057/2013) 

on 12 April 2013. All participants signed an informed consent form. 

Participants were scheduled for a PK visit during their third day of treatment 

when blood samples were drawn just before and 1, 2.5, 4, 6, and 8 hours after dose. 

Participants were required to fast overnight, and they were given a standardized 

breakfast after the 1-hour sample and a standardized lunch between the 4- and 6-

hour sample.  

 Immediately following their collection, samples were put in an ice bath until 

being centrifuged in a cooling centrifuge and later stored at -80°C. Plasma 

rifampicin, isoniazid and pyrazinamide concentrations were determined by 

validated liquid chromatography with tandem mass spectrometry assays at the 
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Division of Clinical Pharmacology, University of Cape Town (Smith, van Dyk, and 

Fredericks 1999). The lower limit of quantification (LLOQ) was 0.117 mg/L for 

rifampicin, 0.105 mg/L for isoniazid, and 0.203 mg/L for pyrazinamide. The accuracy 

of the low-, medium-, and high-quality control samples ranged between 99.7% - 

100.8% for rifampicin, 98.3% - 100.4% for isoniazid, and 88.1% and 92.3% for 

pyrazinamide. The precision of the quality control samples ranged from 4.7 – 7.7%, 

3.0% - 5.1%, and 2.9% - 3.6% for rifampicin, isoniazid, and pyrazinamide, 

respectively (Schutz et al. 2020). 

Red Cross TBM study 

The objective of this study is to characterize the pharmacokinetics of rifampicin in 

the cerebrospinal fluid and brain extracellular fluid in South African children with 

TBM. This study enrolled children presenting with definite or probable TBM to the 

Red Cross War Memorial Children’s Hospital in Cape Town, South Africa between 

January 2017 and September 2019. Clinical management of all participants was 

done according to standard institutional protocol (A. A. Figaji and Fieggen 2010). 

All procedures were done for clinical management purposes, and none were 

carried out solely for research purposes. 

 The patients were categorized into two groups: (i) patients who underwent 

neurosurgical procedures to manage TBM hydrocephalus (HCP) and (ii) patients 

who presented with lowered levels of consciousness, had invasive monitoring with 

MD, and had placement of external ventricular drain (EVD) that was part of the 

institutional protocol for urgent decrease of intracranial pressure. Brain 
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microdialysis was used in critically ill patients to guide therapy based on changes in 

brain chemistry due to cerebral ischemia (A. A. Figaji and Fieggen 2010).  

 The study participants were administered the Western Cape regimen that is 

routinely used in South Africa that comprises rifampicin (20 mg/kg), isoniazid (15-

20 mg/kg), pyrazinamide (40 mg/kg), and ethionamide (20 mg/kg) for 2 months 

followed a 4-months continuation phase of RIF and INH, according to weight-band 

based dosing. The antitubercular drugs were administered either orally or via a 

nasogastric tube. Plasma samples were collected on a single day in the first and 

second week, and whenever possible at 2-, 4-, and 6 hours post-dose. Clinically 

indicated lumbar and/or ventricular CSF samples were collected at random time 

points, from procedures in published protocols. 

Lumbar and Ventricular CSF: Clinically indicated CSF samples were collected at 

random time points, from procedures in published protocols (A. A. Figaji and 

Fieggen 2010), up to 24 hours post-dose into sterile 15-mL tubes and kept on ice. 

Ventricular CSF samples were taken either at the placement of a 

ventriculoperitoneal shunt or an external ventricular drain or when clinically 

indicated from an indwelling external ventricular drain. Lumbar CSF samples were 

taken either as a diagnostic procedure or for medical therapy of raised intracranial 

pressure related to hydrocephalus. 

Brain ECF using microdialysis technique: A microdialysis catheter with a 100-kDa 

membrane was placed concurrently with the primary ventricular drain and 

monitored into the same region (usually right frontal white matter) or sometimes on 

the side where hypodensity was more prominent on the initial head computed 
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tomography scan. Microdialysis vials were changed at hourly intervals and analysed 

at the bedside for clinical purposes. As microdialysis volumes are typically small, 

remnant hourly samples were pooled over 2–3-hour epochs to ensure sufficient 

volumes for analysis. Concentrations of substances in the microdialysate are a 

percentage of the true concentrations in the ECF and not absolute concentrations. 

This percentage is termed relative recovery.  

Total rifampicin was assayed in all samples: plasma, lumbar CSF, ventricular CSF, 

and brain ECF. Additionally, rifampicin ’s primary metabolite, 25-desacetyl 

rifampicin, was assayed in the plasma samples. High-performance liquid 

chromatography with tandem mass spectrometry detection methods were 

developed and validated at the Division of Clinical Pharmacology, University of 

Cape Town for the assays. The method was validated over the ranges 0.117–30.0 

µg/mL for rifampicin and 0.0391–10.0 µg/mL for 25-desacetyl-rifampicin in plasma, 

and 5 to 2500 ng/mL for the rifampicin in CSF and ECF assay. 

 The study has ethical approval from the University of Cape Town human 

research ethics committee (UCT HREC 564/2012 and 070/2018). Hospital clearance 

was obtained from the Western Cape Department of Health. Additionally, the 

parents or legal guardians of all participants provided informed consent on their 

behalf. 

LASER-TBM study 

LASER-TBM is a parallel, randomized, multi-arm, phase 2A clinical trial to evaluate 

the safety of high-dose rifampicin plus linezolid with or without aspirin for the 

treatment of TBM in HIV-infected adults. Participants were recruited from four public 
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hospitals in South Africa and randomized into one of three arms (one control arm 

and two experimental arms) in the ratio 1.4:1:1. The control arm received the 

standard RHZE regimen which consists of FDC oral tablets (rifampicin 10 mg/kg, 

isoniazid 5 mg/kg, pyrazinamide 25 mg/kg, and ethambutol 15 mg/kg) daily 

according to the WHO weight bands. Participants in the experimental arms received 

the standard RHZE regimen, plus an additional dose of rifampicin (total oral 

rifampicin dose 35 mg/kg/day according to weight band dosing (Wasserman et al. 

2021)), in addition to linezolid with or without aspirin. They also underwent another 

randomization to receive either high-dose oral (35 mg/kg) or IV (20 mg/kg) 

rifampicin for the first 3 days of treatment. After day 3, all participants in the 

experimental arms continued high-dose rifampicin orally until the end of the study. 

The high-dose oral rifampicin was administered as standard fixed-dose 

combination (FDC) tablets topped up with individual rifampicin tablets using 

bespoke weight bands (Wasserman et al. 2021). Those randomized to IV rifampicin 

received the full rifampicin dose intravenously (20 mg/kg) as a one-hour infusion. 

Linezolid was administered at 1200 mg once daily for the first 28 days, then reduced 

to 600 mg once daily until the end of the study. All participants received adjunctive 

dexamethasone as per standard practice. The study treatment was provided for 56 

days in all arms, after which participants were referred to public sector facilities to 

complete standard therapy for HIV-associated TBM (Wasserman et al. 2021).  

 Over the study period, there were six scheduled study visits. Pharmacokinetic 

sampling was scheduled on two of these visits: on Day 3 (±2 days) and Day 28 (±2 

days) of study enrolment. Blood samples were withdrawn pre-dose and at 0.5, 1, 2, 
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3, 6, 8-10, 24 hours post-dose on Day 3. While on the second visit on day 28, 

sampling was done pre-dose and at 2-, and 4-hours post-dose. One lumbar CSF 

sample was withdrawn on each PK visit. The timepoint of the CSF sample was 

randomized to be in one of the following intervals: 1-3, 3-6, 6-10, and 24 hours after 

dosing. The study design and sampling schedule are depicted in Figure 2.1 and 

Figure 2.2. The complete study protocol has been published (Davis et al. 2021). The 

LASER-TBM study was approved by the University of Cape Town Human Research 

Ethics Committee (UCT HREC reference: 293/2018), Walter Sisulu University (HREC 

reference: 012/2019), and the South African Health Products Regulatory Authority 

(reference number 20180622). The trial is registered on clinicaltrials.gov 

(NCT03927313) (Wasserman et al. 2021).  

 

Figure 2.1:  LASER-TBM study design 

 

Figure 2.2: LASER-TBM study randomization for rifampicin route of administration 
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Samples were immediately placed on ice following collection till processing and 

later stored at -80°C. Total rifampicin, isoniazid, pyrazinamide, and linezolid 

concentrations were quantified in all collected plasma and CSF samples. Free 

rifampicin, isoniazid, pyrazinamide, and linezolid concentrations were measured in 

a subset of the participants' samples. Drug quantification was done using a 

validated liquid chromatography-tandem mass spectrometry assay developed at 

the Division of Clinical Pharmacology, University of Cape Town. Additionally, total 

protein, albumin, and glucose were analysed in CSF samples. 

For the protein-unbound drug analysis, absolute recovery and 

reproducibility were thoroughly evaluated and met international bioanalytical 

guidelines. The validated method incorporates tight low-temperature handling and 

neutral pH during the critical ultracentrifugation step, with stability experiments 

confirming that these conditions successfully preserve the drug–protein binding 

equilibrium throughout sample work-up. Recovery and reproducibility of the 

ultracentrifugation step were demonstrated through recovery, matrix, stability, and 

carryover experiments. QC samples concentrations were set by spiking known 

amounts of the drug into blank plasma before ultracentrifugation, and their 

accuracy was continuously verified. Absolute in vivo protein binding cannot be 

measured directly; laboratory methods (ultracentrifugation, equilibrium dialysis, 

ultrafiltration) provide an in vitro estimate under defined conditions. Uncertainty is 

managed in the ultracentrifugation protocol, which is designed to freeze the in-

sample equilibrium (low temperature, no pH change, long centrifugal field) and to 

minimise re-binding by removing only the protein-free layer. Observed unbound 
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fractions for linezolid after the harshest stress test (six freeze-thaws) still lie within the 

68-96 % range expected from the clinical literature, suggesting that the method 

does not artificially displace drug from proteins. Therefore, while the exact in vivo 

binding remains uncertain, the validation data show that the assay yields a precise 

and unbiased estimate of the unbound concentration under controlled conditions, 

and QC samples continuously check that this performance is maintained. 

Pharmacometrics 

Pharmacometrics is described as “the science of developing and applying 

mathematical and statistical models to characterise, understand, and predict a 

drug’s pharmacokinetic, pharmacodynamic, and biomarker-outcomes behaviour”. 

Essentially, pharmacometrics can be dubbed “the science of quantitative 

pharmacology” (Ette and Williams 2007). In pharmacometrics, models can be 

categorised into 2 main groups: pharmacokinetic (PK) models and 

pharmacodynamic (PD) models. PK models describe the relationship between drug 

concentrations in the body versus time. PD models describe the relationship 

between drug concentration in the body and the drug effect - whether desired or 

undesired - that may be evaluated using a biomarker or a clinical endpoint, 

combined PKPD models, and disease progression models which describe the time 

course of disease effects (D. R. Mould and Upton 2012). The most used modelling 

approach in pharmacometrics is NLME, a statistical approach that is also known as 

population modelling. In this thesis, NLME was employed to characterise the PK of 

rifampicin, isoniazid, pyrazinamide, and linezolid, however, other statistical 

approaches were applied to model other data. 
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Nonlinear mixed-effects modelling approach 

The NLME modelling (also referred to as population modelling) approach is a 

mathematical and statistical framework that allows for analysing data from repeated 

observations from different subjects in a population. “Nonlinear” refers to the fact 

that the dependent variable (e.g., concentration) is nonlinearly related to the model 

parameters and independent variable(s) and the term ‘mixed’ refers to a model that 

incorporates both fixed and random effects. Fixed effects define the typical 

parameters of the observed data on a population level (i.e., population parameters) 

and random effects are random variables associated with each subject from a 

population that describe the variability within the data such as the between-subject 

and within-subject variability (D. R. Mould and Upton 2012) .  

Using population modelling offers several advantages compared to 

traditional non-compartmental analysis: it allows for the analysis of sparse data, the 

integration of data from various studies, the utilisation of prior knowledge, 

enhanced statistical power, and it is well-suited for dose individualisation (Bonate 

2013). 

Model building blocks 

 An NLME model or a population model is usually comprised of a structural model, 

a stochastic or statistical model and a covariate model.  

1) Structural model  

The structural model defines the fixed effects or typical behaviour (typical 

concentration time course within the population for PK) which is represented by 
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algebraic or differential equations. For PK models, the structural model allows the 

quantitative (mathematical) description of the main PK processes, absorption, 

distribution, metabolism, and excretion, commonly abbreviated as ADME. The 

building block of the structural PK model is a ‘compartment’, which denotes a 

region in the body in which the drug is well mixed and kinetically homogenous. 

Movements of the drug between the compartments are described by rate 

constants. Compartments are typically abstract and do not necessarily represent 

specific body organs but can sometimes refer to real physiologic spaces in the 

body, such as the liver (D. R. Mould and Upton 2012).  

 PK compartment modelling can range from highly empirical to deeply 

mechanistic approaches. At one end of the spectrum, empirical models rely 

primarily on observed data without extensively considering underlying 

physiological processes. On the other end of the spectrum are highly mechanistic 

models that incorporate intricate descriptions of PK processes, often utilising 

differential equations derived from physiological principles. Between these 

extremes, hybrid approaches combine elements of empirical and mechanistic 

modelling to balance biological realism with practical usability. These models 

incorporate physiological knowledge while also incorporating simplified or 

empirical components to enhance computational efficiency or accommodate 

limitations in data availability (Bonate 2013).  

Models can be highly versatile, though most are  in general based on 

interconnected compartments with first-order rate constants. In this thesis, we 

explored alternative modelling approaches to better address specific aspects of the 
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data to be studied. In this thesis, we employed more tailored solutions for certain 

challenges, which will be expanded upon in the following sections. 

Hepatic Clearance 

Clearance is typically described as a first-order rate process from the central 

compartment. A more mechanistic or physiological approach to modelling 

pharmacokinetics can be applied, for example, by describing hepatic extraction. 

Drugs administered orally must pass through the liver before it reaches the systemic 

circulation. Hepatic extraction or first-pass effect, the pre-systemic elimination which 

occurs during the first-pass through the liver. In this case the parameter to be 

estimated is intrinsic clearance (𝐶𝐿𝑖𝑛𝑡) instead of oral clearance. 𝐶𝐿𝑖𝑛𝑡 is defined as 

the capacity of the liver to clear the blood from drug in the absence of blood flow 

limitations (Hedaya 2012). 

Saturable elimination 

Nonlinear pharmacokinetics are observed when the absorption, distribution, or 

elimination processes can be saturated at high drug concentrations. At high drug 

concentrations, saturable processes follow zero-order kinetics.  

Drugs that are metabolized or excreted by a saturable pathway can have 

dose-dependent pharmacokinetics after administration of large doses. If 

nonlinearity in exposure is observed at higher doses, it can be accounted for by 

incorporating saturation of clearance (i.e. concentration-dependent clearance) into 

the model. This is described using the Michaelis-Menten equation: 

 
𝐸𝑙𝑖𝑚𝑖𝑛𝑎𝑡𝑖𝑜𝑛 𝑟𝑎𝑡𝑒 =  

𝑉𝑚𝑎𝑥. 𝐶𝑝

𝐾𝑚 + 𝐶𝑝
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where 𝑉𝑚𝑎𝑥 is the maximal elimination rate, 𝐾𝑚 is the drug plasma concentration at 

which the elimination rate is half the maximal rate, and 𝐶𝑝 is the plasma 

concentration (Hedaya 2012).  

Autoinduction of clearance 

Conditions such as enzyme induction, product inhibition, and drug-related 

pathological changes that affect drug excretion can result in nonlinear 

pharmacokinetics. Autoinduction can be modelled using a more mechanistic 

approach such as an enzyme turnover model (Smythe et al. 2012) or a more 

empirical approach using an exponential maturation function  (M T Chirehwa et al. 

2015). 

Parent-metabolite modelling 

A parent-metabolite model is a mathematical representation used to understand 

the relationship between a drug (the parent compound) and its metabolites within 

the body. The model typically describes the rates at which the parent compound is 

converted into its metabolites, as well as the elimination rates of both the parent 

drug and its metabolites. The simultaneous modelling of parent drug and 

metabolite provide insights into how drugs are processed and transformed in the 

body and allows the evaluation of the impact of organ impairment or of the effects 

of drug-drug interactions aiding in dosing optimisation (Ette and Williams 2007).  

The rate of conversion of the parent to the metabolite and the distribution 

volume of the metabolite are structurally not simultaneously identifiable. Unless the 

metabolite has been administered alone in order to estimate its volume of 

distribution or the fraction of the parent drug converted to metabolite is known, the 
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modelling of the parent drug and its metabolite needs to be simplified so that 

metabolite parameters can be estimated (Ette and Williams 2007).  

Since the parent and metabolite molecules have different molecular weights, 

a correction factor needs to be included in the model to adjust for the difference in 

molecular weight. Otherwise, all observations can be converted into molar 

concentrations (Ette and Williams 2007).  

Effect compartment modelling 

Effect compartment models, also known as link models, are a type of 

pharmacokinetic/pharmacodynamic (PK/PD) modelling approach used to describe 

the delay between drug administration and the onset of pharmacological effect. 

These models have also been used to model the delays between the central 

(plasma) compartment and another tissue compartment such as the CSF (Sheiner et 

al. 1979; Savic et al. 2015). Effect compartments are assumed to have a negligible 

volume compared to the central compartment, with negligible drug transfer 

between the two compartments. The following differential equation summarizes the 

kinetics of the effect compartment: 

 𝑑𝐶𝐸𝑓𝑓

𝑑𝑡
= 𝑘𝑝𝑙𝑎𝑠𝑚𝑎−𝐸𝑓𝑓 ∙ (𝑃𝑃𝐶 ∙ 𝐶𝑝𝑙𝑎𝑠𝑚𝑎 − 𝐶𝐸𝑓𝑓) 

 

where 𝐶𝑝𝑙𝑎𝑠𝑚𝑎 and 𝐶𝐸𝑓𝑓 are the drug concentration at time 𝑡 in plasma and effect 

compartment, respectively. The 𝑘𝑝𝑙𝑎𝑠𝑚𝑎−𝐸𝑓𝑓 is the first-order equilibration rate 

constant of the drug between the plasma (i.e. central compartment) and the effect 

compartment, i.e., how fast the change in plasma is reflected in the effect 

compartment. A higher 𝑘𝑝𝑙𝑎𝑠𝑚𝑎−𝐸𝑓𝑓 indicates faster equilibration between the 

plasma and effect compartment. The 𝑃𝑃𝐶 is the pseudo-partition coefficient. It 
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represents the ratio of drug exposure between the CSF and plasma, i.e., the extent 

of drug CSF penetration. A higher 𝑃𝑃𝐶 indicates more drug distribution into the 

CSF (Sheiner et al. 1979; Savic et al. 2015). Figure 7.6  in chapter 7 shows the 

interpretability of the equilibration rate constant and the PPC in the context of the 

effect compartment modelling approach.  

2) Statistical (stochastic) model  

Statistical models describe the random effects, i.e., the random unexplained 

variability in the observed data. This variability is described on different levels: 1) 

between-subject variability (BSV), 2) within-subject variability (i.e., within a subject 

on different occasions or visits) and 3) residual unexplained variability (RUV), which 

describe the magnitude of unexplained differences between the predicted and 

observed values of the dependent variable (Owen and Fiedler-kelly 2014). 

3) Covariate model 

Covariate models explain some of the variability in the data using several factors, 

mainly participant characteristics, such as weight, or renal function (covariates). 

When specifying an NLME model, parameter-covariate relationships are defined in 

the covariate model (Owen and Fiedler-kelly 2014; D. Mould and Upton 2013). 

Covariates are categorised into continuous (e.g. weight, height), or categorical (e.g. 

sex, genotype). Categorical covariates may have two or more discrete values. The 

parameter-covariate relationship is usually described relative to a reference 

covariate level, while the effect of a continuous covariate is often expressed relative 

to its median value in the relevant patient population.  
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 Body size descriptors such as weight or fat-free mass are important 

determinants of disposition parameters. Allometric scaling refers to the application 

of such descriptors to describe variability in clearance and volume of distribution 

(Holford and Anderson 2017). Such pharmacokinetic parameters tend to scale with 

body size but not in a linear manner. The most commonly used function to describe 

this relationship is the power function as shown below. 

 
𝜃𝑖 = 𝜃𝑝. (

𝑊𝑖

𝑊𝑝
)

𝛼

  

 

Where 𝜃𝑖 is the individual PK parameter of body mass 𝑊𝑖 and 𝜃𝑝 is the standardized 

individual with body mass 𝑊𝑝 and 𝛼 is an empirically derived constant which is set 

to 0.75 in the case of flow parameters and 1 in the case of volume parameters (B. J. 

Anderson and Holford 2008). 

Parameter Estimation methods 

The construction of pharmacometric models involves the estimation of parameters, 

along with a measure of uncertainty, that characterise drug behaviour within the 

body. Parameter estimation involves obtaining the best-fitting values for these 

parameters based on observed data. Parameter estimation of NLME models 

requires advanced computer applications of numerical analysis techniques (Owen 

and Fiedler-kelly 2014). In NLME modelling, the most common parameter 

estimation method is the maximum likelihood estimation (MLE). MLE seeks to find 

the set of parameter values that maximizes the likelihood of observing the data at 

hand given the assumed model. For ease of computation, the maximum likelihood 



70 

 

estimation objective function is typically expressed as the negative sum of the log 

of the likelihoods, yielding a single number— the maximum likelihood estimation 

objective function value (OFV). The lowest OFV for a specific model and dataset 

corresponds to the optimal parameter values. Therefore, instead of maximizing a 

likelihood function, the OFV is minimised (i.e., the lowest OFV corresponds to the 

maximum likelihood that is the best fit) (Upton and Mould 2014). While the absolute 

OFV value holds no significance, it serves as a tool for comparing models by ranking 

them based on their goodness of fit to the same dataset (D. R. Mould and Upton 

2012). 

Model building process 

The raw data was formatted to be NONMEM® compatible before starting the 

process of model development. The model building process and covariate 

inclusion was guided by physiological plausibility, model fit diagnostics, and the 

drop in the objective function (OFV).  The likelihood ratio test for the drop in OFV 

was used to compare between nested models, assumed to be approximately χ2 

distributed with n degrees of freedom, where n is the number of additional 

estimated parameters. A p-value of 0.05 was generally used for inclusion and 0.01 

for retention of model parameters. Model performance was evaluated by means of 

visual predictive checks (VPC). The precision of final parameters (95% confidence 

intervals) was obtained by either by nonparametric bootstrapping or sampling 

importance resampling (SIR) (A.-G. Dosne, Bergstrand, and Karlsson 2017). 

 Concentrations below the lower limit of quantification (BLQ) were censored 

according to Beal’s M6 method, in which the last censored value in a series during 
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the absorption phase and the first censored value in a series in the terminal phase 

were replaced with LLOQ/2 and the other censored values in a series were 

discarded (S. L. Beal 2001). To account for the larger level of uncertainty in the 

imputed censored values, their additive error was inflated by LLOQ/2.  

Simulations 

Simulations play a crucial role in modelling and simulation frameworks by 

facilitating the exploration of what-if scenarios and alternative parameter estimates. 

Simulations allow the inquiry about various study design features or conditions 

without having to perform an experiment, assessing the potential impact of these 

scenarios on study outcomes and subsequent decision-making processes. 

Simulation enables the examination of mechanistic explanations within a system 

and the effects of interventions, thereby expanding our understanding (Owen and 

Fiedler-kelly 2014; Bonate 2013). Moreover, simulations have several other 

important uses, including the demonstration and visualization of various model 

features and assessment of model performance. For example, simulations are used 

in the goodness of-fit diagnostic such as the visual predictive check (VPC), which 

shows how well the model fits the observed data (Owen and Fiedler-kelly 2014). 

Other modelling approaches 

1) Conditional logistic regression 

In a matched case-control study, each case and its corresponding controls are 

referred to as a "matched set." Conditional logistic regression tests, applied in 

Chapter 3, analyses the relationship between the outcome (e.g., presence of 
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disease) and predictor variables (e.g., exposure to a risk factor) within these 

matched sets while accounting for the matching. Cases are matched with controls 

based on certain criteria, typically to control for potential confounding variables. 

Matching ensures that cases and controls are comparable with respect to these 

characteristics. Conditional logistic regression models the relationship between the 

outcome and predictor variables within each matched set. It estimates the odds 

ratios (ORs) indicating the strength of association between the predictor variables 

and the outcome while adjusting for the matching variables. Hypothesis tests and 

confidence intervals are used to assess the significance of the associations between 

predictor variables and the outcome. Conditional logistic regression is particularly 

useful when dealing with matched case-control studies because it properly 

accounts for the matched nature of the data, providing valid estimates of association 

while controlling for confounding by the matching variables (Koletsi and Pandis 

2017). 

2) Deming regression 

Deming regression serves as a valuable statistical tool for analysing data that exhibit 

errors in both the independent and dependent variables. Unlike traditional 

regression methods that assume measurement errors only in the dependent 

variable, Deming regression acknowledges the presence of errors in both variables, 

offering more accurate parameter estimation. In this thesis, we employed Deming 

regression to investigate the relationship between free (unbound) and total drug 

concentrations quantified in the same samples and to estimate the degree of 
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plasma protein binding (Linnet 1998; Deming 1943). This was applied to unbound 

drug concentrations in Chapters 6 and 7. 

Software  

The pharmacometric models presented in this thesis were developed using 

NONMEM® version 7.4 or 7.5. The main estimation method used was first-order 

conditional estimation with eta-epsilon interaction (FOCEI) (Beal, Sheiner, 

Boeckmann, & Bauer, 2013). Perl-speaks-NONMEM® (PsN) 4.9.0 was used to aid in 

the execution and visualization of results from pharmacometric analyses of 

NONMEM® results such as creating visual predictive checks (VPCs) and running 

bootstraps or sampling importance resampling (SIR) (Lindbom, Ribbing, and 

Jonsson 2004). Pirana software version 3.0.0 was used for model management and 

tracking (Keizer, Karlsson, and Hooker 2013). R software via the R Studio interface, 

including the packages ‘xpose4’ and ‘xpose’ were used for data management, 

plotting model diagnostics and generating figures. It was additionally used for 

carrying out conditional logistic regression testing and Deming regression. 

Berkeley Madonna version 10.2.8, a mathematical modelling software, was used for 

simulating typical concentration-time profiles. Computationally intensive modelling 

and simulation were performed using the University of Cape Town's ICTS High-

Performance Computing: https://ucthpc.uct.ac.za/.  

https://ucthpc.uct.ac.za/
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Chapter 3 : Pharmacokinetic modelling as a tool for 

assessing patient adherence: application to anti-

tuberculosis therapy in the REMEMBER study 

Abstract 

Purpose 

The Reducing Early Mortality and Early Morbidity by Empiric TB Treatment 

Regimens (REMEMBER) study (AIDS Clinical Trials Group (ACTG) A5274) observed 

that the 4-drug (empirical) preventive regimen did not reduce tuberculosis (TB) 

mortality at 24 weeks compared with isoniazid-only treatment. , raising adherence 

concerns. This analysis assessed adherence in the 4-drug (empirical) arm  using 

drug level measurements and pharmacometrics, comparing those who developed 

TB (cases) and those who did not (controls) 

Methods  

A 1:4 matched case-control study analysed stored blood samples collected 

opportunistically from a subset of participants from the 4-drug treatment arm, at 

weeks 2, 4, and 8. Rifampicin and pyrazinamide were measured via liquid 

chromatography with mass spectrometry (LC-MS/MS). Adherence was assessed 

using 2 thresholds: (i) lower limit of quantification (LLOQ) and (ii) personalised 

thresholds from model-based simulations based on either the 2.5th or 5th percentile. 

Population pharmacokinetic models and Monte Carlo simulations were used to 

predict individualised thresholds according to each drug dose and characteristics 
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assuming 100% adherence. Conditional logistic regression compared non-

adherence between cases and controls. 

Results 

Among 28 cases and 112 controls, median weights were similar (56.2 kg vs. 55.8 

kg). The proportion of samples <LLOQ was 52% (cases) vs. 45% (controls) for 

rifampicin and 20% (cases) vs. 14% (controls) for pyrazinamide. Non-adherence was 

significantly higher in cases compared to controls for two pyrazinamide exposure 

metrics: the week 4 LLOQ (p = 0.050) and the week 2 2.5th percentile personalised 

threshold (p = 0.023). In both instances, cases had approximately four times higher 

odds of non-adherence than controls. 

Conclusion 

Poor adherence may have contributed to TB incidence in REMEMBER. While not 

definitive, personalised thresholds from model-based simulations remain useful for 

adherence assessment. 

Introduction 

Approximately one-quarter of the world’s population is estimated to be infected 

with the M. tuberculosis bacterium, and about 5–10% of those infected will develop 

active tuberculosis (TB) disease in their lifetime (World Health Organization 2021b). 

Those at high risk of developing active TB disease are people with weakened 

immunity, especially people living with HIV (PLWHIV), and even more so, in patients 

with advanced HIV disease in resource-limited settings (Gupta et al. 2011). Several 

effective options are recommended for treating latent tuberculosis infection (LTBI). 
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The historical standard of care has been a 6- or 9-month course of daily isoniazid 

(6H or 9H). Alternative shorter regimens are now also available, including a 3-month 

weekly regimen of rifapentine and isoniazid (3HP), a 3-month daily regimen of 

isoniazid and rifampicin (3HR), a 1-month daily course of rifapentine and isoniazid 

(1HP), and 4 months of daily rifampicin alone (4R) (World Health Organization 

2024a). 

The ‘Reducing Early Mortality and Early Morbidity by Empiric Tuberculosis 

Treatment Regimens (REMEMBER) A5274 study was a multi-country randomised 

clinical study conducted in HIV-positive outpatients initiating antiretroviral therapy 

with CD4 cell counts of less than 50 cells per μL to assess whether the 4-drug 

(empirical) treatment would result in lower early mortality compared to isoniazid 

preventive TB therapy. Counterintuitively, the TB incidence rate was significantly 

higher in the empirical therapy arm than in the monotherapy arm (Hosseinipour et 

al. 2016). This prompted the question of whether poor adherence to the 4-drug 

medication regimen contributed to the higher TB incidence rate.  

Poor adherence to medication can be associated with regimens with high pill 

burden, long duration and can result in reduced treatment effectiveness (Kenneth 

L. Schaecher  FACP, CPC 2013; Hill, Miller, and DeGeest 2011). Poorly tolerated 

regimens can also be associated with adverse effects, prompting discontinuation 

(Schaberg, Rebhan, and Lode 1996). A particular challenge with TPT is that the 

absence of apparent disease or symptoms can diminish motivation for medication 

adherence  (Peh et al. 2021). Several methods can be employed to evaluate patient 

adherence to medication. These methods vary in their complexity, cost, and 
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accuracy. They can be classified broadly into indirect and direct. Indirect methods 

include self-reports, pharmacy dispensing or refill records and pill counts (Farmer 

1999), while direct methods include observing the patient taking the medication or 

measuring drug concentrations in biological samples such as blood or urine. 

Therapeutic drug monitoring (TDM) combined with modelling and simulation-

based approaches can be a valuable tool for assessing patient adherence to 

medication regimens. Moreover, PK models could be combined with spot checks 

to ascertain whether drug concentrations are within an expected, personalised 

range. This approach is predicted to become more and more accessible due to the 

development of simple, low-cost point-of-care assays.  

Among the 4 drugs in standard TB treatment, pyrazinamide and rifampicin 

are amenable to pharmacometric modelling. Upon oral administration, 

pyrazinamide is rapidly and completely absorbed from the gastrointestinal tract, 

with a bioavailability of ~70-90%. It has minimal protein binding and undergoes 

hepatic metabolism. Its elimination half-life is around 9 hours (Lacroix et al. 1989). 

Rifampicin is rapidly and well-absorbed from the gastrointestinal tract. Rifampicin is 

highly protein-bound. It mainly undergoes biliary excretion. It induces several drug-

metabolising enzymes and transporters, resulting in autoinduction. Its clearance 

doubled after ~2 weeks of daily administration. Therefore, steady-state 

concentrations are reached after ~2 weeks (M T Chirehwa et al. 2015) and for the 

300 mg dose, the half-life is about 2.5 hours (Gianni Acocella 1983). Considering 

that individuals metabolise drugs differently based on their body size, both drugs 

are dosed based on weight to ensure adequate drug exposure. Weight-based 
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dosing helps to account for variations in drug distribution, metabolism, and 

elimination among patients of different weights. 

In this paper, we explore the use of pharmacometric modelling and 

simulation as a tool to assess adherence to antitubercular drugs in participants who 

developed TB (cases) compared to those who did not (controls) within the 4-drug 

combination arm in the REMEMBER study. 

MATERIALS and METHODS 

Study population 

We included participants from the 4-drug empirical treatment arm in this sub-study 

(NWCS 440) to assess their level of drug adherence. Participants were administered 

4-drug fixed combination tablets (150 mg rifampicin, 75 mg isoniazid, 400 mg 

pyrazinamide, and 275 mg ethambutol) with weight-adjusted daily dosing 

according to the WHO guidelines (Helen McIlleron et al. 2012). The participants 

with confirmed, probable, or clinical diagnosis of pulmonary or extra-pulmonary TB 

by week 48 (cases) were matched with participants from the empirical treatment 

arm without confirmed, probable, or clinical diagnosis of pulmonary or extra-

pulmonary TB by week 48 (controls) (Hosseinipour et al. 2016). The case-control 

matching was done by weight and sex in the ratio of 1:4, with each case matched 

with 4 controls. Matching was done according to the method described by Wang 

(Z. Wang 2012). Only participants with at least 2 out of 3 blood samples collected 

at visits on weeks 2, 4, and 8 of the parent study were included. 
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Sample collection 

Opportunistic plasma samples were used, as the study was not originally designed 

for pharmacokinetic analysis. Only one blood sample was collected per visit—at 

weeks 2, 4, and 8—and the exact time of the participant’s last dose was neither 

recorded by the study staff nor reported by the participants. As a result, samples 

were taken without reference to dosing time. After collection, samples were placed 

in an ice bath, centrifuged in a cooling centrifuge, and then stored at -80°C. 

Drug quantification 

Pyrazinamide and rifampicin plasma concentrations were determined in stored 

plasma samples by liquid chromatography-tandem mass spectrometry (LC-MS) 

performed in the Division of Clinical Pharmacology, University of Cape Town 

(Abdelgawad et al. 2024). The LLOQs were 0.203 μg/mL and 0.075 μg/mL for 

pyrazinamide and rifampicin, respectively. Any concentration value below the 

LLOQ was censored and reported as <LLOQ. The assessment was done based on 

the exposure of rifampicin and pyrazinamide only; isoniazid and ethambutol were 

excluded due to their short plasma half-life. 

Methods for identifying medication non-adherence 

At weeks 2, 4, and 8, each participant's adherence status was assessed based on 

their observed drug concentration relative to a predefined threshold. If the 

observed concentration was below the threshold, the participant was classified as 

non-adherent. However, a concentration above the threshold does not definitively 

confirm adherence; rather, it indicates that non-adherence cannot be conclusively 

ruled out. Additionally, participants were also asked if they missed yesterday’s dose 
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at each visit and this was recorded in the case report form. The concentration-based 

assessment was applied to both pyrazinamide and rifampicin and at each visit 

separately. We used 2 different methods to define thresholds for assigning the 

adherence outcome as shown below. 

Method 1: Using the below the lower limit of quantification (<LLOQ) as the 

threshold. 

The first method uses the LLOQ of each drug’s assay as the threshold for adherence. 

If the observed drug concentration is below or equal to the LLOQ, the outcome is 

considered non-adherent; if it is above the LLOQ, non-adherence is not confirmed. 

Method 2: Using personalised thresholds from model-based simulations. 

Population pharmacokinetic modelling was used to simulate and propose 

individualised threshold values for pyrazinamide and rifampicin for each 

participant. We used previously developed and published models for pyrazinamide 

(Maxwell T. Chirehwa et al. 2017) and rifampicin (M T Chirehwa et al. 2015) from the 

TB HAART study, a study in PLWH with smear-positive pulmonary TB investigating 

factors associated with pharmacokinetic variability in patients with both TB and HIV 

at different levels of immunosuppression. Both models for pyrazinamide and 

rifampicin were one-compartment disposition models with a chain of transit 

compartments to model the absorption. Pyrazinamide exhibited first-order 

elimination, while rifampicin demonstrated saturation during first-pass metabolism. 

In both models, the disposition parameters were allometrically scaled for body size 

using the participant values of fat-free mass. Additionally, the models included 
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stochastic variability on clearance, bioavailability, absorption rate constant, and 

absorption mean transit time. 

These models were used in a Monte Carlo simulation to generate the 

individualised ranges (Jonsson and Nyberg 2022; Schoonjans, De Bacquer, and 

Schmid 2011) within which the observed drug concentrations are expected to be at 

24and 48 hours after the last dose if steady-state is assumed (i.e., full induction) and 

with 100% treatment adherence. Although the drug is meant to be taken every 24 

hours, we also simulated drug concentrations at 48 hours. This allows for flexibility 

in case a participant did not take their dose on time, exactly 24 hours after the last 

dose. In other words, if there was a delay in taking the most recent dose, the actual 

time since the last dose may be longer than 24 hours. This 48h thresholds assume 

that the last dose taken could have been more than 24 hours ago but no longer than 

48 hours. 

For each patient, visit, and drug (i.e. using the dose they received and their 

value of fat-free mass), the model simulated n = 500 values. Based on the resulting 

distribution, two personalised threshold values were selected: the 2.5th and the 5th 

percentiles for that participant/timepoint. If the observed drug concentration in a 

participant is below the personalised threshold determined through simulations, 

the outcome for that visit is classified as 'non-adherent.' Conversely, if the observed 

concentration is at or above the threshold, there is not enough evidence to support 

non-adherence. 
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Statistical analyses 

The conditional logistic regression test was used to compare the odds ratio of being 

non-adherent between the cases and the controls, adjusting for weight and sex. 

Conditional logistic regression was performed separately for each combination of 

visit (week 2, 4, and 8) and time point (24h and 48h). A p-value equal to or lower 

than 0.05 was chosen as significant for the increase in odds. 

Software 

NONMEM® 7.5.0 was used to run the simulations for Method 2. R 4.0.3 was used for 

post-processing NONMEM® results and generating figures (Keizer, Karlsson, and 

Hooker 2013). The R package “Epi” was used to perform conditional logistic 

regression tests to calculate the odds ratio.  

RESULTS 

Study data 

Twenty-eight participants with confirmed, probable, or clinical TB comprised the 

"cases" group and were matched with 112 controls by weight and sex, making the 

total number of participants 140. Table 3.1: Participant characteristics shows the 

participants characteristics. One case was missing the sample for week 2, two cases 

were missing the week 4 sample, and two cases were missing their week 8 samples, 

resulting in a total of 415 observations per drug. For a total of 36 participants, the 

week 8 visit occurred more than 8 weeks after the study began. Of these, 8 were in 

the case group and 28 in the control group. A total of 13 participant-visit 

occurrences (4 cases and 9 controls) reported missing yesterday’s dose. 
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Table 3.1: Participant characteristics 

 Median (Min-Max) or n (%) 

 Cases (n = 28) Controls (n = 112) 

Males 14 (50%) 56 (50%) 

Age (years) 36 (25 - 55) 36 (18 - 58) 

Weight (kg) 56 (34 - 81) 56 (30 - 81) 

Height (m) 1.63 (1.48 - 1.80) 1.65 (1.49 - 1.89) 

Fat-free mass (FFM) (kg) 41.2 (29.9 - 55.6) 41.9 (29.5 - 57.7) 

 

Adherence results 

Method 1: Using the below limit of quantification (BLQ) as the threshold. 

For pyrazinamide: The number of <LLOQs (non-adherent) was 16 out of 79 (20%) 

for the cases and 46 out of 336 (14%) for the controls across all 3 visits.  

For rifampicin: The number of <LLOQs (non-adherent) was 41 out of 79 (52%) for 

the cases group and 152 out of 336 (45%) for the control group across all 3 visits.  

The results for pyrazinamide and rifampicin split by week are shown in  

Table 3.2. No differences in odds ratio of non-adherence reached statistical 

significance for either drug, except for pyrazinamide week 4 (p = 0.05). The odds 

ratio was 3.72 (95% CI: 1.00 - 13.9). The conditional logistic regression test results 

for both pyrazinamide and rifampicin at weeks 2, 4, and 8 are shown in Table 3.2. 

Boxplots of pyrazinamide and rifampicin concentrations and the proportion of 

observations that are below the LLOQ are depicted in Figure 3.1. 

Method 2: Using personalised thresholds from model-based simulations. 

At 48h for pyrazinamide and both 24h and 48h for rifampicin, the expected drug 

levels based on the simulations in all participants were below the LLOQ. This means 
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that these time points and drugs cannot be used to check whether patients are 

taking their medication as prescribed. Since the drug levels are expected to be 

undetectable at these times whether or not a participant took the medication, any 

measurement below the detection limit would not provide useful information about 

adherence. In other words, an undetectable drug level at these points does not 

necessarily mean the participant missed a dose—it is simply due to drug elimination. 

As shown in Figure 3.2,  pyrazinamide is expected to be at LLOQ at 48h. Therefore, 

the thresholds carried forward to the statistical analysis step were the 2.5th and 5th 

percentile thresholds for pyrazinamide at 24h. For the 2.5th percentile, 24% of cases 

were non-adherent compared to 18% of controls. For the 5th percentile, these 

proportions were 27% for cases and 19% for controls, respectively. The results are 

presented in Table 3.2. An example of a simulated concentration-time profile, as 

well as the distribution curve of all 500 simulated concentrations at 24h for one 

participant on one visit as an example is depicted in Figure 3.2. 

 The results of the conditional logistic test for the second method are shown 

in Table 3.3. The odds ratio for the 5th percentile at week 2 was the only statistically 

significant threshold (p-value = 0.023). The odds ratio was 4.10 (95% CI: 1.21 – 13.9), 

indicating that the odds of being non-adherent were 4.10 times higher in the case 

group compared to the control group. For thresholds other than those at week 8, 

the results suggested a trend towards higher odds of non-adherence among cases 

compared to controls, as indicated by odds ratios greater than 1. However, at week 

8 (2.5th and 5th percentiles), the odds ratios were less than 1, suggesting a potential 

trend in the opposite direction. But the confidence intervals for these odds ratios 
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included one, and the p-values were greater than 0.05. Therefore, these differences 

in odds between the cases and controls were not statistically significant. 

 

Table 3.2: Frequency table of non-adherence based on method 1 (BLQ) and 

method 2 (personalised thresholds) for pyrazinamide at 24h for visits on weeks 2, 4, 

& 8 

 No. (%) of samples indicating non-adherence 

 

Method 1 (BLQ) Method 2 

(2.5th 

percentile) 

Method 2 

(5th percentile) 

 Rifampicin Pyrazinamide Pyrazinamide 

Week 2     

Cases 12/27 (44%) 5/27 (19%) 7/27 (26%) 8/27 (30%) 

Controls 49/112 (44%) 12/112 (11%) 15/112 (13%) 15/112 (13%) 

Week 4     

Cases 15/26 (58%) 7/26 (27%) 7/26 (27%) 7/26 (27%) 

Controls 54/112 (48%) 16/112 (14%) 22/112 (20%) 23/112 (21%) 

Week 8     

Cases 14/26 (54%) 4/26 (15%) 5/26 (19%) 6/26 (23%) 

Controls 49/112 (44%) 18/112 (16%) 23/112 (21%) 27/112 (24%) 

Overall     

Cases 41/79 (52%) 16/79 (20%) 19/79 (24%) 21/79 (27%) 

Controls 152/336 (45%) 46/336 (14%) 60/336 (18%) 65/336 (19%) 

*Overall numbers and percentages were calculated based on the total number of 

all 3 visits at weeks 2,4, and 8.  
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Table 3.3: Conditional logistic regression results for method 1 (LLOQ threshold) for 

pyrazinamide and rifampicin, and method 2 (personalised thresholds) for 

pyrazinamide at 24h at weeks 2, 4, and 8, adjusting for weight and sex 

Method 

1 
Pyrazinamide Rifampicin 

Week Odds ratio 95% CI p-value Odds ratio 95% CI p-value 

2 1.75 
0.481 – 

6.38 
0.39 1.23 

0.464 – 

3.27 
0.68 

4 3.72 1.00 – 13.9 0.050a 1.53 
0.611 – 

3.84 
0.36 

8 0.862a 
0.250 – 

2.97 
0.81 1.00 

0.397 – 

2.54 
0.99 

Method 

2 
Pyrazinamide at 24h 

 2.5th percentile 5th percentile 

Week Odds ratio 95% CI p-value Odds ratio 95% CI p-value 

2 3.34 
0.938 – 

11.9 
0.063 4.10 1.21 – 13.9 0.023a 

4 2.01 
0.676 – 

5.96 
0.21 1.85 

0.634 – 

5.42 
0.26 

8 0.791 
0.250 – 

2.50 
0.69 0.769 

0.257 – 

2.31 
0.64 

a statistically significant (α = 0.05) 
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Figure 3.1: Boxplots of pyrazinamide and rifampicin concentrations stratified by visit 

week. The lower panel shows the proportion of samples that are below or equal the 

lower limit of quantification (LLOQ) 
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Figure 3.2: A) An example of a simulated (n = 500) plasma concentration vs time 

after dose profile and  B) a cross-section at 24 h showing the distribution curve of 

all 500 simulated concentrations at 24h for one participant on one visit as an 

example. 

CONCLUSION 

In this analysis, we used two methods — one using the LLOQ as a threshold and 

another using personalised thresholds from model-based simulations — to evaluate 

drug concentrations and compare adherence to TPT between participants who 

developed TB and those who did not in the 4-drug combination preventative 

treatment in the REMEMBER study. Although no significant differences in 

adherence were observed across all thresholds, statistically significant associations 

were found for pyrazinamide’s LLOQ threshold at week 4 and the 5th percentile 

personalised threshold at week 2. Cases exhibited ~4 times higher odds of non-

adherence compared to controls. The analysis suggests that poor adherence may 

have played a role in the primary outcome of the REMEMBER study, which is that a 
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4-drug empiric treatment did not reduce mortality at 24 weeks compared to 

isoniazid-only preventive therapy in outpatient adults with advanced HIV disease.  

 To explore whether poor adherence influenced REMEMBER's 

outcomes, one approach could have been to evaluate adherence separately within 

each treatment arm: the 4-drug combination and the isoniazid-only. However, our 

chosen methodology was ultimately decided by the pharmacokinetic properties of 

the TB drugs. Due to isoniazid's short half-life, adherence could not be reliably 

assessed in the isoniazid-only arm using drug level measurements, i.e., isoniazid 

levels are expected to be undetectable after 24 hours regardless of whether the 

patient is adhering to medication. In the 4-drug combination arm, both 

pyrazinamide and rifampicin also have relatively short half-lives. We anticipated that 

pyrazinamide levels would be undetectable after 48 hours, and rifampicin levels 

even sooner, after 24 hours. Consequently, we utilised pyrazinamide levels 

measured at 24 hours as an indicator of non-adherence within the 4-drug 

combination arm. Week 8 results may have been affected by participants who had 

potentially discontinued pyrazinamide before their week 8 sample was collected. 

There are two main limitations to this analysis. The first limitation that unrecorded 

times of the dose administration introduce uncertainty into the analysis and 

influence the model-predicted drug concentration. However, this is reflective of 

real-life scenarios where reported times are commonly unavailable or inaccurate. 

Such analysis could be further improved if the time of the last dose and the blood 

sampling time were recorded. The second limitation is that adherence was assessed 

only for the dose taken the day before sampling. This restricts the scope of 
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adherence evaluation to a single time point, thereby overlooking fluctuations or 

patterns in adherence behaviour and may provide an incomplete understanding of 

the participants’ overall adherence to the prescribed medication regimen. In 

conclusion, our analysis of the REMEMBER trial outcomes suggests a trend towards 

higher nonadherence in the cases group compared to the controls, however, it is 

not conclusive due to the limitations of the available data. Adherence to medication 

remains a significant challenge, particularly given the high pill burden of TPT. To 

address this, a broader range of tools is needed to improve adherence monitoring. 

Model-based simulations offer promising potential for adherence monitoring. We 

recommend using this approach to establish personalised thresholds for assessing 

drug adherence. This method need not be limited to TB drugs but can be applied 

to a wide range of medications, including antiretrovirals (ARTs). This method is 

particularly useful for drugs with long half-lives, such as bedaquiline and 

clofazimine. It is also useful in two key scenarios. First, when a drug exhibits low 

between-subject variability (e.g. lamivudine), it becomes easier to determine 

adherence because any deviation from expected levels strongly indicates non-

adherence (C. Zhang et al. 2012). In this case, the observed drug concentration can 

provide a clear signal of adherence. Second, for drugs with high between-subject 

variability, if this variability can be predicted using observable covariates such as 

genetics (e.g. CYP2B6 genotype for efavirenz) or renal function. For example, if a 

drug's pharmacokinetics are largely influenced by renal clearance, individual 

differences can be accounted for, allowing for a more accurate personalisation of 

the threshold. Additionally, published pharmacokinetic models of drugs could be 
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integrated with spot checks to assess whether drug concentrations fall within an 

expected, model-based personalised range. The development of simple, low-cost 

point-of-care assays, such as the saliva-based pyrazinamide assay by Chen et al. (R. 

H. Chen et al. 2025), further facilitates this approach, making adherence monitoring 

more accessible and practical.  
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Chapter 4 : Pharmacokinetics of antitubercular drugs in 

patients hospitalized with HIV-associated tuberculosis: a 

population modelling analysis  

Abstract 

Background 

Early mortality among hospitalized HIV-associated tuberculosis (TB/HIV) patients is 

high despite treatment. The pharmacokinetics of rifampicin, isoniazid, and 

pyrazinamide were investigated in hospitalized TB/HIV patients and a cohort of 

outpatients with TB (with or without HIV) to determine whether drug exposures 

differed between groups. 

Methods 

Standard first-line TB treatment was given daily as per national guidelines, which 

consisted of oral 4-drug fixed-dose combination tablets containing 150 mg 

rifampicin, 75 mg isoniazid, 400 mg pyrazinamide, and 275 mg ethambutol. Plasma 

samples were drawn on the 3rd day of treatment over eight hours post-dose. 

Rifampicin, isoniazid, and pyrazinamide in plasma were quantified and NONMEM® 

was used to analyse the data. 

Results 

Data from 60 hospitalized patients (11 of whom died within 12 weeks of starting 

treatment) and 48 outpatients were available. Median (range) weight and age were 

56 (35 - 88) kg, and 37 (19 - 77) years, respectively. Bioavailability and clearance of 

the three drugs were similar between TB/HIV hospitalized and TB outpatients. 
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However, rifampicin’s absorption was slower in hospitalized patients than in 

outpatients; mean absorption time was 49.9% and 154% more in hospitalized 

survivors and hospitalized deaths, respectively, than in outpatients. Higher levels of 

conjugated bilirubin correlated with lower rifampicin clearance. Isoniazid’s 

clearance estimates were 25.5 L/h for fast metabolizers and 9.76 L/h for slow 

metabolizers. Pyrazinamide’s clearance was more variable among hospitalized 

patients. The variability in clearance among patients was 1.70 and 3.56 times more 

for hospitalized survivors and hospitalized deaths, respectively, than outpatients. 

Conclusions 

We showed that the pharmacokinetics of first-line TB drugs are not substantially 

different between hospitalized TB/HIV patients and TB (with or without HIV) 

outpatients. Hospitalized patients do not seem to be underexposed compared to 

their outpatient counterparts, as well as hospitalized patients who survived vs who 

died within 12 weeks of hospitalization. 

Introduction 

The mortality rate among treated hospitalized HIV-associated tuberculosis (TB/HIV) 

patients is high, ranging from 11% to 32% (Kyeyune et al. 2010; Schutz et al. 2020). 

Hospitalized TB/HIV patients usually have some features of bacterial sepsis, with 

elevated venous lactate levels, and impaired intestinal barrier function, resulting in 

microbial translocation and high levels of circulating lipopolysaccharide, which 

mediates an inflammatory response (Subbarao et al. 2015; Brenchley et al. 2006). 

Delayed gastric emptying and changes in gastric pH have been observed in 

severely ill patients (Roberts and Hall 2013). The gastrointestinal changes in severely 
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ill patients could lead to differences in the rate and amount of drug absorption and 

therefore affect drug exposure (Parsons 1977). Other changes in severely ill patients 

may include increased volume of distribution, changes in plasma protein binding, 

and changes in the intrinsic activity of drug metabolizing enzymes or in the hepatic 

blood flow that may affect drug clearance (Roberts and Hall 2013; Parsons 1977; 

Blot, Pea, and Lipman 2014). These changes could negatively affect the treatment 

outcome in vulnerable patients. These changes could affect the levels of drug 

concentrations. Lower antitubercular drug concentrations have been shown to be 

associated with delayed sputum culture conversion times as shown by Sekaggya-

Wiltshire et al. (Sekaggya-Wiltshire et al. 2018) and Mah et al. (Mah et al. 2015). 

In addition to the extent of disease that could result in variable absorption, 

rifampicin’s extent and rate of absorption is highly variable (Wilkins et al. 2008). 

Rifampicin is mainly cleared by the liver and undergoes extensive first-pass 

metabolism (G. Acocella 1978). Saturable elimination has been reported for 

rifampicin at higher doses due to saturation of the biliary transport mechanisms (G. 

Acocella 1978; Kenny and Strates 1981). After repeated administration, rifampicin 

exhibits autoinduction, in which it increases its own metabolism partly by activating 

the pregnane X receptor (Y. Chen et al. 2004), which in turn induces the B-esterases 

in liver microsomes, which are responsible for the biotransformation of rifampicin 

to 25-desacetyl rifampicin (Loos et al. 1985; Jamis-Dow et al. 1997). 

Isoniazid also has highly variable pharmacokinetics, mainly due to genetic 

polymorphism in N-acetyltransferase 2 (NAT-2), the enzyme responsible for 

metabolizing the drug; the elimination of isoniazid in fast-acetylators is up to six 
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times faster than the slow acetylators(Ellard and Gammon 1976). Body composition 

parameters such as weight and fat-free mass (FFM) are usually good predictors of 

clearance and volume of distribution for many drugs. FFM is generally advised as a 

better scalar than bodyweight since it accounts for both the difference in body size 

and composition, unlike weight, which accounts for body size only (Morgan and 

Bray 1994; McLeay et al. 2012) . 

The aim of the study was to compare the pharmacokinetics of rifampicin, 

isoniazid, and pyrazinamide between hospitalized patients and outpatients 

recruited from the same hospital catchment area. We hypothesize that 

antitubercular drugs exposures would be lower in hospitalized patients compared 

to non-hospitalized patients and in hospitalized patients who died versus who 

survived. 

Methods 

Study population 

The study population is made up of two groups: the hospitalized patients and 

outpatients recruited as controls. The hospitalized study population for this 

pharmacokinetic (PK) sub-study was a subset from participants enrolled for an 

observational cohort study investigating the mortality causes in hospitalized TB/HIV 

patients carried out between November 2014 and November 2016 (Schutz et al. 

2020). Patients presenting to Khayelitsha Hospital in Cape Town, South Africa with 

TB/HIV who needed hospitalization due to tuberculosis (i.e., who were too ill to 

receive initial treatment as outpatients) and who survived to the third day of TB 

treatment were enrolled sequentially, as long as they still needed inpatient care and 
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did not require transfer to a tertiary care facility for intensive care or investigations. 

The study team invited eligible hospitalized patients in the parent study to take part 

and discussed with them the study. TB outpatients with or without HIV were 

recruited from around the same hospital catchment area as controls. The study team 

liaised with the clinic staff to ask any new patients when they were started on TB 

treatment if they would like to discuss taking part in the PK sub-study. 

Study design 

All participants received a once daily dosing of antitubercular drugs that were given 

as 4-drug fixed-dose combination (FDC) tablets containing rifampicin-isoniazid-

pyrazinamide-ethambutol at 150/75/400/275 mg, which were either Rifafour e-275 

tablets (SANOFI) or Ritib tablets (PHARMACARE)). The number of tablets to be 

given to each participant is determined based on their weights according to the 

weight-based dosing of the South African national TB management guidelines 

outlined in Table 2.1 in Chapter 2. Clinical data and baseline blood tests were 

obtained at enrolment. The 12-week mortality outcome was documented for 

hospitalized patients. 

Ethics and consent 

The study was approved by University of Cape Town Human Research Ethics 

Committee (UCT HREC reference: 057/2013) on 12 April 2013. All participants 

signed an informed consent form. 

Data collection 

For each patient, age, sex, weight, height and details of concomitant medications 

were collected, and a complete medical history was recorded. Serum chemistry and 
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a complete blood picture were carried out at the Groote Schuur National Health 

Laboratory Services on each participant on samples taken at enrolment for the PK 

study. 

Participants were scheduled for a PK visit during their 3rd day of treatment, 

when blood samples were drawn just before and 1, 2.5, 4, 6, and 8 hours after dose. 

Participants were required to fast overnight, and they were given a standardized 

breakfast after the 1-hour sample and a standardized lunch between the 4- and 6-

hour sample. Immediately following their collection, samples were put in an ice bath 

until being centrifuged in a cooling centrifuge and later stored at -80°C. 

Drug quantification 

Plasma rifampicin, isoniazid and pyrazinamide concentrations were determined by 

validated liquid chromatography with tandem mass spectrometry assays at the 

Division of Clinical Pharmacology, University of Cape Town (Smith, van Dyk, and 

Fredericks 1999). The lower limit of quantification (LLOQ) was 0.117 mg/L for 

rifampicin, 0.105 mg/L for isoniazid, and 0.203 mg/L for pyrazinamide. The accuracy 

of the low-, medium-, and high-quality control samples ranged between 99.7% - 

100.8% for rifampicin, 98.3% - 100.4% for isoniazid, and 88.1% and 92.3% for 

pyrazinamide. The precision of the quality control samples ranged from 4.7 – 7.7%, 

3.0% - 5.1%, and 2.9% - 3.6% for rifampicin, isoniazid, and pyrazinamide, 

respectively (Schutz et al. 2020). 

Pharmacokinetic and statistical analyses 

A population pharmacokinetic model was developed for each of the three drugs 

using nonlinear mixed-effects modelling in NONMEM® version 7.4 and the 
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algorithm first-order conditional estimation with eta-epsilon interaction (FOCEI) 

Pirana was used for model management, Perl-speaks-NONMEM (PsN) 4.9.0 was 

used for post-processing of NONMEM® results and R version 3.6.2 was used for 

generating the figures (Keizer, Karlsson, and Hooker 2013). Different disposition 

models with first-order elimination were evaluated. The use of a lag time and transit 

compartments were tried to capture the delay in the first-order absorption process. 

Between-subject variability was evaluated for all disposition parameters and 

between-occasion variability was assessed for bioavailability, and other absorption 

parameters. Censored below the lower limit of quantification (BLQ) concentration 

values were handled as per Beal’s M6 method, in which the first BLQ values in series 

were replaced with LLOQ/2 and the subsequent BLQs were discarded (S. L. Beal 

2001). Residual unexplained variability was described using a combination of 

additive and proportional error components. The additive error was bound to be at 

least 20% of the LLOQ. Allometric scaling of clearance and volume parameters was 

tested as suggested by Anderson and Holford (B. J. Anderson and Holford 2008) 

using the fixed power exponents of 0.75 for clearance and 1 for volume. Body 

weight and FFM, calculated based on the formula in Janmahasatian et al. 

(Janmahasatian et al. 2005), were both tested for allometric scaling as body size 

descriptors. Since no NAT-2 genotyping data were available, mixture modelling was 

used for the isoniazid pharmacokinetic model to distinguish between the 

clearances of different groups of metabolizers. 

Following the development of a basic model, covariate testing was done. 

Various effects, including hospitalization, patient status (outpatients or hospitalized 
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who survived or hospitalized who died within 12 weeks), drug formulation, and 

various biomarkers which indicate general organ dysfunction e.g. aspartate 

transaminase (AST), alanine transaminase (ALT), serum creatinine, serum urea, 

albumin, and procalcitonin, were tested on clearance, bioavailability, and 

absorption parameters for all three drugs. Trefoil factor-3, which is a marker of gut 

barrier integrity was tested as a covariate on the absorption parameters. The effect 

of concurrent administration of HIV drugs was tested. 

The model development process and covariate inclusion were guided by 

physiological plausibility, model fit diagnostics including drop in the objective 

function value (OFV) and inspection of diagnostic plots. Comparison between 

nested models was done using the likelihood ratio test for the drop in OFV, 

assumed to be approximately χ2 distributed with n degrees of freedom, where n is 

the number of additional estimated parameters. A p-value of 0.05 was generally 

used for inclusion and 0.01 for retention. Visual predictive checks (VPCs) were used 

to assess compatibility of the model with the observed data.  

Weakly-informative priors on the ratio of the volume of the central 

compartment (Vc) to the volume of the peripheral compartment (Vp), Vratio (Vc/Vp) 

with 30% uncertainty were used to stabilize the model for isoniazid PK. The typical 

values were obtained from a previously published model (Gausi et al. 2021). 

The precision of the parameter estimates, expressed as the 95% confidence 

intervals, was assessed by applying a nonparametric bootstrap with 500 iterations. 

A non-compartmental pharmacokinetic (PK) analysis of the same participants in this 

report has previously been published (Schutz et al. 2020) . 
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Variability correlation across the three drugs 

Correlations of unexplained variability in the pharmacokinetic parameters: 

clearance, bioavailability, area under the curve from time 0 to 24 hours (AUC0-24h) 

and absorption between each of the three drugs were assessed to check if there 

was any relation between the unexplained variabilities in each pharmacokinetic 

parameter between the three drugs. There were two occasions per patient. An 

occasion is defined as any dosing event followed by at least one sample. When 

checking the correlation between variabilities, only the variability from the primary 

occasion was included i.e. the occasion associated with the predose was excluded. 

Results 

Study data 

A total of 108 patients completed the study; 60 were hospitalized TB/HIV patients, 

and 48 were TB outpatients, of whom 29 were HIV-positive. Table 4.1 provides a 

summary of the participants characteristics. Four hospitalized patients (n=4, 3.7%) 

had missing height values, which were replaced by the regression-imputed values 

based on sex. Two hospitalized patients with renal impairment had individual 

tablets for each drug instead of the FDC to allow adjustment of the ethambutol 

dose, and one hospitalized patient had the tablets crushed, mixed with water, then 

inserted via a nasogastric tube. All patients had blood samples collected on the 3rd 

day of treatment, except for one participant, in whom it was found out during the 

study that there was an earlier dose, so the collected samples were on the 4th day of 

treatment. Nine participants were on efavirenz, 9 on tenofovir, 1 on 

lopinavir/ritonavir, and 1 on lamivudine.  
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Table 4.1: Participants baseline characteristics 

 Median (1st – 3rd Quartile) or no. (%) of participants given 

 
Outpatients 

(n = 48) 

Hospitalized 

Survivors 

(n = 49) 

Hospitalized Deaths 

(n = 11) 

Total 

(n = 108) 

Sex: Females 12 (25%) 25 (51%) 6 (55%) 43 (40%) 

Age (years) 36 (32 – 42) 38 (32 - 40) 35 (31 - 50) 37 (32 – 41) 

Weight (kg) 58 (52 – 63) 55 (48 - 60) 54 (48 - 60) 56 (49 – 62) 

Fat-free mass (kg) 47 (41 – 51) 41 (37 - 47) 38 (35 - 46) 43 (38 – 49) 

Total bilirubin (μmol/L) a 10.0 (7.00 – 14.0) 9.00 (5.00 – 14.3) 12.0 (9.50 – 15.0) 10.0 (6.00 – 14.0) 

Conjugated bilirubin 

(μmol/L) b 
6.00 (4.00 – 8.00) 5.00 (2.25 – 8.00) 8.00 (6.00 – 10.0) 6.00 (3.00 – 9.00) 

Lactate (mmol/L) c 1.60 (1.20 – 1.95) 1.50 (1.10 – 1.95) 2.40 (1.50 – 3.35) 1.60 (1.20 – 2.00) 

Aspartate 

aminotransferase, AST 

(U/L) d 

30.0 (21.0 – 50.0) 48.5 (33.8 – 82.3) 64.5 (36.3 – 81.0) 38.0 (27.0 – 69.0) 

Alanine 

aminotransferase, ALT 

(U/L) e 

20.0 (13.5 – 30.0) 29.5 (20.0 -49.3) 22.0 (15.0 – 30.5) 24.0 (16.0 – 40.8) 

HIV-positive 29 (60%) 49 (100%) 11 (100%) 89 (82%) 

Current antiretroviral 

therapy 
5 (17%) 19 (39%) 1 (9%) 25 (23%) 

CD4 Count (cells μL-1) 142 (35.5 – 241) 69.5 (17.8 – 131) 32.0 (12.5 – 94.0) 71.5 (19.8 - 154) 

A total of 108 pharmacokinetic profiles with 632 concentration-time 

observations for each of the three drugs were available for analysis. The number of 

observations that were BLQ were 33 (5.2%), 88 (13.9%), and 1 (0.2%) for rifampicin, 

isoniazid, and pyrazinamide, respectively, most of which were predose samples. 

The 12-week mortality rate of hospitalized patients was 11/60 (18%). One 
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participant was lost to follow up after 2 months; the participant’s results were 

included in the survived group. We chose to stratify the analysis of the hospitalized 

patients into those who survived and those who died within 12 weeks as an indicator 

of severity of the patients’ sickness. 

Rifampicin pharmacokinetics 

Rifampicin pharmacokinetics was best characterized by a one-compartment 

disposition model with first-order elimination, and absorption described by a chain 

of transit compartments. The parameter values of the final model are shown in Table 

4.2. The model fit the data well as shown in the VPC in Figure 4.1. Apparent 

clearance (CL) and apparent volume of distribution (V) were allometrically scaled 

using FFM as a body size descriptor. Allometric scaling by FFM (difference in OFV, 

dOFV = -30, df = 2, p-value = <0.001) resulted in a more significant drop than 

scaling by total body weight (dOFV = -7.7, df = 2, p-value = 0.02). The typical CL 

and V values for a participant with the median FFM were 8.82 L/h and 56.8 L, 

respectively.  

Table 4.2: Final population pharmacokinetic parameter estimates for rifampicin, 

isoniazid and pyrazinamide 

Parameter Typical value (95% CI) a  [Shrinkage]  
Rifampicin Isoniazid Pyrazinamide 

Clearance (L/h) b  8.82 (8.10 – 

9.48) 

- 2.61 (2.48 – 2.75) 

Clearance of fast metabolizers (L/h) - 25.5 (22.7 – 

28.7) 

- 

Clearance of slow metabolizers 

(L/h) 

- 9.76 (8.28 – 

11.2) 

- 

Proportion of fast NAT2 

metabolizers (%) 

- 64.5 (54.4 – 

75.8) 

- 
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Volume of distribution (L) b  56.8 (53.9 – 

61.2) 

59.0 (54.7 – 

64.2) 

36.0 (34.4 – 37.9) 

Intercompartmental clearance, Q 

(L/h) 

- 1.43 (0.874 – 

2.14) 

- 

Peripheral volume, Vp (L) c  - 30.7 (25.9 – 

37.1) 

- 

Absorption rate constant, ka (h -1) 1.38 (1.04 – 

1.70) 

2.43 (1.80 – 

6.50) 

1.92 (1.53 – 2.59) 

Mean transit time, MTT (h) 0.342 (0.259 – 

0.534) 

0.442 (0.266 – 

0.781) 

0.379 (0.220 – 

0.566) 

No. of absorption transit 

compartments (.) 

12 fixed 8 fixed 4 fixed 

Bioavailability, F (%) 100 fixed 100 fixed 100 fixed 

% difference in mean absorption 

time (MAT) for  

hospitalized survivors d  

+49.9 (+2.80 – 

+80.9) 

- - 

% difference in MAT for 

hospitalized deaths d  

+154 (+63.9 – 

351) 

- - 

Exponent of power relationship 

between Clearance  

and conjugated bilirubin e  

-0.333 (-0.474 – -

0.194) 

- - 

Between-subject variability for 

clearance (BSVCL) (%) 

42.4 (37.3 – 

49.4) [7%] 

25.3 (17.2 – 

33.4) [24%] 

19.9 (13.2 – 25.0) 

[9%] 

Fold change in BSVCL for 

hospitalized survivors f  

- - 1.70 (1.26 – 2.65) 

Fold change in BSVCL for 

hospitalized deaths f  

- - 3.56 (1.64 – 6.53) 

Between-occasion variability (BOV) (%) for: 

Bioavailability 21.3 (16.4 – 

27.6) [41%] 

34.9 (26.6 – 

40.3) [31%] 

10.5 (4.13 – 15.1) 

[53%] 

Absorption rate constant, ka 119 (100 – 137) 

[32%] 

122 (84.0 - 186) 

[51%] 

75.3 (40.3 – 95.3) 

[59%] 

Mean transit time, MTT 93.8 (67.4 – 111) 

[49%] 

99.7 (45.9 – 

172) [57%] 

102 (61.9 – 145) 

[56%] 

Proportional error (%) 17.2 (14.9 – 

18.5) 

13.9 (12.0 – 

16.4) 

11.4 (7.59– 13.9) 

Additive error (mg/L) 0.0234 fixed g 0.021 fixed g 2.48 (1.47 – 3.44) 
a Values in parentheses are empirical 95% confidence intervals, obtained with a 500-sample 

nonparametric bootstrap   

b The values of CL/F and V/F were allometrically scaled, so the typical values reported here refer to 

the median body weight of 66 kg and the median FFM of 43 kg of the cohort included in the model.   

c The peripheral volume, Vp, was calculated from the estimated Vratio (Vc/Vp) and Vc. A prior of 2.02 

was included on Vratio with 30% uncertainity.   

d Patient status effect was modeled on ka and 1/MTT simultaneously using the same effect 

parameter, theta (θ). ka for hospitalized = TVka × θ; MTT for hospitalized = TVMTT / θ. Mean 
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absorption time = MTT+1/ka calculated for each group was 1.1 h for outpatients, 1.6 h for 

hospitalized survivors, and 3.2 h for hospitalized deaths.   

e Conjugated bilirubin (BRC) Effect on CL = ( BRC/median BRC) -0.333; CL = TVCL x BRC Effect on CL    

f BSVCL for hospitalized = BSVCL × fold change. i.e. BSVCL is 33.8% for hospitalized survivors and 

70.8% for hospitalized deaths.   

g The estimate of the additive component of the error was not significantly different from its lower 

boundary of 20% of LLOQ, so it was fixed to this value. 

 

No difference in CL or bioavailability was found between hospitalized 

survivors, hospitalized deaths, and outpatients. Nonetheless hospitalized patients, 

and even more so those who died in the first 12 weeks, were found to absorb 

rifampicin slower than outpatients (dOFV = -16.1, df = 2, p-value = <0.001). The 

effect of patient group (outpatients, hospitalized survivors and hospitalized deaths) 

was modelled on the absorption rate constant (ka) and 1/mean absorption time 

(MTT) simultaneously using the same effect parameter, theta (θ), as outlined in the 

formulae below. 

 
𝑀𝑇𝑇𝑔𝑟𝑜𝑢𝑝 =

𝑀𝑇𝑇𝑜𝑢𝑡𝑝𝑎𝑡𝑖𝑒𝑛𝑡𝑠

θ𝑝𝑎𝑡𝑖𝑒𝑛𝑡 𝑔𝑟𝑜𝑢𝑝 𝑒𝑓𝑓𝑒𝑐𝑡
  

 𝑘𝑎𝑔𝑟𝑜𝑢𝑝
= θ𝑝𝑎𝑡𝑖𝑒𝑛𝑡 𝑔𝑟𝑜𝑢𝑝 𝑒𝑓𝑓𝑒𝑐𝑡 ∙ 𝑘𝑎𝑜𝑢𝑡𝑝𝑎𝑡𝑖𝑒𝑛𝑡𝑠

  

Where 𝑀𝑇𝑇𝑜𝑢𝑡𝑝𝑎𝑡𝑖𝑒𝑛𝑡𝑠 is the typical mean transit time for the outpatients in hours, 

𝑀𝑇𝑇𝑔𝑟𝑜𝑢𝑝 is the mean transit time for hospitalized survived or hospitalized deaths 

group in hours, 𝑘𝑎𝑔𝑟𝑜𝑢𝑝
 is the absorption rate constant for hospitalized survivors or 

hospitalized deaths group in hour-1, and 𝑘𝑎𝑜𝑢𝑡𝑝𝑎𝑡𝑖𝑒𝑛𝑡𝑠  is the typical absorption rate 

constant for outpatients in hour-1. 

On average, hospitalized patients who survived had a mean absorption time 

(MAT) of 1.6 h (accounting for both MTT and ka), while the value was 2.7 h for 
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hospitalized patients who died in the first 12 weeks, compared to 1.1 h for 

outpatients. 

Additionally, we found that higher values of conjugated bilirubin (BRC) were 

correlated with lower values of rifampicin CL (dOFV = -17.3, df = 1, p-value = 

<0.001), according to the power relationship outlined below 

 
𝐶𝐿𝑖 = 𝐶𝐿𝑡𝑦𝑝𝑖𝑐𝑎𝑙 ∙ (

𝐵𝑅𝐶𝑖

𝐵𝑅𝐶𝑚𝑒𝑑𝑖𝑎𝑛 
)

𝛽𝐵𝑅𝐶

  

Where 𝐶𝐿𝑖 is the clearance for patient i, 𝐶𝐿𝑡𝑦𝑝𝑖𝑐𝑎𝑙 is the typical clearance, which is 

8.82 L/h, 𝐵𝑅𝐶𝑖 is the BRC for patient i, 𝐵𝑅𝐶𝑚𝑒𝑑𝑖𝑎𝑛 is the BRC median in all patients (6 

µmol/L) and 𝛽𝐵𝑅𝐶 is the exponent of power relationship between CL and BRC, 

estimated to be -0.333. The power function was a better fit for the relationship 

between BRC and CL compared to linear, piece-wise linear. The relationship is 

depicted in Figure 4.2. Both total bilirubin (BRT) and BRC were found to correlate 

significantly with CL; however, the two covariates (i.e. BRT and BRC) are highly 

positively correlated (r = 0.860), so only one of them was included in the final model. 

BRC was chosen over BRT because it resulted in a more significant drop in OFV. We 

tried incorporating saturation of elimination of rifampicin and the first-pass 

metabolism into the model. However, both models resulted in a marginal 

improvement of the fit. Therefore, we decided to keep the model more 

straightforward and not include either saturation or first-pass metabolism in the final 

model. Also, the inclusion of autoinduction of rifampicin clearance was tested in the 

model, but did not result in an improved fit for the data. 
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Figure 4.1: Visual predictive check (VPC) (n=1000) showing plasma drug 

concentration versus time after dose for the final models of each drug 

a) for rifampicin stratified by patient group; b) for isoniazid stratified by metabolizer 

status; c) for pyrazinamide stratified by patient group. The circles are the original 

observations; the solid line and the dashed lines are the median, 5th and 95th 

percentiles of the observed data; the shaded areas are the 95% confidence intervals 

of the same percentiles as simulated by the model. A suitably fitting model will have 

most of the observed percentiles within the simulated confidence intervals. 
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Figure 4.2: The relationship of rifampicin clearance vs the level of conjugated 

bilirubin using the power function.  

The red ticks represent the values of conjugated bilirubin observed in our cohort. 

The solid line represents the median and the shaded areas represent the 

uncertainty distribution around the effect due to the precision of parameter 

estimates. 

None of the biomarkers tested were found to correlate significantly to CL, 

except for the level of venous lactate and AST. However, the correlation between 

clearance and lactate or AST was less significant than the correlation with BRC, so 

only the effect of BRC was included in the final model. An effect for the formulation 

was found to be statistically significant (dOFV = -12.9, df =1, p-value < 0.001), with 

the individual tablets having 21.8% of the bioavailability of FDC. However, only two 

participants were on individual tablets (n = 2, 1.85%) instead of the FDC, one of 

whom vomited during the study. 
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Isoniazid pharmacokinetics 

A two-compartment disposition model with first-order absorption with a chain of 

transit compartments and first-order elimination proved to fit the data best. The final 

parameter estimates are shown in Table 4.2. A 2-compartment model was a better 

fit than the 1-compartment in terms of a significant drop in OFV, which was about 

42 points, and by a VPC, but the model was unstable and Vp could not be reliably 

estimated. To stabilize the estimate of the Vp, a prior was included on the Vratio 

(Vc/Vp) with a value of 3.728 with 30% uncertainty (Gausi et al. 2021). Allometric 

scaling of CL and Vc using FFM was used because it caused a more significant drop 

in the OFV of 24.9 points instead of weight which caused a drop of only 15.5 points. 

Mixture modelling was used to account for the differences in CL between fast and 

slow metabolizers in place of NAT2 genotype testing (dOFV = -15.5, df =2, p-value 

< 0.0005). The proportion of fast metabolizers was estimated to be 64.5%. The 

typical clearance values were estimated to be 25.5 L/h and 9.76 L/h for fast and slow 

metabolizers. A three-component mixture distinguishing into fast, intermediate, 

and slow metabolizers was examined but was not supported by the data. Figure 

4.1 includes a VPC for the final isoniazid model stratified by metabolizer type, 

indicating that the model fit the data well. Isoniazid pharmacokinetics were not 

different in hospitalized patients compared to outpatients. The final parameter 

estimates are shown in Table 4.2. 

Pyrazinamide pharmacokinetics 

A one-compartment disposition model with first-order elimination and first-order 

absorption with transit absorption compartments best fit the data. Allometry with 
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FFM was applied to CL and V (dOFV = - 32.6 points for FFM, better than total body 

weight, dOFV = -28.3). Final parameter values are displayed in Table 4.2. No 

significant differences were found in the CL, bioavailability, or absorption between 

hospitalized survivors, hospitalized deaths, and outpatients. The between-subject 

variability in CL was significantly higher among hospitalized patients, i.e. 20% for 

outpatients vs 33.8% for hospitalized patients who survived vs 70.8% for 

hospitalized patients who died within 12 weeks (dOFV = -27, df=2, p-value < 0.001). 

A VPC showing that the model correctly captures the data for pyrazinamide is shown 

in Figure 4.1. 

Neither the HIV status nor the CD4+ cell count influenced the 

pharmacokinetics of any of the three drugs. The effect of efavirenz co-administration 

(n = 9) was tested on the CL and bioavailability of all three drugs. No significant 

effect for the co-administration of efavirenz was found. 

The model-derived individual AUC0-24h and Cmax for all three drugs are shown 

in Table 4.3 and are represented graphically in Figure 4.3 in a box and whisker plots. 
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Table 4.3: Cmax and AUC0-24h for rifampicin, isoniazid, and pyrazinamide stratified into 

outpatients, hospitalized survivors, and hospitalized deaths 

 Median (1st - 3rd Quartile) 

 C max (mg/L) AUC 0-24h (mg.h/L) 

 Outpatients 
Hospitalized  

Survivors 

Hospitalized  

Deaths 
Outpatients 

Hospitalized  

Survivors 

Hospitalized  

Deaths 

Rifampicin 
8.05  

(6.77–9.48) 

7.41  

(5.52 – 9.15) 

7.23  

(5.83 – 8.00) 

65.8  

(52.9 – 83.1) 

69.1  

(38.8 – 86.8) 

71.2  

(58.7 – 102) 

Isoniazid 
3.62  

(2.55 – 4.31) 

4.12  

(2.75 – 5.05) 

3.45  

(2.46 – 4.06) 

13.4  

(8.90 – 24.6) 

15.0  

(9.51 – 22.2) 

15.1  

(7.71 – 39.3) 

Pyrazinamide 
45.4  

(42.7 – 50.0) 

48.3  

(40.7 – 53.6) 

53.8  

(43.8 – 62.4) 

580  

(522 – 637) 

610  

(459 – 727) 

738  

(586 – 1080) 
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Figure 4.3: Box and whisker plots of the model-derived individual Cmax and AUC0-24 

for the three drugs.  

The dots are individual values, and the whiskers represent the 2.5th and 97.5th 

percentiles. The dashed line represents the currently recommended minimum 

threshold: 8 mg/L for rifampicin, 3 mg/L for isoniazid, and 20 mg/L for 

pyrazinamide. The yellow shaded areas represent the exposure targets based on 

Stott et al. for rifampicin (Stott et al. 2018) and Daskapan et al. for isoniazid and 

pyrazinamide (Daskapan et al. 2019). This is only for visualization purposes; no 

statistical tests can be carried out here since dose amounts are not accounted for. 

Variability correlation across the three drugs 

The correlations of the remaining unexplained variability in clearance, 

bioavailability, AUC 0-24h and absorption among the three drugs were assessed and 

the results are shown in the correlation matrix in Figure 4.4. The equations used to 

calculate the unexplained variabilities for each parameter are shown below Figure 

4.4. Moderate correlations were found for all, except for absorption, which ranged 

between 68.4% - 84.6%. 
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Figure 4.4: Correlation matrix for the unexplained variability. 

a) clearance, b) bioavailability, c) area under the curve (AUC0-24h), and d) absorption 

between the three drugs. The correlation coefficient is shown in the lower panel. 

Only the variability from the main occasion was included (not the predose). 

Variability in clearance = BSVCL + BOVCL. Variability in bioavailability = BSVBIO + 

BOVBIO. Variability in AUC = BSVBIO + BOVBIO - BSVCL. Variability in absorption 

= BSVKA + BOVKA - BSVMTT - BOVMTT. 

 

Discussion: 

The main finding of our analysis is that the overall drug exposures for rifampicin, 

isoniazid, and pyrazinamide are similar between hospitalized TB/HIV patients who 

died with 12 weeks, hospitalized TB/HIV patients who survived and TB outpatients. 

For rifampicin, our model showed that absorption was slower in hospitalized 

patients, even slower among hospitalized patients who died within 12 weeks, and 
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that higher levels of bilirubin were associated with lower rifampicin clearance. For 

pyrazinamide, the between-subject variability in CL was higher among hospitalized 

patients, and higher among hospitalized patients who died compared to 

hospitalized patients who survived. While rifampicin absorption is slower in 

hospitalized patients, the bioavailability is similar between hospitalized who died, 

hospitalized who survived and outpatients, which indicates that intravenous 

rifampicin administration may be not be necessary for hospitalized TB patients. 

There are limited data comparing the pharmacokinetics of first-line anti-TB 

drugs between hospitalized patients and outpatients, especially during the first few 

days of starting treatment. A non-compartmental analysis (NCA) of the data from 

this pharmacokinetic study was published by Schutz et al. (Schutz et al. 2020). The 

NCA show that the overall exposures of all three drugs among hospitalized patients 

and outpatients were similar, which is in line with our findings. 

For all three models, we found allometric scaling by FFM to be better than by 

total body weight in capturing the differences in CL/F and V/F due to differences in 

body size. FFM is more physiologically plausible because it takes into account not 

just body size but also body composition (B. J. Anderson and Holford 2008). Since 

FFM is a more accurate predictor for CL/F and V/F, but dosing is done based on 

weight, patients with lower weights end up being more underexposed. This is 

supported by Muliaditan et al. (Muliaditan and Pasqua, n.d.), Rockwood et al. 

(Rockwood et al. 2016), and McIlleron et al. (Helen McIlleron et al. 2012) who have 

shown that patients with lower body weights are underexposed relative to patients 

with higher body weight. Therefore, we agree with their conclusions that the clinical 
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recommendation for the use of weight-banded dosing regimens should be 

reconsidered to take into account the variability in body size and composition. 

The pharmacokinetic parameters from our models for rifampicin, isoniazid 

and pyrazinamide were comparable to those from other similar studies (Wilkins et 

al. 2008; Denti et al. 2015; Wilkins et al. 2011; Maxwell T. Chirehwa et al. 2017; 

Wilkins et al. 2006). 

Rifampicin PK model 

The structural model we developed for rifampicin was similar to previously 

developed rifampicin models (Wilkins et al. 2008; Muda et al. 2022). However, CL 

values are lower in this analysis because autoinduction was not included in the 

model. Regarding the differences in absorption, published articles report that 

critically ill patients tend to have a more impaired absorption of drugs through a 

decreased barrier gut function and delayed gastric emptying, which lead to 

reduced perfusion of the gastrointestinal tract (Roberts and Hall 2013; Parsons 

1977; Blot, Pea, and Lipman 2014). We reason that only rifampicin’s absorption out 

of the three drugs was affected by these gastrointestinal changes because of 

rifampicin’s low solubility (Becker et al. 2009), whereas both isoniazid and 

pyrazinamide have high solubility according to the biopharmaceutics classification 

system (Becker et al. 2007, 2008). Rifampicin’s absorption is mainly from the 

stomach and proximal intestine (Mariappan and Singh 2003)  and is more likely to 

be easily affected by changes in the gastric pH (G. Acocella 1978). As a result, the 

Cmax for hospitalized patients tends to be lower than that of the outpatients, while 

the AUC0-24h does not seem to be affected as shown in Figure 4.3. A systemic review 
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by Muda et al. of rifampicin pharmacokinetic models concludes that the sources of 

variability in rifampicin’s pharmacokinetics are still not fully understood and could 

be due to factors such as drug-drug interactions, and different formulations (Muda 

et al. 2022). 

Rifampicin and its major metabolite are mostly excreted through the biliary 

tract, the same tract that excretes bilirubin. Therefore, higher bilirubin levels 

correlate with lower rifampicin clearances since bilirubin and rifampicin compete 

for the same elimination pathway (G. Acocella 1978; Lal et al. 1972). While marked 

differences have been reported in the rate and extent of absorption with different 

formulations (H McIlleron et al. 2002), only two patients in our study were on 

individual tablets, and one of them vomited during the study, therefore the effect of 

formulation was not included in the final model. Saturation of clearance and first-

pass metabolism have been reported previously for rifampicin (M T Chirehwa et al. 

2015). While there was no significant effect for either HIV status or efavirenz co-

administration, previous studies have reached contrasting results regarding both. 

Some studies found no significant difference in rifampicin concentrations (Helen 

McIlleron et al. 2012), while others found decreased rifampicin levels in HIV-positive 

TB patients (Daskapan et al. 2019; Jeremiah et al. 2014; Helen McIlleron et al. 2006). 

One meta-analysis study found lower plasma exposures for HIV-positive status for 

all first-line anti-TB drugs, however, the analysis only included children and 

adolescents (Gafar et al. 2023). Nevertheless, a meta-analysis by Stott et al.  

concluded that HIV positivity had no effect on rifampicin exposure (Stott et al. 2018). 
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Isoniazid PK model 

The estimated proportion of fast acetylators/metabolizers of 64.5% is in line with the 

proportion of fast/intermediate acetylators in South Africans from previous 

publications which ranges between 48% - 60% 39-41 (Mthiyane et al. 2020; Adams 

et al. 2003; Loktionov et al. 2002). In previously published pharmacokinetic studies 

in adults, isoniazid’s CL ranged between 22 and 26 L/h in fast metabolizers and 

between 10 and 16 L/h in slow metabolizers, which are similar to this study’s results 

(Denti et al. 2015; Wilkins et al. 2011). We opted for adding a prior on the ratio of 

the two volumes (Vc/Vp) instead of the Vp because this is expected to be more 

consistent across studies which may be characterized by different body size and/or 

differences in bioavailability. 

Inadequate exposure of isoniazid has been observed in fast metabolizers 

across the three patient groups as shown in Figure 4.3; the AUC0-24h levels on 

average were below the recommended targets. This effect has been previously 

reported by Sundell et al. (Sundell et al. 2020). 

Pyrazinamide PK model 

The values reported for the pyrazinamide model are in line with the values from 

previously published models. While there were no significant differences in 

pharmacokinetic parameters between the patient groups, we found a difference in 

the between-subject variability in CL (BSV-CL). The BSV-CL in outpatients was 19.9, 

33.8% among hospitalized patients who survived and 70.8% among hospitalized 

patients who died. The differences in variability could be explained by the severity 
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of the illness of the different patient groups. More critically sick patients have factors 

such as degree of hepatic impairment, sepsis that may lead to more variability. 

Variability correlation across the three drugs 

There was no strong correlation between the unexplained variability in clearance, 

AUC 0-24h, and bioavailability across the three drugs. The moderate correlation in the 

unexplained variability in absorption could be explained by the fact that most of the 

participants were taking an FDC formulation. Therefore, the factors affecting the 

tablet disintegration and dissolution e.g., manufacturing variables, and drug 

absorption, e.g., gastrointestinal contents, will be the same across the three drugs 

in any particular patient.  

One limitation of the study is that NAT-2 genotype testing was not carried out 

for the participants’ samples, but this was resolved by using a mixture model to 

assign each participant to either being a fast or a slow metabolizer. Another 

limitation is that blood samples were collected on the 3rd day (4th day for one 

hospitalized participant) of treatment, which did not allow for the inclusion of 

autoinduction of rifampicin’s clearance in the model. However, hospitalized patients 

are at substantial risk of death within 7 days of admission before autoinduction is 

established, so the exposures we report here are relevant for these patients. The 

models cannot be extended to TB patients who are hospitalized for other causes 

such as renal failure, liver failure, which could significantly alter the antitubercular 

drugs pharmacokinetics. The study design did not allow us to characterize the 

possible drug-drug interactions between antitubercular and antiretroviral drugs. 

However, our study cohort is representative of the general South African population 
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who gets hospitalized for tuberculosis, and the study was conducted on the 3rd day 

of treatment since those hospitalized patients are at a substantial risk of death 

withing 7 days of admission. Another limitation is that ethambutol concentrations 

were not determined, and we could not investigate if its pharmacokinetics was 

different in hospitalised patients. However, unlike the other three drugs which are 

bactericidal, ethambutol is a bacteriostatic drug that is mainly added to tuberculosis 

treatment regimens to prevent against the development of rifampicin resistance. 

For this reason, its contribution in the very first days of treatment is expected to be 

minimal. 

In summary, no important differences in any of the exposures of the three 

drugs: rifampicin, isoniazid, and pyrazinamide between hospitalized TB/HIV 

patients and TB outpatients were observed. The main findings of the analysis were 

that rifampicin’s absorption is slower in hospitalized patients (and slower in 

hospitalized patients who died compared to those who survived) and that patients 

with higher levels of bilirubin had lower rifampicin clearance. Pyrazinamide’s 

clearance was more variable among hospitalized patients (and more variable in 

hospitalized patients who died compared to those who survived). 
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Chapter 5 : Population Pharmacokinetic Analysis of 

Rifampicin in Plasma, Cerebrospinal Fluid, and Brain 

Extracellular Fluid in South African Children with 

Tuberculous Meningitis  

Abstract 

Background 

Limited knowledge is available on the pharmacokinetics of rifampicin in children 

with tuberculous meningitis (TBM) and its penetration into brain tissue, which is the 

site of infection. In this analysis, we characterize the distribution of rifampicin in 

cerebrospinal fluid (CSF), lumbar (LCSF) and ventricular (VCSF), and brain 

extracellular fluid (ECF).  

Methods 

Children with TBM were included in this pharmacokinetic analysis. Sparse plasma, 

LCSF, and VCSF samples were collected opportunistically, as clinically indicated. 

Brain ECF was sampled using microdialysis. Rifampicin was quantified with LC-

MS/MS in all samples, and 25-desacetyl rifampicin in the plasma samples. The data 

was interpreted with nonlinear mixed-effects modelling, with the CSF and brain ECF 

modelled as “effect compartments”. 

Results 

Data was available from 61 children, median (min-max) age 2 (0.3-10) years and 

weight 11.0 (4.8-49.0) kg. A one-compartment model for parent and metabolite 
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with first-order absorption and elimination via saturable hepatic clearance 

described the data well. Allometric scaling, maturation, and auto-induction of 

clearance were included. The pseudo-partition coefficient between plasma and 

LCSF/VCSF was ~5%, while the value for ECF was only ~0.5%, possibly reflecting 

low recovery of rifampicin using microdialysis. The equilibration half-life between 

plasma and LCSF/VCSF was ~4 hours and between plasma and ECF ~2 hours.  

Conclusion 

Our study confirms previous reports showing that rifampicin concentrations in the 

LCSF are lower than in plasma and provides novel knowledge about rifampicin in 

the VCSF and the brain tissue. Despite microdialysis being semi-quantitative 

because the relative recovery cannot be quantified, our study presents a proof-of-

concept that rifampicin reaches the brain tissue and that microdialysis is an 

attractive technique to study site-of-disease pharmacokinetics in TBM. 

Introduction 

Tuberculous meningitis (TBM) is the most severe manifestation of tuberculosis (TB) 

and results in high rates of death and disability. Children are among the most 

vulnerable populations and TBM remains the most common childhood meningitis 

in South Africa (Wilkinson et al. 2017). The WHO recommended regimen for TBM is 

the same as that for pulmonary tuberculosis (TB) but with a longer continuation 

phase (10 months for TBM vs 4 months for pulmonary TB) (World Health 

Organization 2014). Due to the poor blood-brain barrier penetration of anti-TB 

drugs, the TBM regimen probably results in suboptimal concentrations in the 

central nervous system (CNS) (Wilkinson et al. 2017). Drugs targeted at TBM should 
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cross several barriers to reach their site of action in the CNS. The systemic circulation 

is separated from the CNS by the blood-brain barrier (BBB) and the blood-

cerebrospinal fluid barrier (BCSFB). These barriers pose a therapeutic challenge by 

limiting entry of drugs into the CNS. Moreover, disease-specific changes in BBB 

permeability may have important implications for drug penetration into the brain 

(Nau, Sörgel, and Eiffert 2010). Recent reports including a report from South Africa 

investigated a shorter regimen with higher doses that proved successful (van Toorn 

et al. 2014) which led the WHO to include the short intensive regimen as an 

alternative in the latest update of their guidelines for TBM treatment in children 

(released 21 March 2022) (World Health Organization (WHO) 2022). 

Most TBM studies investigating CNS concentrations rely on lumbar CSF 

(LCSF) as a surrogate for anti-TB drug concentrations in the ventricular CSF (VCSF) 

and in the brain and for which repeated sampling cannot be performed. 

Microdialysis is a semi-invasive technique that uses a probe implanted in tissue, 

including the brain (Yamamoto, Danhof, and de Lange 2017). It enables continuous 

measurement of the unbound concentration of molecules in the interstitial 

compartment of the brain over time. As such, microdialysis enables sampling of the 

brain extracellular fluid (ECF) and provides complementary information on the drug 

distribution in the brain because repeated sampling can be performed 

(Mindermann, Zimmerli, and Gratzl 1998). However, when used to obtain brain ECF 

samples, it is only semi-quantitative because the extraction efficiency or relative 

recovery cannot be calculated (Ungerstedt and Rostami 2004). 
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Rifampicin is an important drug in the treatment of TBM owing to its potent 

antimicrobial effect (Gumbo et al. 2007). Following oral administration, rifampicin is 

readily absorbed, but administration with food makes absorption variable. After 

absorption, rifampicin enters the hepatoportal system, where it is converted 

primarily to 25-desacetyl rifampicin and mainly eliminated in the bile (Gianni 

Acocella 1983). Rifampicin induces its own clearance, with clearance approximately 

doubling after 2 weeks due to this autoinduction effect. Saturable elimination has 

been reported for rifampicin at higher doses due to saturation of the biliary 

transport mechanisms (R. J. Svensson et al. 2018; M T Chirehwa et al. 2015). 

Rifampicin is widely distributed throughout the body and its plasma protein binding 

is about 80%, with most of the unbound fraction not ionized and diffusing freely into 

tissues (G. Acocella 1978). However, due to its lipophilicity and high molecular 

mass, rifampicin’s CSF penetration is suboptimal, particularly when meningeal 

inflammation is resolving (Kaojarern et al. 1991; Nau, Sörgel, and Prange 1994). 

Therefore, sampling brain compartments closest to the site of infection would 

provide useful information. In children, factors such as maturation of enzymes, body 

size, nutritional status, and disease severity affect children’s ability to absorb, 

metabolize, and eliminate the drug (Brian J. Anderson and Holford 2009). 

The objective of this study was to develop a population pharmacokinetic (PK) 

model for the characterization of rifampicin in plasma, LCSF, VCSF, and brain ECF 

for children diagnosed with definite or probable TBM. Additionally, simulations 

were performed to compare rifampicin exposures from the current and former 

WHO recommended dosing regimens. 
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Methods 

Study participants 

Children presenting to the Red Cross War Memorial Children’s Hospital with 

definite or probable TBM were enrolled between January 2017 and September 

2019. They were enrolled regardless of how long they have been on rifampicin-

based treatment. All patients were managed according to standard institutional 

protocol (A. A. Figaji and Fieggen 2010) and no procedures were carried out for 

research. The patients were categorized into two groups: (i) patients who 

underwent neurosurgical procedures to manage TBM hydrocephalus (HCP) and (ii) 

patients who presented with lowered levels of consciousness, had invasive 

monitoring with microdialysis (MD), and had placement of external ventricular drain 

(EVD) that was part of the institutional protocol for urgent decrease of intracranial 

pressure. Brain microdialysis was used in critically ill patients to guide therapy based 

on changes in brain chemistry due cerebral ischemia (A. A. Figaji and Fieggen 

2010). Further details about the clinical use of microdialysis are included in the 

supplementary material. Remnant ECF fluid (after bedside clinical analysis was 

performed) was frozen at -80 °C and used for rifampicin assays. Ethical approval was 

obtained from the University of Cape Town human research ethics committee 

(HREC 564/2012 and 070/2018). Hospital clearance was obtained from the Western 

Cape Department of Health. In addition, the parents or legal guardians of all 

participants provided informed consent on their behalf.  



124 

 

Drug administration 

All TBM patients were treated according to the Western Cape regimen that is 

typically used in South Africa which consists of rifampicin (20 mg/kg), isoniazid (15-

20 mg/kg), pyrazinamide (40 mg/kg), and ethionamide (20 mg/kg) for 2 months 

followed by a 4-months continuation phase of rifampicin and isoniazid, according 

to weight-band based dosing. A hospital nurse administered the anti-TB drugs 

orally or via nasogastric tube.  

Sample collection 

Plasma: Three serial blood samples (0.6 mL) were drawn on a single day in the first 

and second week, and where possible at 2-, 4-, and 6-hours post-dose.  

Lumbar and Ventricular CSF: Clinically indicated CSF samples were collected at 

random time points, from procedures in published protocols (A. A. Figaji and 

Fieggen 2010), up to 24 hours post-dose into sterile 15-mL tubes and kept on ice. 

Ventricular CSF samples were taken either at placement of a ventriculoperitoneal 

shunt or an external ventricular drain, or when clinically indicated from an indwelling 

external ventricular drain. Lumbar CSF samples were taken either as a diagnostic 

procedure or for medical therapy of raised intracranial pressure related to 

hydrocephalus. 

Brain ECF using microdialysis technique: A microdialysis catheter with a 100-kDa 

membrane was placed concurrently with the primary ventricular drain and monitor 

into the same region (usually right frontal white matter) or sometimes on the side 

where hypodensity was more prominent on the initial head computed tomography 

scan. Microdialysis vials were changed at hourly intervals and analysed at the 
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bedside for clinical purposes. As microdialysis volumes are typically small, remnant 

hourly samples were pooled over 2–3-hour epochs to ensure sufficient volumes for 

analysis. Concentrations of substances in the microdialysate are a percentage of the 

true concentrations in the ECF and not absolute concentrations. This percentage is 

termed relative recovery. More details on sample collection and bedside protocols 

can be found in the Supplementary material. 

Drug quantification 

Total rifampicin was assayed in all samples: plasma, lumbar CSF, ventricular CSF, 

and brain ECF. Additionally, rifampicin ’s primary metabolite, 25-desacetyl 

rifampicin, was assayed in the plasma samples. High performance liquid 

chromatography with tandem mass spectrometry detection methods were 

developed and validated at the Division of Clinical Pharmacology, University of 

Cape Town for the assays. The method was validated over the ranges 0.117–30.0 

µg/mL for rifampicin and 0.0391–10.0 µg/mL for 25-desacetyl-rifampicin in plasma, 

and 5 to 2500 ng/mL for the rifampicin in CSF and ECF assay. A more detailed 

description of the analytical methods can be found in the Supplementary material. 

Population PK analysis 

A population pharmacokinetic model was developed to describe rifampicin 

pharmacokinetics in plasma, CSF, and brain ECF using nonlinear mixed-effects 

modelling in NONMEM® 7.5.0 and the algorithm first-order conditional estimation 

with eta-epsilon interaction (FOCE-I). Pirana was used for model management, and 

Perl-speaks-NONMEM (PsN) 4.9.0 and R 4.0.3 were used for post-processing 

NONMEM® results and generating figures (Keizer, Karlsson, and Hooker 2013). 
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Modelling was done sequentially, first developing the joint parent-metabolite 

model in plasma, including variability and residual error, then developing a full 

model incorporating the CSF and brain ECF observations, while fixing the 

population parameter estimates for the plasma joint model.  

Rifampicin in plasma joint parent-metabolite model: Previously published 

rifampicin models in children with pulmonary TB by Denti et al. (Denti et al. 2021) 

and Zvada et al. (Zvada et al. 2014) were used as a starting point for modelling the 

rifampicin in plasma data. Thereafter, the parent PK model was extended to include 

the metabolite. From this data, it is not mathematically possible to estimate both the 

fraction of parent drug converted to metabolite (𝐹𝑀) and the volume of distribution 

of metabolite (𝑉𝑀) simultaneously (i.e., the model is structurally unidentifiable). In 

order to solve this identifiability issue, two methods were tested: the first was to 

assume that the parent is fully converted to the metabolite, the second was to 

assume that the volume of distribution of the metabolite is equal to that of the 

parent. 

Therefore, 𝐹𝑀 was fixed to 1 and the 𝑉𝑀 and clearance of metabolite (𝐶𝐿𝑀) 

were estimated. A correction factor was included in the model to adjust for the 

difference in molecular weight at the conversion of rifampicin (822.94 g/mol) to 25-

desacetyl rifampicin (780.90 g/mol). Since rifampicin and its metabolite were 

quantified simultaneously, a correlation of measurement error factor was included. 

Rifampicin in CSF and brain model: The concentrations obtained from the 

LCSF, VCSF, and brain ECF were modelled using three separate “effect 

compartments” in a manner as described in  
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 𝑑𝐶𝐸𝑓𝑓

𝑑𝑡
= 𝑘𝑝𝑙𝑎𝑠𝑚𝑎−𝐸𝑓𝑓 ∙ (𝑃𝑃𝐶 ∙ 𝐶𝑝𝑙𝑎𝑠𝑚𝑎 − 𝐶𝐸𝑓𝑓) 

 

where 𝑘𝑝𝑙𝑎𝑠𝑚𝑎−𝐸𝑓𝑓 is the first-order equilibration rate constant between 

rifampicin in the central compartment (i.e., plasma) and the effect compartment, 

and it can also be expressed as equilibration half-life. 𝑃𝑃𝐶 is the pseudo-partition 

coefficient which describes the extent of partitioning or penetration of rifampicin 

between the plasma and each of the effect compartments. 𝐶𝑝𝑙𝑎𝑠𝑚𝑎 is the predicted 

rifampicin concentration in plasma at time 𝑡. 𝐶𝐸𝑓𝑓 is the concentration in the effect 

compartment. Effect compartments are assumed to have a negligible volume 

compared to the central compartment, with negligible drug transfer between the 

two compartments. 

The effects of CSF and plasma albumin, CSF total protein, CSF glucose, and 

CSF:plasma albumin ratio were tested as covariates on the 𝑃𝑃𝐶, as well as the effects 

of body weight, age, weight-for-age z-score, duration of rifampicin treatment, and 

route of administration (oral vs nasogastric tube) on the plasma model parameters. 

More details regarding the population pharmacokinetic modelling in the 

supplementary material. 

Simulations 

Simulations were done in Berkeley Madonna version 10.1.2 using the final model to 

simulate rifampicin exposures in the different matrices for the typical TBM paediatric 

patient in the cohort. For all matrices, concentration-time profiles were simulated 

and areas under the concentration-time curve (𝐴𝑈𝐶0−24ℎ) were calculated. 

Additionally, Monte-Carlo Simulations were carried out in NONMEM to compare 

rifampicin exposures following administration according to the newly released 
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updated WHO dosing guidelines on 21 March 2022 (World Health Organization 

(WHO) 2022) vs. the previous WHO guidelines, in addition to comparing exposures 

on the first day of rifampicin treatment vs at steady-state. The 𝐴𝑈𝐶0−24ℎwas 

compared for all weight bands for the updated dosing guidelines using the virtual 

pediatric population in Wasmann et al. (Wasmann et al. 2021). Simulations were 

repeated 10,000 times. 

Results 

Data 

A total of 61 children were enrolled in the study. The median age, weight and 

weight-for-age z-score were 2 (0.3 - 10) years, 11 (4.8 - 49) kg, and -1.23 (-4.97 – 

2.44), respectively. Height was missing in 25/61 (41%) of the children. The median 

duration on rifampicin treatment was 4 (0 – 72) days. A summary of the baseline 

patient characteristics is shown in  Figure 5.1. A total of 307 samples were available, 

91 plasma (8 BLQ, 8.4%), 84 lumbar CSF (13 BLQ, 14.8%), 53 ventricular CSF (8 BLQ, 

16.0%), and 79 brain ECF (17 BLQ, 21.5%).  
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Table 5.1: Baseline participant characteristics in the Red Cross study 

 
Median (min - max) or no. (%) of 

subjects given 

 Total (N = 61) 

Sex: Females / Males 32 (52.5%) / 29 (47.5%) 

Age (years) 2 (0.3 – 10) 

Weight (kg) 11 (4.8 – 49) 

Weight-for-age z-score a -1.23 (-4.97 – 2.44) 

Height b (cm) 81 (61 – 131) 

Height-for-age z-score a,b -0.996 (-7.12 – 1.74) 

Days since start of treatment (days) 4 (0 – 72) 

Dose per body weight (mg/kg) 18.0 (9.38 – 22.5) 

a The WHO and CDC tables were used for the calculation of the z-scores 
b Height and height-for-age z-scores were missing for 25/61 (41.0%) participants 
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Population PK analysis 

The schematic representation of the final structural model is depicted in Figure 5.1. 

 

Figure 5.1: Schematic representation of the final model. 

𝐶𝐿𝐻, hepatic clearance; 𝐶𝐿𝑀, metabolite clearance; 𝑘𝑃−𝐸, equilibration rate constant 

plasma-brain extracellular fluid; 𝑘𝑃−𝐿, equilibration rate constant plasma-lumbar 

cerebrospinal fluid (CSF); 𝑘𝑃−𝑉, equilibration rate constant plasma-ventricular CSF; 

𝑄𝐻, hepatic flow rate 

Rifampicin in plasma joint parent-metabolite model: The final parent-

metabolite model is a 1-compartment disposition model with transit compartments 

absorption with the absorption rate constant, ka, fixed to be equal to the first-order 

transit rate constant (ktr) to simplify the model. Elimination was characterized with 

saturable hepatic clearance. The effect of body size on the disposition parameters 

of both the parent and the metabolite (𝐶𝐿𝑖𝑛𝑡, 𝑉, 𝐶𝐿𝑀, and 𝑉𝑀) was included in the 

model using allometric scaling by weight as suggested by Anderson and Holford 

(B. J. Anderson and Holford 2008). This improved the model fit as shown by the 
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drop in OFV of 40 points. Allometric scaling using fat-free mass (FFM) was not tested 

since the height was missing for 41% of the participants. The effect of age on 

clearance was included by incorporating a maturation factor (𝑀𝐹); a 𝑀𝐹 as defined 

by Anderson and Holford (Brian J. Anderson and Holford 2009) was added to the 

clearance as well since allometry alone cannot account for the differences in 

clearance between children and adults. 

Estimates from Denti et al. (Denti et al. 2021) were used as priors to guide the 

estimation of 𝐶𝐿𝑖𝑛𝑡,𝑚𝑎𝑥, 𝑉,  saturation and maturation of clearance and bioavailability 

parameters, while estimates from Chirehwa et al. (M T Chirehwa et al. 2015) were 

used as priors for the autoinduction of clearance (𝐶𝐿𝑖𝑛𝑡,𝑚𝑎𝑥
𝑆𝑆 /𝐶𝐿𝑖𝑛𝑡,𝑚𝑎𝑥

0  and 𝐼𝑁𝐷50). 

The uncertainty for all priors was 10%, except for 𝐶𝐿𝑖𝑛𝑡,𝑚𝑎𝑥 and 𝑉, which was 30%. 

The prior values used are shown in Table 2 footnotes. Uninformative priors, which 

carry the lowest weight or influence but still allow for good estimation, were used 

for between-subject variability in clearance. A metabolite compartment was added, 

where 𝐹𝑀 was fixed to the reference value of 1 to make the model identifiable. The 

between-subject variability (𝐵𝑆𝑉) in 𝐶𝐿𝑀 (𝐵𝑆𝑉𝐶𝐿𝑀) was 100% correlated with the 

𝐵𝑆𝑉 in clearance. Thus, subjects were assumed to have the same random effect for 

both clearance and 𝐶𝐿𝑀, then 𝐵𝑆𝑉𝐶𝐿𝑀 was inflated by a factor that was estimated 

to be 2.92 as follows: 𝐵𝑆𝑉𝐶𝐿𝑀 =  𝐵𝑆𝑉𝐶𝐿. 𝑓𝑎𝑐𝑡𝑜𝑟. Therefore, allowing for more 

variability in 𝐵𝑆𝑉𝐶𝐿𝑀. The effect of nasogastric tube administration was not 

statistically significant. The final parameter estimates are shown in Table 5.2. 
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Table 5.2: Final population pharmacokinetic parameter estimates for rifampicin 

Parameter Typical value (95% CI) a 

Plasma (parent) parameters  

Volume of distribution of plasma, 𝐕 (L)b 18.2 (15.7 – 23.0) 

Mean transit time, 𝐌𝐓𝐓 (h)c 0.251 Fixed 

No. of absorption transit compartments, 𝐍𝐍 (_) 0.269 (0.037 – 0.556) 

Saturation of clearance   

Michaelis-Menten constant, 𝐊𝐦 (mg/L)d 9.03 (7.45 – 11.2) 

Hepatic volume of distribution, 𝐕𝐇 (L)e 1 Fixed 

Hepatic blood flow, 𝐐𝐇 (L/h)e 90 Fixed 

Unbound fraction, 𝐟𝐮 (_) 0.2 Fixed 

Clearance autoinduction  

Intrinsic clearance at steady-state, 𝐂𝐋𝐢𝐧𝐭,𝐦𝐚𝐱
𝐒𝐒  (L/h)b 34.8 (27.3 – 43.1) 

𝐂𝐋𝐢𝐧𝐭,𝐦𝐚𝐱
𝐒𝐒  / Intrinsic clearance at baseline (𝐂𝐋𝐢𝐧𝐭,𝐦𝐚𝐱

𝟎 ) (_)f 1.60 (1.35 – 1.90) 

Induction half-life, 𝐈𝐍𝐃𝟓𝟎 (days)f 4.53 (3.69 – 5.52) 

Maturation of clearance  

Postmenstrual age when maturation reaches 50%, 𝐓𝐌𝟓𝟎 

(months)d 
12.2 (10.1 – 14.4) 

Shape factor for maturation, 𝐇𝐢𝐥𝐥 (_)d 3.29 (2.73 – 3.97) 

Bioavailability, 𝐅 (_) 1 Fixed 

Maturation of F  

𝐅 at birth (_)d 0.642 (0.544 – 0.776) 

Age at which 𝐅 reaches full maturation, 𝐀𝐠𝐞𝐅𝐮𝐥𝐥 𝐅 (years)d 2.80 (2.26 – 3.43) 

Between-subject variability in 𝐂𝐋𝐢𝐧𝐭,𝐦𝐚𝐱 (%) 46.3 (32.6 – 59.5) 
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Between-occasion variability in 𝐅 (%) 34.9 (26.2 – 44.7) 

Between-occasion variability in 𝐌𝐓𝐓 (%) 179 (66 - 245) 

Proportional error, parent (%) 33.8 (20.8 – 31.7) 

Additive error, parent (mg/L) g 0.023 Fixed 

Plasma (metabolite) parameters  

Volume of metabolite compartment, 𝐕𝐌 (L) 7.76 (4.14 – 11.7) 

Clearance of metabolite, 𝐂𝐋𝐌 (L/h) 13.7 (8.56 – 20.5) 

Fraction of parent drug metabolized, 𝐅𝐌 (_) 1 Fixed 

Factor for Between-subject variability in 𝐂𝐋𝐌 (-fold)  2.92 (2.48 – 3.65) 

Proportional error, metabolite (%) 48.6 (40.1 – 60.3) 

Additive error, metabolite (mg/L) g 0.008 Fixed 

Correlation between errors parent metabolite (%) 85.7 (75.8 – 91.8) 

a Values in parentheses are the 95% confidence interval, computed with sampling importance 

resampling (SIR) on the final model. SIR was done sequentially; first for the plasma model then for 

the effect compartments model, while fixing the plasma model parameter estimates. 

b The disposition parameters, 𝐶𝐿𝑖𝑛𝑡,𝑚𝑎𝑥 , 𝑉, 𝐶𝐿𝑀, and 𝑉𝑀, were allometrically scaled by weight, and 

the values reported here refer to an 11-kg participant (the median weight in the cohort). Priors from 

Denti et al. (Denti et al. 2021) with typical values of 8.58 L/h for 𝐶𝐿𝑖𝑛𝑡,𝑚𝑎𝑥
𝑆𝑆  and 17.3 L for 𝑉 were used 

with 30% uncertainty. 

c The value of MTT was estimated from the data, but was fixed in the final runs to improve the model 

stability. 

d Priors from Denti et al. (Denti et al. 2021) were used with 10% uncertainty. The values of the priors 

were 12.48 months for 𝑇𝑀50, 3.22 for 𝐻𝑖𝑙𝑙, 0.655 for F at birth, and 2.72 years for AgeFull F. 

e These values refer to a 70-kg adult and were scaled allometrically with weight. 

f Priors from Chirehwa et al.  with typical values of 2 for 𝐶𝐿𝑖𝑛𝑡,𝑚𝑎𝑥
𝑆𝑆  / Clearance at baseline (𝐶𝐿𝑖𝑛𝑡,𝑚𝑎𝑥

0 ) 

and 4.5 days for 𝐼𝑁𝐷50 were used with 10% uncertainty. 

g The estimate of the additive component of the error was not significantly different from its lower 

boundary of 20% of LLOQ, so it was fixed to this value. 
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Rifampicin in CSF and brain model: Rifampicin concentrations in the CSF 

and brain ECF were linked to the plasma concentrations using pseudo-partition 

coefficients (𝑃𝑃𝐶) of 4.08% for the lumbar and ventricular CSF and 0.459% for brain 

ECF, and equilibration rate constants of 0.176 hours-1 for CSF and 0.353 hours-1 for 

ECF, which correspond to equilibration half-lives of 3.94 hours for CSF and 1.96 

hours for ECF. It was not statistically significant to include in the model separate 

pseudo-partition coefficients and equilibration rate constants for each of lumbar 

CSF and ventricular CSF separately. It is important to note that while the typical 

population 𝑃𝑃𝐶 value was the same for both lumbar and ventricular CSF, however, 

on an individual level, each participant had a different 𝑃𝑃𝐶 for lumbar and 

ventricular CSF.   

The effect of CSF albumin, CSF total protein, and ratio of CSF:plasma albumin 

on the 𝑃𝑃𝐶 were not statistically significant. The albumin and total protein values 

are shown in Table S5.1 in the Supplementary Material. Figure 5.2 shows the VPC 

of the final model.  

Table 5.3: Final population pharmacokinetic parameter estimates for rifampicin for 

the effect compartments 

Effect compartment model  

Pseudo-partition coefficient for lumbar CSF and ventricular CSF, 

𝑷𝑷𝑪𝑷−𝑳𝑽 (%) 
4.60 (3.77 – 5.24) 

Pseudo-partition coefficient for brain ECF, 𝑷𝑷𝑪𝑷−𝑬 (%) 0.435 (0.175 – 0.714) 

Equilibration rate constant for lumbar CSF and ventricular CSF 

(𝒉−𝟏) a 
0.163 (0.122 – 0.206) 

Equilibration rate constant for brain ECF (𝒉−𝟏) b 0.330 (0.221 – 0.580) 

Between-subject variability in 𝑷𝑷𝑪𝑷−𝑳𝑽 (%) 21.6 (4.00 – 27.9) 
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Between-subject variability in 𝑷𝑷𝑪𝑷−𝑬 (%) 114 (–82.9 - 155) 

Proportional error, lumbar CSF (%) 78.6 (72.2 – 98.0) 

Additive error, lumbar CSF (mg/L) c 0.001 Fixed 

Proportional error, ventricular CSF (%) 55.4 (44.4 – 75.5) 

Additive error, ventricular CSF (mg/L) c 0.001 Fixed 

Proportional error, brain ECF (%) 51.1 (40.6 – 69.4) 

Additive error, brain ECF (mg/L) c 0.001 Fixed 

a The equilibration rate constant corresponds to an equilibration half-life of 4.23 hours for lumbar 

CSF and ventricular CSF. 

b The equilibration rate constant corresponds to an equilibration half-life of 2.09 hours for the brain 

ECF. 

c The estimate of the additive component of the error was not significantly different from its lower 

boundary of 20% of LLOQ, so it was fixed to this value. 

 

 

Figure 5.2: Visual predictive check (log scale) for the final model stratified by matrix. 

The lower, middle, and upper solid lines are the 2.5th, 50th, and 97.5th percentiles 

of the observed concentrations. The shaded areas are the 95% confidence intervals 

for the same percentiles. The circles represent the observed concentrations. 

Simulations 

The typical child with TBM in this cohort was 2 years old and weighed 11 kg. 

According to the short intensive regimen in the 2022 WHO guidelines (World 

Health Organization (WHO) 2022), this child would receive 4 HR 50/75 dispersible 
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tablets (i.e., total dose of rifampicin is 300 mg, 27.3 mg/kg) vs. 3 tablets of RHZ 

60/30/150 (i.e., total dose of rifampicin is 180 mg, 16.4 mg/kg) according to the 

2014 WHO guidelines. The simulated typical concentration-time profiles in plasma, 

lumbar and ventricular CSF, and brain ECF are presented in Figure 5.4, in which we 

can see that with the newer regimen, the exposures in both plasma and CSF are 

higher, which is particularly important in TBM since it is important to attain high 

exposure early in treatment. Figure 5.4 shows the simulated exposure in terms of 

𝐴𝑈𝐶0−24ℎ for the same compartments. Figure 4.3in the supplementary shows the 

simulated 𝐴𝑈𝐶0−24ℎ for plasma, CSF, and ECF across all weight bands.  

 

 

Figure 5.3: Simulated typical concentration-time profiles for the typical participant 

(11 kg and 2 years of age).  

a) plasma, b) lumbar and ventricular cerebrospinal fluid, and c) brain extracellular 

fluid Please note that true rifampicin concentrations in the brain tissue are unknown 

as relative recovery cannot be calculated) shown for the 2014 WHO regimen and 

the 2022 WHO short intensive TB meningitis regimen, as well as for the first-dose vs 

the steady-state. The dashed lines represent the MIC levels of 0.2 and 0.4 mg/L 

(Rastogi, Labrousse, and Goh 1996). 

 



137 

 

 

 

Figure 5.4: Expected exposures in terms of area under the curve (AUC0−24h) for the 

typical participant (11 kg and 2 years of age). 

 a) plasma, b) lumbar and ventricular CSF, and c) brain ECF (Please note that true 

rifampicin concentrations in the brain tissue are unknown as relative recovery cannot 

be calculated) for the 2014 WHO regimen and the 2022 WHO short intensive TB 

meningitis dosing recommendations, as well as, for the first-dose vs the steady-

state. The box represents the median and interquartile range, and the whiskers 

correspond to the 5th and 95th percentiles.  

Discussion 

In this study, we characterised the pharmacokinetics of rifampicin in in plasma, 

lumbar and ventricular CSF, and brain ECF children with TBM. The population 

equilibration delay was 4 hours between plasma and lumbar as well as ventricular 

CSF and was 2 hours between plasma and brain ECF. As described by the 𝑃𝑃𝐶, the 

extent of rifampicin’s penetration was 5% for the lumbar and ventricular CSF and 

0.4% for the brain ECF. Importantly, our study is the first to report ventricular and 

ECF, which significantly adds to the limited knowledge available on rifampicin’s 

distribution into the central nervous system. These sites are more likely to reflect 

drug concentrations at the site of TBM infection than the plasma and lumbar (spinal) 
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CSF, of previously published pharmacokinetic models, and therefore extend our 

understanding of rifampicin exposure in the brain. Increasing evidence from 

protein, inflammatory mediator, and transcriptomic data suggests that spinal CSF 

and ventricular (brain) CSF are different (Rohlwink et al. 2019, 2017), in part perhaps 

because of the frequency of spinal disease in TBM patients that may affect CSF 

dynamics (Rohlwink et al. 2016) but also potentially because of barrier permeability 

differences between brain and spinal cord capillaries.  

Recognizing the limits of spinal CSF to study brain penetration of drugs, the 

use of microdialysis to interpret drug concentrations in the brain is reported as a 

gold standard technique for quantitative and time-resolved analysis of brain PK 

studies (Elizabeth C.M. De Lange 2013). However, the interpretation of drug 

concentrations using microdialysis has some limitations. First, it is difficult to 

determine the relative recovery rate in the microdialysate from tissue ECF, i.e., what 

percentage of the actual concentration in the tissue is retrieved in the MD samples. 

Second, TBM is characterized by perfusion differences due to variable small and 

large vessel disease; therefore, distribution of drug in the brain may be highly 

variable (Rohlwink et al. 2016; Ruiz-Bedoya et al. 2022). Nevertheless, our recovery 

of rifampicin in the brain ECF provides proof-of-concept that rifampicin does 

penetrate the brain tissue – its targeted site of action in paediatric TBM patients. 

Furthermore, under static conditions, the method provides the first demonstration 

of repeated measures of rifampicin in the brain, i.e., the relative values provide 

multiple measures in a single patient over several timepoints post-dose. The 

simulations show that the short-intensified regimen recently included in the 2022 
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WHO operational handbook provides drug exposures that are higher and more 

equal across the different weight bands. 

The difference in the plasma-brain ECF and plasma-CSF equilibration rate 

could be attributed to changes in CSF volume which may affect pressure 

equilibrium and the concentration gradient between brain and CSF (E.C.M. de 

Lange 1997). Furthermore, previous simulations showed that a change in CSF 

dynamics changed the CSF pharmacokinetic profiles but not necessarily the brain 

ECF profiles regardless of the drug’s physiochemical properties (Saleh et al. 2021). 

Pathologically, CSF dynamics will be affected by hydrocephalus, where CSF volume 

in the ventricles is larger (which will affect dilution of drug entering through the 

choroid plexus or brain interstitium) and spinal subarachnoid disease (which will 

affect circulation between brain and spinal CSF) (Saleh et al. 2021). Finally, 

differences in the blood-spinal cord barrier (compared to the blood brain barrier) 

(Chopra et al. 2021) and the influence of reduced CSF flow on permeability must 

also be taken into account (Hansotto Reiber 2003). Collectively, these findings 

reiterate that caution must be applied when interpreting lumbar CSF as a proxy for 

brain ECF concentrations in CNS diseases (Saleh et al. 2021).  

Due to the sparseness of the plasma data collected, priors from previous 

models(M T Chirehwa et al. 2015; Denti et al. 2021) were used to stabilize the 

estimation of the plasma model’s parameter estimates. 𝐶𝐿𝑖𝑛𝑡,𝑚𝑎𝑥 is somewhat lower 

than the values from Denti et al. (Denti et al. 2021), Garcia-Prats et al. (Opti-Rif trial) 

(Garcia-Prats et al. 2021), and Zvada et al. (Zvada et al. 2014) in South African 

children with pulmonary tuberculosis. This could be attributed to the fact that 
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children with TBM are typically sicker than those with pulmonary TB, and particularly 

the children in this study cohort who were mostly in ICU and had hydrocephalus 

requiring intervention. In addition to surgical interventions, critically ill patients have 

pathophysiological changes that may affect drug pharmacokinetics (Blot, Pea, and 

Lipman 2014). The plasma and CSF concentrations obtained in our cohort are 

similar to those from studies in children with TBM receiving doses between 15-20 

mg/kg (Donald 2010; Panjasawatwong et al. 2020). In the study by Panjasawatwong 

et al. (Panjasawatwong et al. 2020) in children with TBM, the pseudo-partition 

coefficient estimated was 17% vs 4% in our model. In their model, the lumbar CSF 

observations were modelled as a CSF compartment linked to the plasma 

compartment, with a (E. M. Svensson et al. 2020) Their model relies on an empirical 

formula to calculate the CSF compartment volume.  We get around the need to 

estimate a CSF volume by modelling the CSF as an effect compartment. Svensson 

et al. (34) and Savic et al. (35) have published models in adults with TBM, where the 

pseudo-partition coefficients and equilibration half-lives were 5% and 2 hours and 

8% and 6 hours, respectively. In addition, in previously published animal models, 

the brain tissue:plasma rifampicin concentrations ratios were reported to be 

between 0.02 - 0.05 (Ruiz-Bedoya et al. 2022; Tucker et al. 2018). Both studies found 

the rifampicin CSF concentrations to be lower than those in the brain tissue/lesion. 

However, comparing ECF concentrations to either the plasma or the CSF in our 

study should be cautiously interpreted since the absolute concentrations in the 

brain ECF samples obtained with MD cannot be calculated. Levels of CSF protein 

or albumin are expected to correlate with the pseudo-partition coefficient, since 
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these are often considered markers of the degree of inflammation of the blood-

brain barrier and hence its permeability to drugs. Svensson et al. (E. M. Svensson et 

al. 2020) found a linear relationship between the CSF protein level and rifampicin 

penetration into the lumbar CSF; with each 10-fold change in protein levels, the 

penetration coefficient increases by 63%. In Panjasawatwong et al. 

(Panjasawatwong et al. 2020), there is an exponential relationship between CSF 

protein concentration and the PC where an increase of 1 g/L in CSF protein 

concentration resulted in a 1.28-fold increase in PC. In our analysis, we did not find 

a significant effect for either the levels of albumin or total protein, which could be 

due to fewer samples and narrower range of CSF protein values in our cohort. 

However, we previously demonstrated differences in biomarkers, inflammatory 

mediators and differential gene expression in time-linked samples in patients with 

TBM. Combined with the recognition that reduced spinal CSF may increase protein 

concentrations in spinal CSF compared to ventricular CSF (Hansotto Reiber 2003), 

these factors may contribute to the explanation of lack of effect. 

Both strengths and limitations in our study are related to the use of 

microdialysis sampling technique. MD provides the unique opportunity to obtain 

rifampicin samples from the brain tissue, which is the site of infection/drug action, 

in addition to, the opportunity for serial/continuous sampling. On the other hand, 

the MD conditions e.g., flow rate, semipermeable membrane pore size may affect 

the drug’s recovery in addition to the limitations mentioned above. The exact 

location of MD catheter placement in the brain tissue may also affect the 

concentrations measured, however, there is currently no method that accomplishes 
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both spatial and temporal resolution in studying the brain. It has also been 

suggested that the CSF collection method may influence drug concentrations; 

however, the CSF drains were in the lateral ventricle which is likely the best location 

for CSF sampling as it is the most proximal location based on current knowledge on 

where the bulk of CSF is produced and on CSF flow dynamics (Battal et al. 2011; Di 

Paolo et al. 2013). Comparison of ventricular CSF and lumbar CSF is limited by the 

opportunistic nature of sampling and not all patients had time-linked samples for 

comparison; there may be bias in why some participants had ventricular or lumbar 

sampling and not both. Lastly, these data – like the existing literature on rifampicin 

pharmacokinetics in TBM – report only total rifampicin concentrations, while only 

the unbound fraction that is active. Our use of the 100kDa membrane reflects total 

drug concentration rather than unbound drug. Unfortunately, there are no data 

available for rifampicin protein binding in the CSF. CSF protein binding dynamics is 

expected to be different than that of the plasma since the CSF protein levels are 

different and are more variable between patients.  

To overcome some of the methodological limitations of MD, suggested 

future research include in-vitro experiments to optimize the microdialysis method. 

In terms of study design, since oral absorption may be variable, particularly in 

critically ill patients, the use of intravenous administration of rifampicin would be an 

attractive alternative to eliminate the variability in rifampicin absorption following 

oral administration and improve our description of plasma PK, as well as to mitigate 

the challenges of administering drugs to children e.g., crushing tablets and 

administration by an oral syringe. If more CSF and brain ECF samples could be 



143 

 

obtained, a more complex mechanistic model that accounts for drug transfer 

between the LCSF, VCSF, and brain ECF could be tested. Still, there is a substantial 

amount of the underlying physiology in humans that require better definition and 

some uncertainties that still exist, largely because of lack of human data and 

methodological limitations in the existing animal data. For example, the flux 

between the ECF and ventricular CSF has been predicted but not yet fully 

understood or quantified (Elizabeth C.M. De Lange 2013; Saleh et al. 2021). The flux 

with the spinal CSF, also needs better definition because of the influence of relative 

blocks of CSF flow in pathology (Hansotto Reiber 2003) and the increased 

permeability of the tight junctions of capillaries supplying the spinal cord (Bartanusz 

et al. 2011). 

In conclusion, we show that rifampicin’s extent of penetration into both the 

lumbar and ventricular CSF is ~5% and provide proof-of-concept that rifampicin 

reaches the brain tissue. Still, further studies need to be conducted to better define 

antitubercular drug exposure in CSF and brain in children with TBM, including 

unbound drug, and treatment strategies to increase this exposure. 

Supplementary materials  

Sample collection details 

Plasma: Three serial blood samples (0.6 mL each) were sampled on a single day in 

the first and second week, and, where possible at 2-, 4-, and 6-hours post-dose. 

Whole blood was drawn through an indwelling peripheral venous catheter in 

patients who did not have a routine arterial line. The venous line was inserted to 
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coincide with clinically indicated routine sampling to ensure that the patient does 

not endure additional veno-punctures. Whole blood samples were collected in a 

vacutainer EDTA blood collection tube and kept on ice. These were immediately 

processed and biobanked at -80 °C within 30 minutes, pending bioanalysis. 

Lumbar and Ventricular CSF: Clinically indicated CSF samples were collected at 

random time points up to 24 hours post-dose into sterile 15 mL tubes and kept on 

ice. The samples were immediately spun at 1400 rpm for 10 minutes to separate 

CSF from any tissue pellets or blood and stored at -80°C within 30 minutes of 

sampling until analysis. Briefly, LCSF was collected for standard diagnostic and/or 

therapeutic procedures. Repeat lumbar punctures were performed to treat raised 

intracranial pressure (ICP) in patients with communicating HCP (CommHC) (A. A. 

Figaji and Fieggen 2010). The frequency of lumbar punctures depends on the 

persistence or resolution of raised ICP. In addition, VCSF was obtained from 1) 

ventriculoperitoneal shunt (VPS) placement as a definitive treatment for non-

communicating HCP (NCHC) or failed medical treatment of communicating 

hydrocephalus (CommHC), 2) external ventricular drain (EVD) insertion, routine 

testing for bacteriology, and during air encephalograms and/or column tests to 

distinguish between CommHC and NCHC, or 3) endoscopic third ventriculostomy 

(ETV) in a selection of patients with NCHC. Our standard protocol for treating HCP 

in TBM is previously published ( a a Figaji, Fieggen, and Peter 2003). 

Brain ECF using microdialysis (MD) technique: The MD catheter was placed 

concurrently with the EVD and monitor into the same region (usually right frontal 

white matter) or sometimes on the side where hypodensity was more prominent on 
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the initial head computed tomography scan. The MD probe in a standard manner: 

it was perfused with a physiological solution (CNS Perfusion fluid, MDialysis) at a 

constant flow rate of 0.3 µL/min using an infusion pump (CMA 107, MDialysis, 

Stockholm, Sweden). Molecules in the interstitium of the brain diffuse through a 100 

KDa pore size (MDialysis, Stockholm, Sweden) semipermeable membrane at the tip 

of the catheter, along their concentration gradient in the brain and were collected 

into a vial. MD vials were changed at hourly intervals for bedside monitoring of brain 

extracellular fluid and analyzed at the bedside (ISCUSFlex, MDialysis) for clinical 

purposes to observe changes in glucose, lactate, pyruvate, glycerol and glutamate 

using an automated system. Briefly, glucose and the lactate/pyruvate ratio are used 

to monitor the energy status of the brain with respect primarily to the adequacy of 

substrate delivery for aerobic metabolism. Patients with TBM are at high risk of 

stroke due to perfusion-limiting vasculitis. Evidence of brain ischemia can be 

addressed by more aggressive treatment of intracranial pressure, increasing blood 

pressure, and increasing systemic oxygenation. Glycerol is a measure of ongoing 

cellular breakdown. Glutamate is a measure of excitotoxicity. Remnant fluid after 

bedside analysis was kept on ice and biobanked at -80°C within 6 hours of 

collection. As MD volumes are typically small, hourly samples were pooled over 2–

3-hour epochs to ensure sufficient volumes for liquid chromatography tandem mass 

spectrometry analysis (>20 µL). Concentrations of substances in the microdialysate 

are a percentage of the true concentrations in the ECF and not absolute 

concentrations. This percentage is termed relative recovery.  
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Analytical method details 

Rifampicin was analysed in all samples: plasma, lumbar CSF, ventricular CSF, and 

brain ECF. Additionally, rifampicin’s primary metabolite, 25-desacetyl rifampicin, 

was analysed in the plasma samples. Liquid chromatography tandem mass 

spectrometry assays were developed and validated at the Division of Clinical 

Pharmacology, University of Cape Town. Plasma samples were processed with a 

protein precipitation extraction method using rifampicin-d3 and 25-desacetyl-

rifampicin-d3 as internal standards, followed by high performance liquid 

chromatography with tandem mass spectrometry detection using an AB SCIEX API 

3000 instrument.  Isocratic chromatography was performed on a Discovery C18 (5 

µm, 50 mm x 4.6 mm) analytical column.  The analyte, metabolite and internal 

standards were monitored at mass transitions of the protonated precursor ions 

823.4, 781.5, 826.5, and 784.5 to the product ions 791.4, 749.4, 794.4, and 752.4 

for rifampicin, 25-desacetyl-rifampicin, rifampicin-d3 and 25-desacetyl-rifampicin-

d3, respectively. The calibration curves both fit a quadratic (weighted by 1 𝑥2⁄ ) 

regression over the ranges 0.117–30.0 µg/mL for rifampicin and 0.0391–10.0 µg/mL 

for 25-desacetyl-rifampicin. The combined accuracy and precision statistics of the 

limit of quantification, low, medium, and high-quality controls (three validation 

batches [n=18]) were between 101% and 107% and between 2.7% and 3.7% for 

rifampicin and 25-desacetyl-rifampicin, respectively. 

CSF samples were processed with a protein precipitation extraction method 

using acidified acetonitrile and ascorbic acid, followed by high performance liquid 

chromatography with tandem mass spectrometry detection using an AB SCIEX API 
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5500Q instrument. Liquid chromatography was performed on a Poroshell 120 EC-

C18 (2.7 µm, 4.6 mm x 50 mm) analytical column. Rifampicin and rifampicin-d3 were 

monitored at mass transitions of the protonated precursor ions 823.4 and 826.5 to 

the product ions 791.4 and 794.4, respectively.  The calibration curve fit a quadratic 

(weighted by 1 𝑥2⁄ ) regression over the range 5 to 2500 ng/mL. The combined 

accuracy and precision statistics of the limit of quantification, low, medium, and 

high-quality controls (three validation batches [n=18]) were between 88.9% and 

102.9% and between 3.8% and 8.3% for rifampicin.   

Population pharmacokinetic analysis 

Residual unexplained variability was described using a combined proportional and 

additive error model, with the additive error for all samples set to be at least 20% of 

the LLOQ. Concentrations below the lower limit of quantification (BLQ) were 

censored according to Beal’s M6 method, in which the last censored value in a 

series during the absorption phase and the first censored value in a series in the 

terminal phase were replaced with LLOQ/2 and the other censored values in a 

series were discarded (S. L. Beal 2001). To account for the larger level of uncertainty 

in the imputed censored values, their additive error was inflated by LLOQ/2. 

Model development and covariate inclusion were guided by physiological 

plausibility, model fit diagnostics including the drop in the objective function value 

(OFV) and inspection of diagnostic plots, including visual predictive checks (VPCs). 

Comparison between nested models was done using the likelihood ratio test for 

the drop in OFV, assumed to be approximately χ2 distributed with n degrees of 

freedom, where n is the number of additional estimated parameters. Covariates 
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were added in a stepwise manner in order of importance determined by the largest 

significant drop in the OFV. A p-value of 0.05 was generally used for inclusion and 

0.01 for retention.  

 

Table S5.1: Summary of albumin and total protein values in plasma, lumbar and 

ventricular cerebrospinal fluid (CSF), and brain extracellular fluid (ECF) 

 Median (min - max) of all samples 

 Albumin (g/L) Total protein (g/L) 

 N Median (IQR) N Median (IQR) 

Lumbar CSF 191 1.97 (2.83) 47 2.73 (3.46) 

Ventricular CSF 193 0.489 (0.448) 31 0.890 (0.835) 

Plasma 147 32.0 (7.00) - - 

LCSF : plasma 68 0.052 (0.098) - - 

VCSF : plasma 82 0.017 (0.011) - - 
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Figure S5.5 Exposures at steady-state as area under the curve 24h (𝐴𝑈𝐶0−24ℎ) across 

all dosing weight bands. 

 in a) plasma, b) cerebrospinal fluid (CSF) (lumbar and ventricular), and c) brain 

extracellular fluid (ECF) shown for both the 2014 WHO dose regimen 

recommendation and the 2022 WHO short intensive regimen 
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Chapter 6 : Population pharmacokinetics of rifampicin in 

plasma and cerebrospinal fluid in adults with tuberculosis 

meningitis  

Abstract 

Background 

Several ongoing clinical trials are evaluating high-dose rifampicin (up to 35 mg/kg) 

for tuberculous meningitis (TBM). However, rifampicin pharmacokinetics at higher 

doses are not fully characterised, particularly in cerebrospinal fluid (CSF), the site of 

TBM disease. 

Methods 

In a randomised controlled trial, adults with HIV-associated TBM were assigned to 

experimental arms of high-dose rifampicin (oral 35 mg/kg or intravenous 20 mg/kg) 

plus linezolid, with or without aspirin, or a control arm that received the standard-

of-care with 10 mg/kg oral rifampicin. Rifampicin concentrations, including the 

unbound fraction, were measured on plasma samples and CSF collected on days 3 

and 28 of study enrolment. Data were analysed using non-linear mixed effects 

modelling. 

Results 

400 plasma and 44 CSF rifampicin concentrations from 48 participants were used 

for model development. Median (min-max) age and weight were 39 (25-78) years, 

and 60 (30-107) kg, respectively. Rifampicin pharmacokinetics was best described 
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by a 2-compartment disposition model with first-order transit oral absorption and 

elimination via saturable hepatic extraction. Typical clearance values for the 

standard dose for day 3 and day 28 were 33.1 L/h and 41.4 L/h, respectively; high 

dose values were 46.1 L/h and 70.2 L/h. The CSF-plasma ratio was estimated to be 

~6% and the equilibration half-life was 3.2 hours. Simulated standard-dose 

rifampicin did not reach CSF concentrations above the critical concentration for M. 

tuberculosis. 

Conclusion 

CSF penetration with standard dose rifampicin is low. Our findings support 

continued evaluation of high-dose rifampicin for TBM treatment.  

Introduction 

Tuberculosis meningitis (TBM) is a severe form of extrapulmonary tuberculosis (TB) 

involving the central nervous system (CNS). Despite treatment, case-fatality is ~25% 

in HIV negative individuals and up to 50% in those living with HIV, with permanent 

disability in around 20% of survivors (Dodd et al. 2021; Wasserman et al. 2019). 

Most deaths from TBM occur early in the illness, therefore, more rapid and effective 

treatment may improve outcomes (Jaipuriar et al. 2019). 

One way to achieve this is to optimise dosing to ensure attainment of 

therapeutic drug concentrations in the CNS, the site of the disease (Wasserman et 

al. 2019). Drugs targeted at TBM need to cross several barriers, including the blood-

brain barrier (BBB) and the blood-cerebrospinal fluid barrier (BCSFB) that separate 

the systemic circulation from the CNS. This should occur rapidly and at adequate 
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concentrations for effective antitubercular activity. Disease-related changes in BBB 

permeability and dynamic changes in protein concentrations may importantly 

influence for drug penetration into the CNS (van Toorn et al. 2014). 

Rifampicin remains the cornerstone of TBM management but is still dosed at 

10 mg/kg, the same as for pulmonary TB whose disease site is in the lungs. Clinical 

studies of pulmonary TB show a correlation between rifampicin dose and sputum 

culture conversion (Sekaggya-Wiltshire et al. 2018), suggesting that higher doses 

may be beneficial to achieve higher site-of-disease exposures and potentially better 

clinical outcomes. There is evidence that rifampicin doses (≥30 mg/kg) are required 

to achieve adequate intralesional concentrations in TBM (Tucker et al. 2018) and 

that CSF concentrations increase with higher doses (Cresswell et al. 2021). This has 

led to several trials investigating higher dose rifampicin for TBM: clinical outcomes 

of this approach have been variable and there remains uncertainty around the dose 

selection that optimises CSF exposure. 

Orally administered rifampicin is well absorbed with >86% absolute 

bioavailability (Mariappan et al. 2005). It exhibits non-linear elimination with a 

saturable first-pass effect at higher doses (Boeree et al. 2015; R. J. Svensson et al. 

2018) and it induces many enzymes and transporters via activation of the Pregnane 

X receptor, including those involved in its clearance. For this reason, rifampicin 

clearance is expected to double after about two weeks of administration (M T 

Chirehwa et al. 2015). It is highly protein-bound (~80%), with poor penetration in 

CNS tissues (G. Acocella 1978). Rifampicin plasma pharmacokinetics has been 

extensively described among pulmonary TB populations, but limited data is 
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available on its CSF pharmacokinetics, especially among patients with TBM where 

disease effects may influence penetration and equilibration into this compartment. 

We therefore characterised rifampicin pharmacokinetics in both plasma and CSF in 

adults with HIV-associated TBM following the administration of high-dose rifampicin 

either orally (35 mg/kg) or intravenously (20 mg/kg) and standard-dose rifampicin 

orally (10 mg/kg).  

Methods 

Parent study and interventions 

This was a pharmacokinetic substudy of LASER-TBM, a phase 2A trial investigating 

the safety and tolerability of intensified antibiotic therapy in adults with HIV-

associated TBM. Participants were enrolled within 5 days of antituberculosis 

treatment initiation from four hospitals in South Africa, and randomly assigned to 

either a control group that received the standard-of-care TBM regimen (rifampicin 

10 mg/kg, isoniazid 5 mg/kg, pyrazinamide 25 mg/kg, and ethambutol 15 mg/kg, 

administered as fixed-dose combination (FDC) tablets) according to World Health 

Organization (WHO) weight bands, or one of two experimental regimens. 

Individuals allocated to experimental arms received additional rifampicin plus oral 

linezolid 1200 mg daily with or without aspirin. They underwent a second 

randomisation to receive either high-dose oral (35 mg/kg) or intravenous (IV) 

(20 mg/kg) rifampicin for the first 3 days of treatment; after day 3, all participants in 

the experimental arms continued oral high-dose rifampicin 35 mg/kg daily until the 

end of the study. The high-dose oral rifampicin was administered as FDC tablets 
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topped up with individual rifampicin tablets using bespoke weight bands designed 

to balance exposures across weight groups (Wasserman et al. 2021). Those in the 

IV rifampicin group received the full rifampicin 20 mg/kg dose as a one-hour 

infusion. All participants received adjunctive corticosteroids. More details about 

LASER-TBM can be found in the publication by Davis et al. (Davis et al. 2023).  

The study was approved by the University of Cape Town Human Research 

Ethics Committee (UCT HREC reference: 293/2018), Walter Sisulu University (HREC 

reference: 012/2019), and the South African Health Products Regulatory Authority 

(reference number 20180622). The trial was registered on clinicaltrials.gov 

(NCT03927313). Informed consent was obtained from all participants or their 

proxies. 

Pharmacokinetic sampling 

All trial participants underwent pharmacokinetic sampling on days 3 (visit 1) and 28 

(visit 2) (±2 days) after study enrolment. Plasma samples were collected at pre-, 0.5, 

1, 2, 3-, 6-, 8-10- and 24-hours post-dose on day 3 and at pre-, 2-, and 4-hours post-

dose on day 28. One lumbar CSF sample was collected at each sampling visit, with 

sampling time randomised to intervals of 1-3, 3-6, 6-10-, and 24 hours post-dose. 

Immediately following collection samples were processed on site and stored at -

80°C.  

Total (protein-bound and -unbound) rifampicin concentrations were 

quantified in all collected plasma and CSF samples, and free (unbound) plasma 

rifampicin concentrations were measured in a subset of participants. Drug 

quantification was performed by a validated liquid chromatography-tandem mass 
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spectrometry assay developed at the Division of Clinical Pharmacology, University 

of Cape Town. Additional details regarding the assay method are presented in the 

supplementary material.  

The unbound fraction (fu) of plasma rifampicin was estimated using Deming 

regression to regress measured free concentrations against total concentrations 

with an intercept of zero (Deming 1943; Linnet 1998).  Participant characteristics, 

clinical information, and blood chemistry were obtained on each visit. Total protein, 

albumin, and glucose were measured in CSF samples. 

Pharmacokinetic modelling 

Population pharmacokinetic modelling was used to describe total rifampicin 

plasma and CSF concentrations. The model was developed stepwise: first, we used 

the IV dosing plasma concentrations to test different disposition models; second, 

we included the oral dosing plasma concentrations; and finally, we added the CSF 

concentrations. For the CSF “effect” compartment we estimated a pseudo-partition 

coefficient (PPC) i.e., CSF to plasma drug ratio, and an equilibration half-live (T1/2eq), 

i.e., the delay in equilibration between the plasma and CSF as described in the 

supplementary material. All plasma and CSF parameters were estimated 

simultaneously. A previously published model by Chirehwa et al. (M T Chirehwa et 

al. 2015) was used as a starting point to develop the plasma pharmacokinetic 

model. We compared saturable hepatic elimination (and first-pass effect) versus 

linear clearance. We also tested different approaches to describe clearance 

autoinduction. These included an exponential model with clearance increasing as a 

function of days on rifampicin treatment (M T Chirehwa et al. 2015), an enzyme 
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turnover model (R. J. Svensson et al. 2018), and estimating separate typical intrinsic 

clearance and the fraction unbound (CLint,max.fu) values for each visit. Allometric 

scaling was applied for all disposition parameters using the fixed power exponents 

of 0.75 for clearance parameters and 1 for volume parameters (B. J. Anderson and 

Holford 2008). Either total body weight or fat-free mass (FFM) (calculated based on 

the formula in Janmahasatian et al. (Janmahasatian et al. 2005)) were tested as body 

size descriptors. Lag time and transit compartments were tested to capture the 

delay in absorption. We tested the inclusion of between-subject and between-visit 

variabilities for the disposition parameters and bioavailability, and between-

occasion variability for the absorption parameters. An occasion was defined as any 

dosing event with at least one observation post-dose, and a visit refers to a pre-dose 

sample, dosing, and post-dose observations on a visit to the clinical site.  

The influence of potential covariates on plasma pharmacokinetic parameters 

was tested following the development of the structural model. Covariates included 

the effect of rifampicin dose, duration since start of treatment and study arm. We 

also tested whether FDC tablets and top-up individual tablets had significantly 

different bioavailability since this has previously been reported (Kengo et al. 2023; 

Court et al. 2018). The effect of various laboratory and clinical covariates were tested 

on PPC, including CSF protein, CSF albumin, CSF glucose, polymorphonuclear 

cells, lymphocytes, and the Glasgow Coma Scale. Additional details for the 

modelling methods and imputation of missing covariates are provided in the 

supplementary material. Covariate selection was based on the drop in objective 

function values (OFV) and physiological plausibility. 
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Simulations 

The final model was used to predict the area under the concentration-time curve 

from time 0 to 24 hours post-dose (AUC0-24h) and the concentration at 24 hours post-

dose (C24h) for the available concentration-time profiles. We also predicted 

concentration-time profiles in plasma and CSF following both standard-dose (10 

mg/kg) and high-dose (35 mg/kg) rifampicin for a typical participant in this cohort. 

The critical concentration (CC) referenced in the WHO Technical Report on critical 

concentrations for drug susceptibility testing of isoniazid and the rifamycins 

(rifampicin, rifabutin and rifapentine) (World Health Organization 2021a) was used 

as a reference value. Minimum inhibitory concentration (MIC) tests were not 

performed on M. tuberculosis isolates from the patients of this study.  

Results 

Study data 

49 participants underwent pharmacokinetic sampling on day 3 and 34 participants 

were sampled on day 28, providing a total of  411 plasma (56 BLQ) and 46 CSF (13 

BLQ) samples for model development. We excluded rifampicin concentrations from 

one participant (who had observations only for the first visit) due to dislocation of 

the IV catheter and tissue extravasation of the drug. 

Baseline clinical characteristics are summarised in Table 6.1. The median 

(min-max) age, weight, and FFM were 39 (25-78) years, 60 (30-107) kg, and 45 (30-

59) kg, respectively. The median duration since the start of rifampicin-based TB 
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treatment was 5 days (range 1 – 8) on the first visit and 30 days (range 26 – 38) on 

the second.  

Table 6.1: Participant characteristics 

 Median (Min. – Max.) or no. (%)  

 
Visit Day 3 

(n = 49) 

Visit Day 28 

(n = 34) 

Males 27 (55.1%) 20 (58.8%) 

Age (years) 39 (25-78) 39 (25-57) 

Weight (kg) 59.5 (30-107.2) 61.7 (37.4-105.1) 

Height (m) a 1.60 (1.48-1.80) 1.60 (1.49-1.80) 

Fat-free mass (kg) b 45.2 (30.3-59.4) 45.5 (32.4-60) 

Days on rifampicin until PK visit 

date c  
4 (0-7) 30 (26-38) 

CSF total protein (g/L) d 1.16 (0.2 - 55) 1.21 (0.2 - 55) 

CSF albumin (mg/L) e 387 (46 – 7601) 373 (46.0 - 1269) 

CSF glucose (mmol/L) d 3.05 (0.05 - 5.9) 2.8 (0.3 - 5.9) 

Antiretroviral therapy (ART): 

Previous ART  

ART Naïve  

On ART  

 

14 (28.6%) 

20 (40.8%) 

15 (30.6%) 

 

10 (29.4%) 

14 (41.2%) 

10 (29.4%) 
a Heights were missing for 29 and 19 participants on day 3 and day 28, respectively. The missing 

heights were imputed based on sex and weight according to the details provided in the 

supplementary file. The median (min – max) values reported here are for the non-missing values (i.e., 

it does not include the imputed values). 

b Fat-free mass was calculated based on sex, weight, and height according to the formula in 

Janmahasatian et al. (Janmahasatian et al. 2005) 

The median (min – max) values reported here are for the non-missing values (i.e., it does not include 

the imputed values).  

c This refers to the total number of days since the start of treatment which was ~1-3 days before the 

investigational product start date until the PK visit date; All participants were assumed to be on 

standard-dose (10 mg/kg) rifampicin when starting treatment and before study enrolment. 

d CSF total protein and CSF glucose values were missing for 17 and 8 participants on day 3 and day 

28, respectively. 

e CSF albumin values were missing for 23 and 13 participants on day 3 and day 28, respectively. 



159 

 

 

Pharmacokinetic modelling 

Plasma pharmacokinetics of rifampicin concentrations was best described by a two-

compartment disposition model (dOFV = -10.9, p-value = 0.004 compared to one-

compartment disposition), with first-order absorption preceded by a chain of transit 

compartments and elimination with saturable hepatic extraction. A depiction of the 

structural model is shown in Figure 6.1. Robust estimation of the Km was 

challenging therefore we used a prior from the model by Chirehwa et al. to guide 

its estimation (M T Chirehwa et al. 2015). The model fit improved significantly upon 

including clearance saturation versus linear clearance (dOFV = 10.6, p-value < 

0.005).  

 

Figure 6.1: Illustration of the final structural model.  

Foral,prehepatic is the prehepatic oral bioavailability, FIV is the absolute 

intravenous bioavailability, ktr is the first-order rate constant for drug passage 

through transit compartments, ka is the first-order absorption rate constant, QH is 

the hepatic blood flow, FH is the hepatic bioavailability, EH is the hepatic extraction, 

VH is the hepatic volume of distribution, Vc is the central volume of distribution, Vp 
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is the peripheral volume of distribution, Q is the intercompartmental clearance, Km 

is the Michaelis-Menten constant, Vmax is the maximum rate of elimination, CH is 

the hepatic drug concentration, and CLint is the intrinsic clearance. PPCplasma-CSF 

is the pseudo-partition coefficient which represents the ratio of drug in CSF to 

plasma and HLplasma-CSF is the equilibration half-life between plasma and 

cerebrospinal fluid, which describe how soon the change in plasma is reflected in 

the CSF. 

Assuming the bioavailability of the IV dose was 100%, oral prehepatic 

bioavailability (before first-pass hepatic extraction) was estimated at 93.4%. 

Clearance was higher in participants receiving larger doses of rifampicin and at visit 

2 compared to visit 1: attempts to describe this using the exponential change over 

time suggested by Chirehwa et al. (M T Chirehwa et al. 2015) or an enzyme turnover 

model similar to Svensson et al (R. J. Svensson et al. 2018) (also using priors to help 

guide parameter estimation) did not result in robust parameter estimation as the 

models did not converge properly. Therefore, clearance was estimated by separate 

CLint,max.fu values for each visit. The typical values of CLint,max.fu for the standard dose 

were 33.1 L/h for visit 1 and 41.4 L/h for visit 2, while the high dose values were 46.1 

L/h for visit 1 and 70.2 L/h for visit 2. Allometry with FFM resulted in a better model 

fit compared with body weight (drop in OFV 33.1 points (p-value < 0.0001) for FFM 

versus 13.7 points (p-value < 0.001) for body weight). We did not find a statistically 

significant difference in bioavailability for the FDC and the individual top-up tablets, 

or for biomarkers such as creatinine, AST, or ALT.  

CSF equilibration half-life and the PPC were estimated to be 3.1 hours and 

5.3%, respectively. None of the covariates tested resulted in a statistically significant 

effect on the PPC or the equilibration half-life. All parameter estimates are 
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presented in Table 6.2 and the visual predictive check for both the plasma and CSF 

observations are displayed in Figure 6.4, showing good agreement between 

observed concentrations and model predictions.  

Plasma protein binding was calculated as 82.8% and there was no evidence of 

nonlinearities in binding at higher rifampicin concentrations (Figure 6.5).  

Table 6.2 Final population pharmacokinetic parameter estimates for rifampicin in 

plasma and cerebrospinal fluid 

Parameter b 
Estimate  

(95% confidence interval) a 

CLint,max.fu for standard-dose on visit 1 (L/h) c 33.1 (25.2 – 42.9) 

CLint,max.fu for standard-dose on visit 2 (L/h) c 41.4 (28.0 – 58.3) 

CLint,max.fu for high-dose on visit 1 (L/h) c 46.1 (34.2 – 62.3) 

CLint,max.fu for high-dose on visit 2 (L/h) c 70.2 (51.0 – 95.5) 

Michaelis-Menten constant, Km (mg/L) d 2.97 (2.01 – 4.56) 

Central volume of distribution, V (L) c 27.3 (22.8 – 34.0) 

Prehepatic oral bioavailability, (.) e 0.934 (0.852 – 0.991) 

Intravenous bioavailability, F (.) 1 fixed  

Peripheral volume of distribution, Vp (L) 31.5 (25.3 – 37.1) 

Intercompartmental flow, Q (L/h) 11.0 (7.45 – 14.4) 

Absorption rate constant, ka (h-1) 0.486 (0.365 – 0.638) 

Mean transit time, MTT (h) 
0.634 (0.467 – 0.791) 

No. of absorption transit compartments, NN (.) f 19 fixed  
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Equilibration half-life to CSF, HLplasma-CSF (h) 3.20 (2.06 – 4.93) 

Pseudo-partition coefficient to CSF, PPCplasma-CSF (.) 0.0593 (0.0544 – 0.0672) 

Between-subject variability (BSV) in CLint,max.fu (%) 25.3 (24.1 – 26.6) 

BSV in central volume (%) 17.2 (14.8 – 18.5) 

BSV in infusion duration (%) g 17.0 (14.9 – 18.6) 

Between-occasion variability (BOV) in Foral,prehepatic (%) 18.2 (16.7 –20.1) 

BOV in ka (%) 78.1 (55.8 – 95.6) 

BOV in MTT (%) 
111 (87.7 - 137) 

Proportional error plasma (%) 25.2 (22.3 – 29.7) 

Additive error plasma (mg/L) h 0.0234 

Proportional error CSF (%) 98.4 (91.8 – 99.9) 

Additive error CSF (µg/mL) i 2.31 (1.77 – 2.93) 

a Values in parentheses are the 95% confidence interval, computed with sampling importance 

resampling (SIR).  
b Hepatic volume of distribution (VH), hepatic intercompartmental clearance (QH), and fraction 

unbound (fu) were fixed to 1 L, 90 L/h and 0.2, respectively.  
c All disposition parameters were allometrically scaled by fat-free mass (FFM). The typical values 

reported here refer to the typical participant with a median FFM of 45 kg. 
d Km was estimated using a prior from Chirehwa et al. (M T Chirehwa et al. 2015) of 3.35 mg/L with 

30% uncertainty. 
e This refers to the oral bioavailability from the gastrointestinal tract before hepatic extraction. 
f Number of transit compartments was estimated in earlier runs and fixed in later runs for model 

stability 
g The infusion duration is 1 hour according to the protocol. Between-subject variability (BSV) was 

included to account for error in infusion rate duration or time. 

h The estimate of the additive component of the error was not significantly different from its lower 

boundary of 20% of lower limit of quantification (LLOQ) (0.117 mg/L), so it was fixed to this value. 

i The lower boundary of the additive error was fixed to 50% of the LLOQ (0.005 mg/L). 
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Simulations 

The simulated standard dose CSF profile did not reach concentrations above the 

rifampicin CC of 0.5 mg/L (World Health Organization 2021a), whereas the high-

dose achieved concentrations above this CC level (Figure 6.2). Model-derived 

individual steady-state AUC0-24h and trough concentrations are summarised in Table 

6.3 and depicted in Figure 6.3 

 

Figure 6.2: Simulated typical concentration-time profiles for plasma and 

cerebrospinal fluid (CSF) for high-dose (35 mg/kg) and standard-dose (10 mg/kg) 

oral daily at steady-state.  

The solid and dashed lines represent the high- and standard-dose, respectively. The 

horizontal dotted line shows the critical concentration (CC) value of rifampicin for 

M. tuberculosis (0.5 mg/L)  
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Table 6.3 Model-derived rifampicin area under the curve for 24 hours (AUC0-24) and 

concentrations at 24 hours post-dose (C24) 

  Median (Min. – Max.) [N] 

  

High-dose 

(35 mg/kg) 

Standard-dose 

(10 mg/kg) 

  Day 3 Day 28 Day 3 Day 28 

AUC0-24 

(mg.h/L) 

Plasma 
239 (120 – 668)  

[28] 

160 (58.4 – 477)  

[20] 
40.5 (16.4 – 122) [19] 35.1 (13.4 – 59.8) [13] 

CSF 
15.4  

(7.13 – 38.1) [17] 

8.50  

(3.61 – 14.8) [11] 

2.33  

(1.05 – 4.93) [9] 

2.32  

(0.754 – 3.41) [8] 

C24 

(mg/L) 

Plasma 

0.551  

(0.0628 – 12.0)  

[29] 

0.120  

(0.0303 – 2.85)  

[21] 

0.0473  

(0.0182 – 0.574)  

[19] 

0.0374  

(0.00758 – 0.181) 

[13] 

CSF 

0.173 

 (0.0327 – 0.658) 

[17] 

0.0556  

(0.0199 – 0.173) 

[12] 

0.0144  

(0.00929 – 0.0421) [9] 

0.0175 

 (0.00870 – 0.0399) [8] 

 

 

Figure 6.3: Box and whisker plots of the secondary model-derived exposure 

parameters. 

Area under concentration curve for 24 hours (AUC0-24) (left) and concentration at 

24 hours post-dose (C24) (right) stratified by dose group. The dots represent 

individual values, and the whiskers are the 2.5th and 97.5th percentiles. 
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Discussion 

We characterised the pharmacokinetics of rifampicin in plasma and CSF among 

South African adults with HIV-associated TBM. Our population pharmacokinetic 

model was based on data following both high (35 mg/kg) and standard (10 mg/kg) 

dosing, as well as oral versus intravenous administration. The CSF partition 

coefficient of rifampicin, a measure of drug penetration, was estimated to be ~6%, 

and the equilibration half-life, indicative of the delay between the plasma and CSF 

concentrations, was ~3 hours. Rifampicin plasma clearance increased over time and 

was relatively lower for the standard dose than the high dose. 

Previous rifampicin CSF models for TBM have been developed based on 

studies in children and adults receiving doses between 15-20 mg/kg (Savic et al. 

2015; E. M. Svensson et al. 2020; Panjasawatwong et al. 2020; Abdelgawad et al. 

2023). Their estimates for PPC ranged from 4.60 to 8.07% and for equilibration half-

life between 2.07 and 5.78 hours, in line with our findings. An exception is a study 

by Panjasawatwong et al. (Panjasawatwong et al. 2020), which reported a PPC of 

17% in children with TBM administered rifampicin at 10 mg/kg. While the plasma 

and CSF observed concentrations were similar to the standard-dose arm in our 

study, a different modelling approach was used to estimate CSF penetration. The 

CSF was modelled as a “real” distribution compartment (with volume fixed for each 

participant based on an empirical formula according to their age) and the presence 

of mass transfer to and from the central compartment. In our analysis, we 

circumvented the need to estimate a CSF volume by modelling the CSF as an effect 
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compartment, assuming no volume of distribution for the CSF compartment with 

no or negligible transfer to and from the plasma.  

Similarly to Savic et al. (Savic et al. 2015) and Abdelgawad et al. (Abdelgawad 

et al. 2023), we did not find a significant effect from CSF albumin or total protein 

concentrations, a marker of meningeal inflammation, on rifampicin partitioning into 

CSF. This is in contrast to other studies which have demonstrated a positive 

correlation between rifampicin CSF penetration and increasing CSF protein levels 

(E. M. Svensson et al. 2020; Panjasawatwong et al. 2020), which could be explained 

by increased permeability of the protective barriers in TBM, leading to higher 

concentrations of both protein and total drug in the CSF. Another reason could be 

that increased CSF protein production from local inflammation leads to changes in 

CSF drug binding kinetics and higher total drug levels. Measuring free (unbound) 

drug concentrations in the CSF could provide a clearer understanding of the 

relationship between CSF proteins and drug concentrations.  Lack of an association 

between CSF protein and drug exposure seen in our study could be due to the small 

sample size and the narrow range of CSF protein values in our cohort.  

Other findings aligned with previous reports. With data obtained from IV 

administration, we estimated prehepatic oral bioavailability at 93.4%, which aligns 

with the previously reported absolute bioavailability of >86% (Mariappan et al. 

2005), though our estimate refers to the fraction of drug available before hepatic 

extraction. Use of IV data enabled characterisation of a 2-compartment disposition 

model, previously described for rifampicin when IV data was available (Cresswell et 

al. 2021). The degree of plasma protein binding observed in our study, 82.8%, 
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agrees with the literature for TB patients (Boman and Ringberger 1974). We did not 

observe an increase in fu with higher plasma concentrations, which would have 

indicated saturation of plasma protein binding. We observed relatively constant 

protein binding over the observed concentration range suggesting plasma protein 

binding does not become saturated with higher rifampicin exposures. Lack of 

saturation up to rifampicin doses up to 35 mg/kg was also observed in another 

study involving patients with pulmonary TB receiving of rifampicin (Litjens et al. 

2019). Since only the unbound non-ionized fraction can cross membrane barriers 

and diffuse freely into tissues, this indicates that about 34% of free rifampicin crosses 

into the CSF. 

Simulations based on our model predict that the standard 10 mg/kg dose of 

rifampicin achieves CSF concentrations far below the critical concentration for M. 

tuberculosis for most TBM patients. This is overcome with the 35 mg/kg dose, 

supporting ongoing clinical evaluation of high dose rifampicin for TBM. However, 

no CSF target concentrations have been established for rifampicin efficacy in TBM 

and the CC may be an inappropriate pharmacodynamic measure because it is 

determined under in vitro conditions that differ substantially from those in the CSF 

(Donald 2010).  

Our analysis had some limitations. In our model, we were unable to 

characterise clearance autoinduction semi-mechanistically using an enzyme 

turnover model or an exponential maturation model. This is because the study 

participants had started rifampicin treatment approximately a week before the first 

plasma samples were collected and observations from the uninduced state (first day 
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of treatment) were unavailable. Additionally, there is uncertainty regarding the 

actual dose and duration of treatment before study enrolment. Also, plasma 

sampling on the second visit was done only up to 4 hours thus affecting the 

estimation of CLint,max.fu for the second visit. Secondly, only one CSF sample could 

be obtained per visit due to the invasive nature of lumbar CSF sampling with high 

variability in the CSF observations. This makes it difficult to distinguish between-

subject variability from random variability (e.g. error due to sample assays), 

requiring large proportional error for CSF observations.  

In summary, we successfully developed a population pharmacokinetic model 

for rifampicin in both plasma and CSF for adults with HIV-associated TBM. This 

model provides a tool to identify rifampicin dosing strategies to optimise TBM 

treatment once exposure targets have been defined. Our major finding was that 

rifampicin has poor CSF penetration, providing rationale for ongoing evaluation of 

high dose rifampicin and, potentially, novel rifamycin-free regimens, to improve 

treatment outcomes in TBM.  

Supplementary materials  

Drug quantification 

Rifampicin concentrations were measured with validated assays in the Division of 

Clinical Pharmacology laboratory at the University of Cape Town.  The assays met 

FDA validation criteria.  The total plasma assay involved a protein precipitation 

extraction, followed by isocratic liquid chromatographic separation, and mass 

spectrometry detection. The calibration range was 0.117 to 30 µg/mL. Plasma was 
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separated using ultracentrifugation, and the plasma protein-free fraction was 

analysed using solid-phase extraction and liquid chromatography with mass 

spectrometry detection. The calibration range was 0.0600 to 5.00 µg/mL. The CSF 

assay required protein precipitation and gradient liquid chromatography with mass 

spectrometry detection. The calibration range was 0.005 to 2.5 µg/mL. 

Imputation of missing covariates 

Missing heights were imputed using multiple linear regression as suggested by 

Johansson and Karlsson (Johansson and Karlsson 2013) since it was missing in 60% 

of the participants. In the first step, participant characteristics, namely sex, weight, 

and height from a study in a similar population (Brust et al. 2021) were used to 

develop a multiple linear regression model for height versus weight by sex and 

accounting for residual variability in heights. Secondly, this multiple linear 

regression model was used to estimate the missing heights in NONMEM using a 

random effect model as shown in the equation below:  

𝐻𝑡𝑖 = 𝛽 + 𝛼. 𝑊𝑡𝑖 . 𝑒𝜂𝑖 

Where 𝐻𝑡𝑖 is the individual height in meters and 𝑊𝑡𝑖   is the individual weight in 

kilograms. 𝛽 and 𝛼 are the model mean intercept and slope respectively. 𝜂𝑖 is the 

random effect accounting for the individual difference from the mean values. The 𝜂𝑖 

values are assumed to be normally distributed with mean zero and variance 𝜔2.The 

values of 𝛽 and 𝛼 are 1.51 and 0.00133 for females and 1.53 and 0.00281 for males 

respectively. the values of 𝜔2 were 0.00215 and 0.00170 for females and male 

respectively. NONMEM implementation can be found in the NONMEM code 

provided.  
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Pharmacokinetic Modelling 

a) Nonlinear clearance 

For the plasma model, the nonlinearity in clearance observed at higher doses 

was accounted for by a concentration-dependent 𝐶𝐿 described by the following 

equation: 

𝑉𝑚𝑎𝑥 =  𝐶𝐿𝑚𝑎𝑥 · 𝐾𝑚 

where 𝑉𝑚𝑎𝑥 is the maximal elimination rate in mg/h, 𝐶𝐿𝑚𝑎𝑥 is the maximal clearance 

in L/h apparent with rifampicin plasma concentration (𝐶𝑝𝑙𝑎𝑠𝑚𝑎) approximating 0, 

while 𝐾𝑚 is the 𝐶𝑝𝑙𝑎𝑠𝑚𝑎 in mg/L at which the elimination is half of 𝑉𝑚𝑎𝑥. 

b) Effect compartment modelling for CSF 

The CSF concentrations were modelled as dependent on plasma concentrations 

using an effect compartment, as previously proposed and implemented by Sheiner 

et al. (Sheiner et al. 1979) and Savic et al (Savic et al. 2015). Effect compartments are 

assumed to have a negligible volume compared to the central compartment, with 

negligible drug transfer between the two compartments. The following differential 

equation summarises the kinetics of the effect compartment: 

𝑑𝐶𝐶𝑆𝐹

𝑑𝑡
= 𝑘𝑝𝑙𝑎𝑠𝑚𝑎−𝐶𝑆𝐹 ∙ (𝑃𝑃𝐶 ∙ 𝐶𝑝𝑙𝑎𝑠𝑚𝑎 − 𝐶𝐶𝑆𝐹), 

where 𝑘𝑝𝑙𝑎𝑠𝑚𝑎−𝐶𝑆𝐹 is the first-order equilibration rate constant of the drug 

between the central compartment (i.e., plasma) and the effect compartment (i.e., 

CSF), 𝑃𝑃𝐶 is the pseudo-partition coefficient, 𝐶𝑝𝑙𝑎𝑠𝑚𝑎 and 𝐶𝐶𝑆𝐹 are the drug 

concentration at the time 𝑡 in plasma or CSF, respectively. 

Between-subject, between-visit, and between-occasion variabilities were tested 

for the different plasma and CSF parameters. Each PK sampling day (day 3 and day 
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28) was considered a separate visit. Each dose and its following samples were 

considered a separate occasion, therefore the dose before the sampling visit along 

with the predose concentration were treated as a separate occasion from the dose 

administered during the PK visit and the following concentrations.  

Residual unexplained variability was described using a combined 

proportional and additive error model, with the additive error for all samples set to 

be at least 20% of the LLOQ. Concentrations below the lower limit of quantification 

(BLQ) were censored according to Beal’s M6 method, in which the last censored 

value in a series during the absorption phase and the first censored value in a series 

in the terminal phase was replaced with LLOQ/2 and the other censored values in a 

series were discarded (S. L. Beal 2001). To account for the larger level of uncertainty 

in the imputed censored values, their additive error was inflated by LLOQ/2. Also, 

the M3 method was tested as there was a large fraction of BLQ values in the CSF 

but it did not result in a meaningful difference in the parameter estimates. On the 

other hand, it caused longer run times and, most importantly, less stable final 

parameter estimates. For this reason, we proceeded with the M6 method (S. L. Beal 

2001).    

The process of model development and covariate inclusion was guided by 

physiological plausibility, model fit diagnostics, and the drop in the objective 

function value (OFV). The likelihood ratio test for the drop in OFV was used to 

compare nested models, assumed to be approximately χ2 distributed with n 

degrees of freedom, where n is the number of additional estimated parameters. A 

p-value of 0.05 was generally used for inclusion and 0.01 for retention. Model 
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performance was evaluated through visual predictive checks (VPC). The VPC for the 

final model stratified into plasma and CSF concentrations is shown in Figure 6.4. 

Final parameters precision (95% confidence intervals) was obtained by sampling 

importance resampling (SIR) (A. G. Dosne et al. 2016). 

The model was developed using NONMEM® 7.5 with first-order conditional 

estimation with eta-epsilon interaction (FOCE-I). Pirana 3.0.0 software was used for 

model management; Perl-speaks-NONMEM® (PsN) 5.2.6 and R 4.0.4 via RStudio 

were used for post-processing NONMEM® results and generating figures (Keizer, 

Karlsson, and Hooker 2013).  

 

Figure 6.4: Prediction-corrected visual predictive check (VPC) (n=500).  

The VPC shows drug concentration versus time after dose for the final models 

stratified by matrix (plasma or CSF) and visit (day 3 or 28), dose. The dots are the 

original observations; the solid line is the median and the dashed lines are the 10th 

and 90th percentiles of the observed data; the shaded areas are the 90% 
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confidence intervals of the same percentiles as simulated by the model. A suitably 

fitting model will have most of the observed percentiles within the simulated 

confidence intervals.  

 

Figure 6.5:  Binding plots for plasma protein binding of rifampicin 

 a) Free versus total concentration (mg/L) in the same sample. The slope of the 

regression equation represents the unbound fraction and was estimated using 

generalised Deming regression with constant error assumption (Deming 1943; 

Linnet 1998). b) LOESS regression of fraction unbound versus total rifampicin 

concentrations (mg/L). There was no apparent trend between the two variables.  
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Chapter 7 : Linezolid population pharmacokinetic model 

in plasma and cerebrospinal fluid among patients with 

tuberculosis meningitis 

Abstract 

Background 

Linezolid is evaluated in novel treatment regimens for tuberculous meningitis 

(TBM). Linezolid pharmacokinetics have not been characterized in this population, 

particularly in CSF where exposures may be affected by changes in protein 

concentration. Linezolid co-administration with high-dose rifampicin, has also not 

been studied. We aimed to characterize linezolid plasma and CSF pharmacokinetics 

in adults with TBM. 

Methods 

In LASER-TBM pharmacokinetic substudy, the intervention groups received high-

dose rifampicin (35mg/kg) plus linezolid 1200mg/day for 28days, then reduced to 

600mg/day. Plasma sampling was done on day 3 (intensive) and on day 28 (sparse). 

A lumbar CSF sample was obtained on both visits.   

Results 

30-participants, median(min-max) age and weight of 40(27–56) years and 58(30–

96)kg, contributed 247 plasma and 28 CSF observations. Plasma pharmacokinetics 

was described by one-compartment model with first-order absorption and 

saturable elimination. Maximal clearance was 7.25L/h, and Km was 27.2mg/L. 
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Rifampicin co-treatment duration did not affect linezolid pharmacokinetics. CSF-

Plasma partitioning correlated with CSF total-protein up to 1.2g/L where the 

partition-coefficient reached maximal value of 37%. Plasma-CSF equilibration half-

life was ~3.5hours. 

Conclusion 

Linezolid was readily detected in CSF despite high-dose rifampicin co-

administration. These findings support continued clinical evaluation of linezolid 

plus high-dose rifampicin for the treatment of TBM in adults.   

Introduction 

TBM is the most fatal and debilitating form of tuberculosis with a particularly high 

burden among people living with HIV (Dodd et al. 2017). One reason for severe 

outcomes is that the current treatment regimen for TBM is based on treatment for 

pulmonary TB, and may result in suboptimal central nervous system (CNS) 

concentrations (Wasserman et al. 2019). Drugs targeted at TBM should cross several 

barriers to reach the site of disease, including the BBB and the BCSFB that separate 

the systemic circulation from their site of action in the CNS. These barriers pose a 

therapeutic challenge by limiting entry of drugs into the CNS. Moreover, disease-

related changes in BBB permeability and dynamic changes in protein 

concentrations may have important implications for drug penetration into the brain 

(Pardridge 2012).  

Linezolid, an oxazolidinone antibiotic, is highly effective for the treatment of 

drug-resistant pulmonary TB. Linezolid is also used to treat Gram-positive bacterial 
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infections in the CNS (Pintado et al. 2020; Beer, Pfausler, and Schmutzhard 2009; 

Hoefnagel et al. 2008), where good drug penetration has been documented, 

making it an attractive candidate for TBM treatment (Nau, Sörgel, and Eiffert 2010; 

Rupprecht and Pfister 2005; Villani et al. 2002). Small observational studies have 

shown improved clinical parameters with linezolid use in children and adults with 

TBM (Sun et al. 2014; Li et al. 2016). Based on these encouraging observations, 

linezolid is being investigated as part of intensified antibiotic therapy in several 

clinical trials for TBM (Davis et al. 2023) . 

Specific features of TBM may influence the pharmacokinetics (PK) of linezolid, 

with potential implications for safety and efficacy, given its narrow therapeutic 

window. These include host factors (such as body size) and disease factors, 

including CSF protein concentrations and BBB permeability. Also, clinical trials 

provide linezolid along with high-dose rifampicin in TBM treatment regimens. As a 

potent inducer of the cytochrome P450 system and upregulator of drug 

transporters (Finch et al. 2002), rifampicin could potentially affect the PK of linezolid. 

Studies in healthy volunteers and pulmonary TB have shown a moderate reduction 

in linezolid exposure when co-administered with standard dose rifampicin 

(Gandelman et al. 2011; Gebhart, Barker, and Markewitz 2007). The impact on site 

of disease (CSF) concentrations and clinical implications of this pharmacokinetic 

interaction is unknown but could theoretically lead to suboptimal treatment or the 

development of antimicrobial resistance.  

The objectives of this analysis were to describe the PK of linezolid in plasma 

and CSF of adults with TBM, to explore the effect of high-dose rifampicin on 
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linezolid PK, evaluate covariate effects on plasma and CSF drug levels, and simulate 

exposures for optimized dosing strategies. 

Methods 

Study data 

This was a sub-study of LASER-TBM (Davis et al. 2021), a phase IIb, open-label trial 

that evaluated safety and PK of intensified antibiotic therapy in adults with HIV and 

TBM (Davis et al. 2023). Participants were enrolled from 4 public hospitals in Cape 

Town and Gqeberha, South Africa, and randomized to study interventions within 5 

days of starting antituberculosis treatment. The standard of care (control) group 

received fixed-dose combination oral tablets (rifampicin 10 mg/kg, isoniazid 5 

mg/kg, pyrazinamide 25 mg/kg, and ethambutol 15 mg/kg) according to World 

Health Organization (WHO) weight bands. Participants allocated to experimental 

groups were administered the standard regimen with a higher dose of rifampicin 

(35 mg/kg in total, using bespoke weight bands  (Wasserman et al. 2021)) and 

linezolid for 56 days (1200 mg once daily for the first 28 days, then reduced to 600 

mg once daily) with or without aspirin. All participants received adjunctive 

dexamethasone.  

Pharmacokinetic sampling visits were scheduled on Day 3 (±2 days) and Day 

28 (±2 days) after study entry. At the Day 3 visit, plasma was collected at pre-dose, 

0.5, 1, 2, 3, 6, 8-10, and 24 hours post-dose (intensive) and on Day 28 at pre-dose, 

2-, and 4-hours post-dose (sparse). Sparse sampling was performed on Day 3 for 

participants who declined intensive sampling or for whom intensive sampling could 
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not be done. One lumbar CSF sample was collected at each pharmacokinetic 

sampling visit, with sample timing randomized to intervals of 1-3, 3-6, 6-10, and 24 

hours after dosing. Clinical information was collected, and full blood count and 

serum chemistry were obtained at each visit. Total protein, albumin, and glucose 

were measured in CSF samples.  

Linezolid plasma and CSF concentrations were measured in the Division of 

Clinical Pharmacology at the University of Cape Town. The plasma assay summary 

has been described previously (Garcia-Prats et al. 2019). Cholesterol and 4-beta 

hydroxy cholesterol (4β-OHC) were also measured in pre-dose plasma samples 

collected on both PK visits. 4β-OHC is a metabolite of cholesterol formed by 

CYP3A4 and the ratio between its concentration and that of cholesterol is used as a 

marker of CYP3A4/5 endogenous activity (Diczfalusy et al. 2011). Additionally, the 

unbound concentration of linezolid in plasma was quantified in a subset of samples 

to estimate the degree of plasma protein binding. Details of analytical assays are 

outlined in the supplementary file.  

Informed consent was obtained from all participants or their proxies. The 

study was approved by the University of Cape Town Human Research Ethics 

Committee (UCT HREC reference: 293/2018), Walter Sisulu University (HREC 

reference: 012/2019), and the South African Health Products Regulatory Authority 

(reference number 20180622). The trial is registered on clinicaltrials.gov 

(NCT03927313).  
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Pharmacokinetic modelling 

Nonlinear mixed-effects modelling was used to create a population PK model 

describing linezolid PK in both plasma and lumbar CSF. The model was developed 

sequentially; first describing plasma linezolid and then including CSF 

concentrations.  

For the plasma PK, we tested one- and two-compartment disposition models 

with linear or saturable elimination and first-pass effect. The CSF concentrations 

were described using a hypothetical effect compartment linked to the central 

(plasma) compartment, which estimates the first-order equilibration rate constant of 

linezolid between the central and the effect compartments (𝑘𝑝𝑙𝑎𝑠𝑚𝑎−𝐶𝑆𝐹) and the 

pseudo-partition coefficient (𝑃𝑃𝐶). Further details on modelling approach are 

available in the supplementary file.  

Following the development of the structural model, we tested the effect of 

potential covariates including creatinine clearance (calculated with the Cockcroft-

Gault equation (Cockcroft and Gault 1976)), age, study visit, duration of 

concomitant rifampicin treatment, study site, and treatment arm. For the CSF PK 

parameters 𝑃𝑃𝐶 and 𝑘𝑝𝑙𝑎𝑠𝑚𝑎−𝐶𝑆𝐹, we also tested the effect of CSF total protein, 

albumin, and glucose concentrations. The precision of the parameter estimates of 

the final model, expressed as 95% confidence intervals and %RSE, was assessed 

using SIR (A.-G. Dosne, Bergstrand, and Karlsson 2017). 

In the plasma samples with matched free and total linezolid concentrations 

available, the free concentrations were regressed against the total concentration 
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with intercept of zero using Deming regression (Deming 1943; Linnet 1998). The 

fraction unbound (𝑓𝑢) was estimated from the slope of the regression line.  

Simulations 

The model-derived area under the concentration-time curve from time 0 to 24 hours 

post-dose (AUC0-24h) and the concentration at 24 hours post-dose (C24h) were 

calculated for the available profiles. Monte Carlo simulations (n=10,000) were 

performed using final model parameters to simulate concentration-time profiles in 

plasma and CSF following daily linezolid doses of 600 mg or 1200 mg at steady-

state for a typical participant with median FFM of 45 kg and CSF protein of 0.995 

mg/mL.  

Results 

Study data 

Thirty participants underwent PK sampling on the first PK visit on day 3 of the study 

and 18 participants had PK sampling at the second PK visit on day 28, one of whom 

was excluded from this analysis because all 3 samples were BLQ (later confirmed to 

have missed dosing). Reasons for missing the second PK visit included death, 

interrupting linezolid dose due to adverse events, or withdrawing consent. There 

were 247 plasma concentrations (6 were BLQ, 2.43%) and 28 CSF concentrations (7 

were BLQ, 25%) available for PK modelling. All participants were receiving linezolid 

1200 mg daily at the first PK visit; on day 28, 13 received 1200 mg and 4 received 

600 mg. Baseline clinical characteristics are summarized in Figure 7.1. Median CD4 

count was 137 cells/mm3 (range 2 to 890). Median duration on rifampicin therapy 
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was 5 days (range 0 – 7) at the Day 3 PK visit and 30 days (range 27 – 38) at the Day 

28 visit. Median CSF total protein concentrations decreased from 1.46 g/L (range 

0.31 – 54.7) at Day 3 to 0.75 g/L (range 0.22 – 2.19) at Day 28.  

Table 7.1: Clinical characteristics 

 Median (Min. – Max.) or No. (%)  

 
Visit Day 3 

(n = 30) 

Visit Day 28 

(n = 17) 

Males 18 (60%) 11 (65%) 

Age (years) 40 (27 – 56) 37 (27 – 51) 

Weight (kg) 58 (30 – 96) 61 (37 – 81) 

Height (m) a,c 1.61 (1.48 – 1.80) 1.61 (1.57 – 1.80) 

Fat-free mass (kg) b,c 45 (30 – 59) 48 (32 – 60) 

Serum creatinine (mmol/L) 61 (27 – 87) 50 (34 – 86) 

4-beta hydroxy-

cholesterol/cholesterol (molar ratio 

x10-5)d 

1.48 (0.313 – 6.79)  1.90 (0.384 – 5.50)  

Daily linezolid oral dose: 

1200 mg 

600 mg  

 

30 

0 

 

10 

7 

Duration of rifampicin treatment 

(days) e 
5 (0 – 7) 30 (27 – 38) 

CSF total protein (g/L)  1.46 (0.310 – 54.7) 0.750 (0.220 – 2.19) 

CSF albumin (g/L)  3.32 (0.93 – 23.34) 4.47 (0.46 – 11.41) 

CSF glucose (mmol/L)  2.9 (1.0 – 5.3) 3.2 (2.2 – 3.6) 

Antiretroviral therapy (ART): 

Previous ART  

ART Naïve  

On ART  

 

11 (37%) 

10 (33%) 

9 (30%) 

 

6 (35%) 

5 (29%) 

6 (35%) 

No. of participants concomitantly on: 

Tenofovir/Emtricitabine/Efavirenz 

Abacavir/Lamivudine/Lopinavir  

 

7 

2 

 

5 

1 
a Heights were missing for 18/30 (60%) participants and imputed based on sex and weight 

as outlined in the supplementary file.  
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b Fat-free mass was calculated based on sex, weight, and height according to the formula 

in Janmahasatian et al. 21  

c The median (min – max) values reported here are for the non-missing values (i.e., it does 

not include the imputed values). 

d The ratio of 4β-OHC to cholesterol was missing in 4 and 3 participants on day 3 and day 

28, respectively. 

e This refers to the total number of days since the start of tuberculosis treatment, which was 

~1-3 days before the recruitment into the study and start of the investigational treatment. 

Participants were on standard-dose (10 mg/kg) rifampicin when starting treatment and then 

switched to high-dose (35 mg/kg) rifampicin at the start of the study. 
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Pharmacokinetic modelling 

The plasma PK of linezolid was best characterised by a one-compartment 

disposition model, saturable elimination with Michaelis–Menten, and first-order 

absorption preceded by a chain of transit compartments. Saturable elimination 

resulted in a better model fit than linear elimination (dOFV = -9.03, p-value = 

0.00205, df = 1). A schematic diagram of the model is shown in Figure 7.1. Two-

compartment disposition was tested but did not result in a significant improvement 

of fit. Maximal clearance (𝐶𝐿𝑚𝑎𝑥) and volume of distribution (𝑉) were allometrically 

scaled using FFM (drop in objective function value (dOFV) = -30, compared to dOFV 

= -7.7 when using total body weight). In a typical participant (median FFM 45 kg) 

the value of maximal clearance (𝐶𝐿𝑚𝑎𝑥) was 7.25 L/h, the Michaelis-Menten 

constant (𝐾𝑚), which is a parameter that governs saturable hepatic elimination and 

represents the linezolid concentration at which half the 𝐶𝐿𝑚𝑎𝑥 is reached, was 27.2 

mg/L, and the volume of distribution (𝑉) was 40.8 L. The inclusion of between-visit 

variability in 𝐶𝐿𝑚𝑎𝑥 improved the model fit, but no systematic increase or decrease 

with time on treatment was observed. Longitudinal changes in clearance were 

explored by testing auto-inhibition and duration of rifampicin co-treatment, but no 

significant effect was found for either. We also could not find any effect when testing 

the ratio of 4β-OHC to cholesterol, creatinine clearance, or age on 𝐶𝐿𝑚𝑎𝑥 and 

bioavailability (𝐹). The final parameter estimates are presented in Table 7.2. A visual 

predictive check showing adequate model fit is depicted in Figure 7.5 in the 

supplementary file.  
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Figure 7.1: Schematic representation of the final model.  

𝑘𝑡𝑟 is the rate constant for the drug passage through the transit compartments, 

𝑘𝑃𝑙𝑎𝑠𝑚𝑎−𝐶𝑆𝐹, equilibration rate constant plasma-cerebrospinal fluid CSF) which 

describes how soon the change in plasma is reflected in the CSF; 𝑃𝑃𝐶𝑃𝑙𝑎𝑠𝑚𝑎−𝐶𝑆𝐹, the 

pseudo-partition coefficient which represents the ratio of drug in CSF to the plasma. 

 

Table 7.2: Final population pharmacokinetic parameter estimates for linezolid in 

plasma and lumbar cerebrospinal fluid 

Parameter 

Estimate  

(95% confidence interval) a 

[%RSE] a 

Maximal clearance, 𝐶𝐿𝑚𝑎𝑥 (L/h) b 7.25 (6.09 – 8.86) [9.93] 

Michaelis-Menten constant, 𝑘𝑚 (mg/L) 27.2 (16.0 – 46.4) [29.1] 

Volume of distribution, 𝑉 (L) b 40.8 (37.9 – 43.6) [3.65] 

Bioavailability, 𝐹 (.) 1 Fixed 

Mean transit time, 𝑀𝑇𝑇 (h) 0.211 (0.112 – 0.342) [28.6] 
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No. of absorption transit compartments, 𝑁𝑁 (.) 5.68 (2.36 – 11.8) [43.5] 

Absorption rate constant, 𝑘𝑎 (h-1) 1.21 (0.831 – 1.76) [19.6] 

Proportional error plasma (%) 21.5 (18.8 – 24.7) [7.06] 

Additive error plasma (mg/L) d 0.173 (0.0379 – 0.355) [47.1] 

Between-subject variability (BSV) in 𝐶𝐿𝑚𝑎𝑥 (%) 9.60 (3.44 – 13.9) [51.9] 

Between-visit variability (BVV) in 𝐶𝐿𝑚𝑎𝑥 (%) 20.3 (15.3 – 26.9) [30.7] 

Between-occasion variability (BOV) in 𝑘𝑎 (%) 87.9 (66.4 – 110) [25.9] 

BOV in 𝑀𝑇𝑇 (%) 110 (75.8 - 144) [32.8] 

Equilibration rate constant to CSF, 𝑘𝑝𝑙𝑎𝑠𝑚𝑎−𝐶𝑆𝐹 (h-1) e 0.198 (0.0849 – 0.340) [33.7] 

Maximal pseudo-partition coefficient to CSF, 𝑃𝑃𝐶𝑚𝑎𝑥 (.) 0.365 (0.238 – 0.566) [23.2] 

CSF protein at which 𝑃𝑃𝐶𝑚𝑎𝑥 is reached, 

𝐶𝑆𝐹 𝑝𝑟𝑜𝑡𝑒𝑖𝑛𝑚𝑎𝑥 (mg/mL) f 
1.18 (0.730 – 1.90) [24.4] 

Proportional error CSF (%) 91.5 (63.3 – 151) [23.4] 

Additive error CSF (mg/L) d 0.02 Fixed 

a Values in parentheses are the 95% confidence intervals and those in square brackets are the % 

relative standard errors, both computed with sampling importance resampling (SIR) on the final 

model.  

b The values of 𝐶𝐿𝑚𝑎𝑥 and 𝑉 were allometrically scaled, so the typical values reported here refer to 

the typical participant, i.e. a median FFM of 45 kg. 

d The estimate of the additive component of the error was not significantly different from its lower 

boundary of 20% of LLOQ, so it was fixed to this value.  

e Corresponds to an equilibration half-life of 3.5 (2.04 – 8.16) h 

f For CSF protein < 𝐶𝑆𝐹 𝑝𝑟𝑜𝑡𝑒𝑖𝑛𝑚𝑎𝑥  (𝑖. 𝑒. , 𝑡ℎ𝑒 𝑏𝑟𝑒𝑎𝑘𝑝𝑜𝑖𝑛𝑡): 𝑃𝑃𝐶𝑖 = 𝑃𝑃𝐶𝑚𝑎𝑥 . (𝑠𝑙𝑜𝑝𝑒. (𝐶𝑆𝐹 𝑝𝑟𝑜𝑡𝑒𝑖𝑛 −

𝑏𝑟𝑒𝑎𝑘𝑝𝑜𝑖𝑛𝑡)), where the 𝑏𝑟𝑒𝑎𝑘𝑝𝑜𝑖𝑛𝑡 was estimated to be 1.18 mg/mL, and the 𝑠𝑙𝑜𝑝𝑒 was calculated 

to be 0.847 from the following equation: 𝑠𝑙𝑜𝑝𝑒 = (𝑎𝑚𝑝𝑙𝑖𝑡𝑢𝑑𝑒 − 𝑖𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡)/(𝑏𝑟𝑒𝑎𝑘𝑝𝑜𝑖𝑛𝑡 − 0), where 
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the 𝑖𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡 and 𝑎𝑚𝑝𝑙𝑖𝑡𝑢𝑑𝑒 were fixed to 0 and 1, respectively. For CSF protein ≥ 𝐶𝑆𝐹 𝑝𝑟𝑜𝑡𝑒𝑖𝑛𝑚𝑎𝑥: 

𝑃𝑃𝐶𝑖 = 𝑃𝑃𝐶𝑚𝑎𝑥. The 𝑃𝑃𝐶-CSF protein relationship is depicted in Figure 2, and more details are 

provided in the supplementary file. 

 

The CSF concentrations were linked to the plasma concentrations with an 

equilibration half-life of 3.5 hours (95% confidence interval, 2.04 - 8.16) and the 

steady-state equilibrium ratio (𝑃𝑃𝐶), indicating the relative amount of linezolid 

exposure in CSF, which was dependent on CSF protein levels. The 𝑃𝑃𝐶-CSF protein 

relationship was described using a piece-wise linear (broken-stick) function, where 

the 𝑃𝑃𝐶 increased with higher CSF protein levels until a maximal CSF protein value 

where the 𝑃𝑃𝐶  plateaued (i.e., a maximal 𝑃𝑃𝐶 value). The breakpoint was 

estimated, while the slope (i.e., the change in 𝑃𝑃𝐶 per change in CSF protein) was 

calculated from the breakpoint and the intercept (minimum 𝑃𝑃𝐶) which was fixed to 

be 0 to prevent the estimation of negative values of 𝑃𝑃𝐶 which are physiologically 

unplausible. For each 0.1 mg/mL increase in CSF protein, we found an increase of 

3% in 𝑃𝑃𝐶 up to 1.18 mg/mL of CSF protein, after which the 𝑃𝑃𝐶 reached a maximal 

value of 0.365 (95% CI, 0.238 – 0.566) (Figure 7.2). Both CSF protein and CSF 

albumin were found to correlate significantly with 𝑃𝑃𝐶; however, the two are highly 

positively correlated. Only CSF protein was included in the final model because it 

resulted in a more significant drop in OFV and because albumin is a component of 

the proteins measured. 
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Figure 7.2: The relationship of 𝑃𝑃𝐶 vs the CSF protein level using the piece-wise 

(broken-stick) function.  

The solid line represents the median and the shaded areas represent the 

uncertainty around the estimates of the breakpoint (the maximal CSF protein value 

at which 𝑃𝑃𝐶𝑚𝑎𝑥 is reached) and the calculated slope. The dashed line depicts the 

extrapolated part of the 𝑃𝑃𝐶-CSF protein relationship for CSF protein values outside 

the range observed in the study cohort (The lowest observed value was 0.22 

mg/mL). The vertical ticks represent the values of CSF protein observed in our 

cohort (CSF protein values above 3 mg/mL were truncated for better figure visibility. 

Some of the ticks are overlapping because there are some duplicated CSF protein 

values). 

 

The regression plots of linezolid free concentrations versus total 

concentration (mg/L) and of linezolid 𝑓𝑢 versus total linezolid concentrations (mg/L) 

are shown in Figure 7.7and Figure 7.8 in the supplementary file. There was no 

apparent trend of changing 𝑓𝑢 across the observed total linezolid concentration 

range. 
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Simulations 

The simulated plasma and CSF concentration time profiles for the typical participant 

in our cohort following a once daily dose of either 600 mg or 1200 mg linezolid are 

depicted in Figure 7.3 and model-derived individual values for the steady-state 

AUC0-24h and trough concentrations are summarized in Table 7.3.  

 

Table 7.3: Linezolid model-derived area under the curve for 24 hours and 

concentrations at 24 hours post-dose  

 Median (Min. – Max.) 

 Plasma Cerebrospinal fluid 

Daily oral dose 

1200 mg 

(n = 40) 

600 mg 

(n = 7) 

1200 mg 

(n = 40) 

600 mg 

(n = 7) 

𝐴𝑈𝐶0−24ℎ (𝑚𝑔 ∙ ℎ/𝐿) 278 (87.3 - 762) 93.7 (66.7 - 167) 81.6 (19.7 - 234) 24.0 (6.55 - 56.8) 

𝐶24 (𝑚𝑔/𝐿) 1.69 (0.154 - 13.5) 0.406 (0.0614 - 1.67) 1.32 (0.327 - 6.48) 0.369 (0.0495 - 1.02) 
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Figure 7.3: Simulated typical concentration-time profiles for plasma and 

cerebrospinal fluid (CSF) for the 1200 mg and 600 mg oral daily dose of linezolid. 

The solid and dashed lines represent the median for the plasma and CSF, 

respectively and the shaded areas represent the 90% confidence intervals. The 

horizontal dotted line indicates the wild-type minimum inhibitory concentration 

(MIC) value of linezolid for Mtb. 
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Figure 7.4: Box and whisker plots showing the secondary model-derived exposure 

parameters, 𝐴𝑈𝐶0−24ℎ and concentration at 24 hours post-dose (𝐶24ℎ) stratified by 

dose.  

The boxes represent inter-quartile range, while whiskers are the 2.5th and 97.5th 

percentiles. The dots represent individual values (n = 7 for 600 mg and 40 for 1200 

mg of which 30 on day 3 and 10 on day 28).  

 

Discussion 

Linezolid is being evaluated in several clinical trials as part of enhanced 

antimicrobial therapy for TBM. This is based on limited clinical evidence from small 

observational studies in TBM (Sun et al. 2014; Li et al. 2016) and reports of 

successful use in gram-positive CNS infection. However, there is scarce information 

on linezolid exposure in the CSF, especially among patients with TBM, a presumed 

requirement for clinical efficacy in this condition. We characterized the PK of 

linezolid in plasma and CSF from a cohort of South African patients with HIV-

associated TBM. The extent of linezolid penetration into the CSF was ~30% on 
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average of plasma exposure and correlated with CSF protein concentrations – CSF 

penetration was higher in participants with higher CSF protein, reaching a maximal 

value of ~37%. Co-administration with high-dose rifampicin (35 mg/kg/day), when 

comparing the duration on rifampicin treatment on day 3 versus day 28 did not have 

a significant effect on the PK of linezolid.  

Several prior studies may help to contextualize our findings. A recent 

observational study reported CSF linezolid concentrations from 17 TBM patients 

(only one with HIV) who received linezolid 600 mg daily (Kempker et al. 2022). The 

median CSF concentrations were 0.90 mg/L and 3.14 mg/L and the CSF/serum 

ratios were 0.25 and 0.59 at 2- and 6-hours post-dose, respectively. CSF linezolid 

concentrations have also been reported from two small cohorts of neurosurgical 

patients receiving 600 mg linezolid intravenously every 12 hours. In the smaller 

study (n = 7) the mean observed CSF-to-plasma AUC ratio was 0.565 (n = 7), the 

mean (±standard deviation) 𝐴𝑈𝐶0−∞ after the first dose was 37.7 (±23.9) mg∙h/L and 

𝐴𝑈𝐶0−12ℎ after the fifth dose was 53.7 (±50.3) mg∙h/L. In the slightly larger study (n 

= 14) mean observed CSF-to-plasma AUC ratio was 0.66 and mean (±standard 

deviation) AUC in CSF was 101 ±59.6 mg.h/L (Viaggi et al. 2011; Myrianthefs et al. 

2006). Direct comparison is limited because of differences in population (HIV status, 

disease type and severity), dosing and administration, and drug assays. CSF/plasma 

concentration and AUC ratios should be cautiously interpreted in these prior studies 

(Kempker et al. 2022; Viaggi et al. 2011; Myrianthefs et al. 2006) since observed 

CSF and plasma concentrations were compared at the same timepoints, not 

accounting for delay in distribution between the plasma and CSF. Despite having 
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access to only a single CSF sample per visit (due to the invasive nature of lumbar 

puncture), using a model-based approach allowed us to describe the time course 

for linezolid entry into CSF. The limitation of sparse CSF sampling in our study was 

further mitigated by randomizing participants to different sampling times so that 

CSF samples could be obtained over the full dosing interval. Another limitation is 

the relatively high proportion of BLQ CSF samples, which gives a high variability in 

the observed CSF concentrations that is reflected in the proportional error estimate 

for the CSF observations. To test the effect of these samples on our analysis, we 

conducted a sensitivity analysis after excluding the BLQ samples. Excluding the BLQ 

samples mainly affected the estimate of the proportional error – which decreased 

but did not affect the estimates of the pseudo-partition coefficient and the 

equilibration half-life.  Additionally, we performed a parametric bootstrap 

(stochastic simulation and estimation, SSE) which yielded uncertainty values in line 

with the values obtained from SIR, thus corroborating our confidence in the results 

(Lindbom, Ribbing, and Jonsson 2004). 

Other studies have also reported a relationship between the levels of CSF 

total protein (or albumin) and antituberculosis drugs in TBM (E. M. Svensson et al. 

2020; Panjasawatwong et al. 2020). In a paediatric population there was a linear 

relationship between log-transformed CSF protein concentration and the CSF 

penetration of rifampicin, with a 63% increase in the penetration coefficient for 

every 10-fold change in protein levels (E. M. Svensson et al. 2020). In another 

paediatric TBM cohort, an exponential function was used to describe the 

relationship between CSF protein concentrations and the partition coefficient of 
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rifampicin where an increase of 1 g/L in CSF protein concentration resulted in a 

1.28-fold increase in the partition coefficient (Panjasawatwong et al. 2020).  

There are two plausible, potentially overlapping, explanations for our finding 

of a correlation between CSF protein levels and extent of CSF linezolid partitioning. 

In a healthy state, the BCSFB is intact and only a small fraction of plasma proteins 

can enter into the CNS, leaving only unbound drug fraction available for penetration 

into this compartment (Nau, Sörgel, and Eiffert 2010). Inflammation associated with 

TB meningitis may increase BCSFB permeability causing both plasma protein and 

total drug concentrations to be higher in the CSF. Another possible explanation for 

this relationship is higher endogenous CSF protein production from local 

inflammation leading to alterations in CSF drug binding kinetics and higher 

concentrations of total drug in TBM. Quantification of free drug CSF concentrations 

may help to further delineate CSF protein-drug relationships.  

Linezolid is provided with high dose rifampicin (35 mg/kg/day) in ongoing 

efficacy trials for TBM. Because of prior reports of a drug-drug interaction between 

rifampicin and linezolid, plus the likelihood of a rifampicin dose effect on 

metabolizing enzyme activity (Williamson et al. 2013) which could affect the 

linezolid plasma exposure and hence the CSF exposure, we investigated a potential 

effect of rifampicin on linezolid PK. In our study, there was no control group of 

participants who received only linezolid without rifampicin to clearly identify a drug-

drug interaction. However, estimated linezolid clearance in our cohort was 

comparable to that reported from patients receiving linezolid for drug-resistant 

pulmonary TB without concomitant rifampicin. In addition, since the maximal 
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cytochrome (CYP) P450 induction effect of rifampicin occurs after at least a week (J. 

Chen and Raymond 2006), we investigated the effect of the duration of rifampicin 

therapy (rather than rifampicin co-administration as categorical covariate) on 

linezolid PK, and could not detect any significant trends. Furthermore, we found no 

relationship between 4β-OHC:cholesterol or 4β-OHC alone (as predictive 

biomarker of enzyme induction by rifampicin) and linezolid clearance or 

bioavailability. Our data indicate that even if rifampicin had an effect on linezolid 

exposures, it is unlikely to be clinically relevant. 

In contrast to our findings, other smaller studies among healthy volunteers 

and non-TB patients have demonstrated a reduction in linezolid exposure when co-

administered with rifampicin (Okazaki et al. 2019; Hashimoto et al. 2018; 

Gandelman et al. 2011; Egle et al. 2005). This interaction has been variously 

attributed to either a large increase in the expression of the CYP3A4 isoenzyme that 

typically has a small contribution to linezolid clearance (Gandelman et al. 2011) or 

to increased upregulation of linezolid intestinal secretion by rifampicin induction of 

P-glycoprotein (P-gp) (Egle et al. 2005). There is no definitive evidence that linezolid 

is a substrate of P-gp, plus it is mainly (~68%) metabolized in the liver via morpholine 

ring oxidation, which is independent of the CYP450 system, with the remainder 

excreted unchanged via the kidneys (Gandelman et al. 2011). 

As reported for pulmonary TB patients, saturable elimination was observed 

at higher linezolid plasma concentrations, resulting in non-linear PK (Imperial et al. 

2022). Despite subtle differences in Michaelis-Menten elimination kinetics (𝐾𝑚) our 

estimates for 𝐶𝐿𝑚𝑎𝑥 and 𝑉 are in line with previously published linezolid models 
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(Imperial et al. 2022; Tietjen et al. 2021; Alghamdi et al. 2020; Kamp et al. 2017; 

McGee et al. 2009; Meagher et al. 2003). Prior models based on data from non-TB 

(Plock et al. 2007) and pulmonary TB patients (Mockeliunas et al. 2022), included an 

empirical inhibition compartment to describe concentration- and time-dependent 

autoinhibition of elimination. We also tested this approach, but it did not result in a 

better model fit for our data, and clearance values estimated by these models are 

similar to ours.  

An overview of these models and a comparison with the current work is summarized 

in Table S7.1in the supplementary file. 

Our analysis had several limitations. First, the sparse plasma sampling (3 

samples) performed during the 2nd PK visit does not allow for robust estimation of 

the non-linearity in clearance, especially since only 7 participants were on the 

reduced dose (600 mg). However, the model fit improved significantly (p-value < 

0.001) when including saturation of clearance with higher concentrations, 

supporting this conclusion. Secondly, a limitation of the 𝑃𝑃𝐶-CSF protein 

relationship in our model is that the minimum 𝑃𝑃𝐶 was fixed to 0 – meaning no 

linezolid enters the CSF - to prevent the estimation of negative values of 𝑃𝑃𝐶 which 

are physiologically implausible. However, a CSF protein value of 0 is also not 

observed in people where it varies between 0.2% and 0.5% of the total protein 

concentration of blood (H. Reiber 2001). It is considered that 80% of CSF proteins 

originate in blood and that CSF proteins are diluted in a molecule-size-dependent 

concentration gradient (Hansotto Reiber 2003). Finally, we did not undertake 

simulations to estimate probability of target attainment because a PK efficacy target 
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is not established for TBM. While our simulations do suggest that 1200 mg daily 

dosing will achieve linezolid concentrations above the critical concentration MIC for 

M. tuberculosis, it is important to note that this putative efficacy target is established 

in-vitro under conditions that are completely different from CSF Additionally, drug 

protein binding (and relative free fraction of active drug) in the CSF is unknown. 

In conclusion, we successfully developed a population PK model for linezolid 

among adults with HIV-associated TBM, demonstrating that linezolid penetrates 

into the CSF, a surrogate compartment for site of disease in TBM, at potentially 

therapeutic concentrations, even with concomitant use of high-dose rifampicin. 

More investigations on the CSF protein binding dynamics of linezolid are required 

to better understand its CSF partition. These findings support continued clinical 

evaluation of linezolid together with rifamycins for the treatment of TBM in adults. 

Our model provides a platform that can be used for exploring alternative linezolid 

dosing strategies in TBM once effective and safe treatment targets are established 

for this condition. 
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Supplementary materials 

 

Figure 7.5: Visual predictive check (VPC) (n=1000) showing plasma drug 

concentration versus time after dose for the final models stratified into plasma and 

cerebrospinal fluid.  

The dots are the original observations; the solid line is the median and the dashed 

lines are the 10th and 90th percentiles of the observed data; the shaded areas are 

the 95% confidence intervals of the same percentiles as simulated by the model. A 

suitably fitting model will have most of the observed percentiles within the 

simulated confidence intervals.  
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Figure 7.6 Demonstration on the interpretability of the equilibration rate constant 

and the PPC in the context of effect compartment modelling approach. 

 

 

Figure 7.7 Free linezolid concentration (mg/L) versus the total linezolid 

concentration in the same sample.  

The slope of the regression equation represents the fraction of unbound linezolid 

The slope was estimated using generalized Deming regression with constant error 

assumption (Deming 1943; Linnet 1998). 
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Figure 7.8 LOESS regression between linezolid fraction unbound and total linezolid 

concentrations(mg/L).  

There was no apparent trend between the two variables 

 

Laboratory assays 

Linezolid 

The CSF samples were processed with a protein precipitation extraction method 

using linezolid-d3 as the internal standard, followed by high-performance liquid 

chromatography with tandem mass spectrometry detection on a SCIEX API 3200 

instrument. The analyte and internal standard were monitored at mass transitions of 

the protonated precursor ions 338.2 and 341.1 to the product ions 296.3 and 297.3 

for linezolid and linezolid-d3, respectively. The calibration curve fitted a quadratic 

regression (weighted by 1/x) over the range of 0.1 to 20 mg/L. The accuracy of the 

quality control samples during sample analysis was between 103.5 and 105.5%, 

with precision of less than 2.1%.  
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Free linezolid  

The free linezolid assay consisted of ultracentrifugation and dilution, followed by 

on-line solid phase extraction (SPE) and high-performance liquid chromatography 

with tandem mass spectrometry detection (LC-MS/MS). On-line SPE was 

achieved using a Restek Viva BiPh 5 µm, 50 mm x 1.0 mm column, and LC 

separation was achieved using an Agilent Poroshell 120 EC- C18 2.7 µm, 50 mm x 

2.1 mm column, with a total run time of 6.5 minutes. A Sciex API 3200 mass 

spectrometer at unit resolution in the multiple reaction monitoring mode was 

used to monitor the transitions of the protonated precursor ions at 338.2 and 341.2 

to the product ions at 296.2 and 297.2 for linezolid and linezolid-d3, respectively. 

Electrospray ionisation was used for ion production. The calibration curve was 

fitted with a quadratic regression (weighted by 1/x) based on peak area ratios over 

the range of 0.100 – 30.0 µg/mL. The accuracy of the quality control samples was 

between 101.1 and 104.4%, with a coefficient of variation of less than 8%.   

4-beta hydroxy cholesterol (4β-OHC) 

4β-OHC was measured with a high-performance liquid chromatography with 

tandem mass spectrometry assay in the Division of Clinical Pharmacology at the 

University of Cape Town. The extraction process involved a liquid-liquid extraction, 

which uses alkaline hydrolysis using potassium hydroxide and chemical 

derivatization using picolinic acid. Stable isotope labelled 4β-hydroxy cholesterol-

d7 (4β-OHC-d7) was used to prepare calibration standards and quality control 

samples in human plasma. Endogenous 4β-OHC was measured using the surrogate 

analyte, 4β-OHC-d7. 4β-OHC -d4 was used as the internal standard. 
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Chromatographic separation was done with gradient elution on a Gemini C6 Phenyl 

analytical column. A Sciex 5500 mass spectrometer at unit resolution in the multiple 

reaction monitoring acquisition mode was used to monitor the transition of 

protonated ions to their respective product ions. Electrospray ionization in the 

positive mode was used for ion production. The calibration curve fitted a quadratic 

regression (weighted by 1/x²) over the range of 2.00 to 500 ng/mL.  

Pharmacokinetic modelling 

Nonlinear mixed-effects modelling in NONMEM® 7.5 with first-order conditional 

estimation with eta-epsilon interaction (FOCE-I) was used to develop a population 

pharmacokinetic model that describes linezolid pharmacokinetics (PK) in both 

plasma and lumbar cerebrospinal fluid (CSF). Pirana 3.0.0 software was used for 

model management; Perl-speaks-NONMEM® (PsN) 4.9.0 and R 4.0.4 via RStudio 

were used for post-processing NONMEM® results and generating figures (Keizer, 

Karlsson, and Hooker 2013).  For the plasma model, the nonlinearity in clearance 

observed at higher doses was accounted for by a concentration-dependent 𝐶𝐿 

described by the following equation: 

𝑉𝑚𝑎𝑥 =  𝐶𝐿𝑚𝑎𝑥 · 𝐾𝑚 

where 𝑉𝑚𝑎𝑥 is the maximal elimination rate in mg/h, 𝐶𝐿𝑚𝑎𝑥 is the maximal 

clearance in L/h apparent with linezolid plasma concentration (𝐶𝑝) approximating 

0, while 𝐾𝑚 is the 𝐶𝑝 in mg/L at which the elimination is half of 𝑉𝑚𝑎𝑥. Lag time and 

transit compartments were tested to capture the delay in the absorption process. 

Allometric scaling of clearance and volume parameters was tested as per Anderson 

and Holford (B. J. Anderson and Holford 2008) using the fixed power exponents of 
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0.75 for clearance and 1 for volume and either total body weight or fat-free mass 

(FFM) (calculated based on the formula in Janmahasatian et al.(Janmahasatian et al. 

2005) ) as body size descriptors. 

Between-subject, between-visit, and between-occasion variabilities were 

tested for the different plasma and CSF parameters. Each PK sampling day (day 3 

and day 28) was considered as a separate visit. Each dose and its following samples 

were considered a separate occasion, therefore, the dose before the sampling visit 

along with the predose concentration were treated as a separate occasion from the 

dose administered during the PK visit and the following concentrations. Residual 

unexplained variability was described using a combined proportional and additive 

error model, with the additive error for all samples set to be at least 20% of the 

LLOQ. Concentrations below the lower limit of quantification (BLQ) were censored 

according to Beal’s M6 method, in which the last censored value in a series during 

the absorption phase and the first censored value in a series in the terminal phase 

was replaced with LLOQ/2 and the other censored values in a series were discarded 

(S. L. Beal 2001). To account for the larger level of uncertainty in the imputed 

censored values, their additive error was inflated by LLOQ/2.  Also, the M3 method 

was tested as there was a large fraction of BLQ values in the CSF but it did not result 

in a meaningful difference in the parameter estimates. On the other hand, it caused 

longer run times and, most importantly, less stable final parameter estimates. For 

this reason, we proceeded with the M6 method (S. L. Beal 2001).   

The process of model development and covariate inclusion was guided by 

physiological plausibility, model fit diagnostics, and the drop in the objective 
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function value (OFV). The likelihood ratio test for the drop in OFV was used to 

compare between nested models, assumed to be approximately χ2 distributed with 

n degrees of freedom, where n is the number of additional estimated parameters. 

A p-value of 0.05 was generally used for inclusion and 0.01 for retention. Model 

performance was evaluated by means of visual predictive checks (VPC). The VPC for 

the final model stratified into plasma and CSF concentrations is shown in Figure S1. 

Final parameters precision (95% confidence intervals) was obtained by sampling 

importance resampling (SIR) (A. G. Dosne et al. 2016). 

Imputation of missing covariates 

Missing covariates such as CSF protein, CSF albumin, and CSF glucose levels were 

imputed by the median. A different approach was used for the missing heights 

(necessary for fat-free mass calculation) since it was missing in 60% of the 

participants. Missing heights were imputed using multiple linear regression as 

suggested by Johansson and Karlsson (Johansson and Karlsson 2013). In the first 

step, participant characteristics, namely sex, weight, and height from a study in a 

similar population (Brust et al. 2021) were used to develop a multiple linear 

regression model for height versus weight by sex and accounting for residual 

variability in heights. Secondly, this multiple linear regression model was used to 

estimate the missing heights in NONMEM using a random effect model as shown in 

the equation below:  

𝐻𝑡𝑖 = 𝛽 + 𝛼. 𝑊𝑡𝑖 . 𝑒𝜂𝑖 

Where 𝐻𝑡𝑖 is the individual height in meters and 𝑊𝑡𝑖   is the individual weight in 

kilograms. 𝛽 and 𝛼 are the model mean intercept and slope respectively. 𝜂𝑖 is the 
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random effect accounting for the individual difference from the mean values. The 𝜂𝑖 

values are assumed to be normally distributed with mean zero and variance 𝜔2.The 

values of 𝛽 and 𝛼 are 1.51 and 0.00133 for females and 1.53 and 0.00281 for males 

respectively. the values of 𝜔2 were 0.00215 and 0.00170 for females and male 

respectively. NONMEM implementation can be found in the NONMEM code 

provided.  

Effect compartment modelling for CSF concentrations 

The CSF concentrations were modelled as dependent on plasma concentrations 

using an effect compartment, as previously proposed and implemented by Sheiner 

et al. (Sheiner et al. 1979) and Savic et al (Savic et al. 2015). Effect compartments are 

assumed to have a negligible volume compared to the central compartment, with 

negligible drug transfer between the two compartments. The following differential 

equation summarizes the kinetics of the effect compartment: 

𝑑𝐶𝐶𝑆𝐹

𝑑𝑡
= 𝑘𝑝𝑙𝑎𝑠𝑚𝑎−𝐶𝑆𝐹 ∙ (𝑃𝑃𝐶 ∙ 𝐶𝑝𝑙𝑎𝑠𝑚𝑎 − 𝐶𝐶𝑆𝐹), 

where 𝑘𝑝𝑙𝑎𝑠𝑚𝑎−𝐸𝑓𝑓 is the first-order equilibration rate constant of the drug between 

the central compartment (i.e., plasma) and the effect compartment (i.e., CSF), 𝑃𝑃𝐶 

is the pseudo-partition coefficient, 𝐶𝑝𝑙𝑎𝑠𝑚𝑎 and 𝐶𝐶𝑆𝐹 are the drug concentration at 

time 𝑡 in plasma or CSF, respectively. Figure 7.6 shows the interpretability of the 

equilibration rate constant and the PPC in the context of effect compartment 

modelling approach. 
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Table S7.1 Overview of Linezolid previously published popPK models and current 

worka. 

 
Study 

population 
Dose 

CL 

(L/h) 
V (L) 

Q 

(L/h) 
Vp (L) 

Km 

(mg/L

) 

(Abdelwahab et al. 

2021) 
DR-TB 

300 & 600 mg 

 
3.57 40.2 - - - 

(Tietjen et al. 

2021) 
MDR-TB 

300, 350, 450, 

or 600 mg bid 
7.69 45.2 - - - 

(Alghamdi, Al-

Shaer, and 

Peloquin 2018) 

DS-TB & MDR-TB 

300 – 600 qd 

600 mg qd or 

bid 

6.32 40.6 - - - 

(Plock et al. 2007) 

Healthy 

volunteers and 

septic patients 

600 mg bid 11.1 20.2 75.0 28.9 - 

(Meagher et al. 

2003)b 

Multidrug-

resistant gram-

positive 

infections 

600 mg bid 6.85 39.3 9.09 23.6 1.46 

(Imperial et al. 

2022)c 

 

XDR or TI/NR 

MDR-TB patients 

linezolid 

dosages of 600 

or 1200 mg 

total daily 

(twice- or once-

7.9 49 0.8 14 16 
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daily) for 6 

months 

 

Current workc 
TBM patients 

with HIV 

1200 mg for 4 

weeks followed 

by 600 mg 

7.25 
40.8 

- - 27.2 

a None of the patients were co-administered with Rifampicin except for the current 

population. 

b LZD popPK was described by parallel first-order and Michaelis-Menten elimination 

models. The CL value represents the average total clearance over the first week. 

c  LZD PK was described by a non-linear clearance (Michaelis-Menten). 

XDR = extensively drug-resistant 

Tl/NR MDR-TB = treatment-intolerant or nonresponsive TB patients 
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Chapter 8 : Conclusion 

Summary and discussion 

In this thesis, I leveraged pharmacometric modelling approaches to tackle some of 

the knowledge gaps encountered in TB prevention and treatment with particular 

emphasis on TBM. Through rigorous modelling and simulation approaches, I 

provided insights into adherence evaluation, and treatment regimen optimisation 

for hospitalised patients and TBM paediatric and adult patients to improve clinical 

outcomes. 

In Chapter 3, I demonstrate how modelling and simulation can be leveraged 

to evaluate adherence. In this study, pyrazinamide concentrations at 24 h were used 

as an adherence measure. Nonadherence thresholds were set based on the LLOQ 

(method 1) and a personalised thresholds from model-based simulations (method 

2). The analysis suggests that poor adherence may have influenced the primary 

outcome of the REMEMBER study, but there is insufficient evidence to definitively 

attribute this outcome to non-adherence. Despite the limited utility of model-based 

simulations combined with drug concentration measurements in this case, they 

hold promise for other drugs, for example, drugs with long half-lives as discussed 

in the “Future Perspectives” section. Additionally, the adherence threshold 

obtained through model simulations proved more sensitive than using a simple 

LLOQ-based approach. 

In Chapter 4, I examined whether the higher mortality rates observed among 

hospitalised TB patients compared to those treated as outpatients could be 

attributed to differences in the pharmacokinetics of the antitubercular drugs 
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rifampicin, isoniazid, and pyrazinamide, leading to lower drug exposures. As 

discussed for the treatment challenges in Chapter 1, several physiological changes 

in sick patients can alter drug pharmacokinetics, potentially leading to 

underexposure. However, contrary to expectations, our analysis revealed no 

clinically significant differences in drug exposure between hospitalised patients and 

outpatients, as well as between hospitalised patients who died within 12 weeks and 

those who survived. There does not seem to be a pharmacokinetic basis for the 

observed mortality. However, the question remains whether hospitalised patients 

could benefit from higher rifampicin doses or IV rifampicin. It's crucial also to 

recognise that the higher mortality observed in hospitalised TB patients may not 

stem from antibiotic underexposure or inefficacy, as shown in our study. The 

underlying severity of inflammation or sepsis could instead be the primary driver of 

mortality, indicating a need for interventions beyond increased antibiotic dosage. 

A negative correlation was found between bilirubin levels and rifampicin 

clearance. Rifampicin and its major metabolite are mostly excreted through the 

biliary tract; therefore, rifampicin and bilirubin have been reported to compete for 

the same pathway (G. Acocella 1978; Lal et al. 1972). It is unclear whether elevated 

bilirubin levels are the cause for reduced rifampicin clearance or if it is reduced 

activity of the excretion pathway shared between rifampicin and bilirubin that leads 

to higher levels of both. Another possible alternative explanation, as suggested by 

some studies (L. H. te Brake et al. 2021; L. H. M. Te Brake et al. 2016; Asaumi et al. 

2019), is a more complex, non-competitive inhibitory action of rifampicin on key 

transport proteins responsible for clearing bilirubin (e.g. Multidrug Resistance-
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Associated Protein 2). Therefore, dose adjustment recommendations cannot be 

made at this time, and further research is needed. Moreover, I noted more variable 

rifampicin absorption and higher between-subject variability in pyrazinamide 

clearance among hospitalised patients compared to outpatients, and among 

hospitalised patients who died within 12 weeks versus those who survived. 

However, overall exposures are not likely to be clinically significant. The modelling 

approach utilised collected data more effectively than traditional pharmacokinetic 

study designs, especially when dealing with several confounders. It also factors in 

different doses, dosing times, and other individual participant characteristics (e.g. 

weight) to quantify drug exposures. This allows for identifying population 

subgroups that might otherwise not be found (Bonate 2013). 

A potential source of bias in this study could be the exclusion of patients who 

did not survive beyond day 3, when the PK visit is carried out. The study may exclude 

the most critically ill patients who die shortly after hospitalisation, potentially leading 

to a survival bias. However, reports indicate that the majority of the inpatient TB/HIV 

deaths occur within 2 weeks and often at a median of 4-5 days after admission. 

Crucially, our study design captured patients within this critical window. If a 

significant survival bias were present, a trend would have been observed between 

hospitalised and outpatients; however, no such trend was observed. The patients in 

the study were followed for 12 weeks, and hospitalised patients who died vs those 

who survived would be an indication of the severity of the disease. Other 

biomarkers (e.g. lactate levels) were also tested in the PK model as indicators of 

disease/sepsis severity. 
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Chapters 5 – 7 present findings from two clinical studies conducted in TBM 

patients. A major limitation in TBM clinical studies is the limited number of 

participants and observations per participant, particularly CNS samples, because of 

the invasive nature of the lumbar puncture procedure used to obtain these samples. 

Typically, only 1 to 2 lumbar punctures can be performed during the study period. 

Population modelling methods are invaluable in this context because they enable 

more effective analysis when the available data is sparse and not collected 

according to a set sampling schedule. It can also integrate different types of 

observations (e.g. plasma and CSF) and unlike in a traditional NCA, modelling can 

take into consideration the delay between drug kinetics in plasma and CSF.  

By analysing rifampicin observations collected opportunistically from lumbar 

CSF, ventricular CSF, brain ECF, and plasma from children with TBM, I presented 

novel findings about rifampicin pharmacokinetics in the CNS in Chapter 5. The 

extent of distribution of rifampicin is ~5% in lumbar CSF and ~0.5% in ventricular 

CSF and brain ECF. Despite the shortcomings discussed in the chapter on MD that 

make it difficult to interpret ECF results, it provides a novel proof-of-concept that 

rifampicin gets into the brain tissue. Due to the sparse plasma sampling, modelling 

allowed for incorporating prior knowledge to better characterise the plasma model 

upon which the CNS model was based. 

Likewise, I employed PK modelling to explore CSF distribution and activity of 

rifampicin and linezolid in adult patients with TBM co-infected with HIV in chapters 

6 and 7, respectively. I estimated the CSF partition coefficients at ~5% for 

rifampicin, which is in agreement with our results in children with TBM (see Chapter 
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5). CSF penetration of linezolid increases with increasing total protein levels, 

peaking at 37%. Although rifampicin is a potent inducer of the cytochrome P450 

system and an upregulator of drug transporters (Finch et al. 2002), its co-treatment 

duration did not appear to affect linezolid pharmacokinetics. 

Beyond characterising data, once a model is developed, the model can be 

used to answer “what if” questions – a process known as simulation. The developed 

models can simulate different dosing scenarios to optimise treatment regimens 

(Bonate 2013). The models developed for TBM in this thesis could be employed for 

further investigations of other dosing regimens. I have used simulations in this thesis 

to simulate typical concentration time profiles for different scenarios. For example, 

comparing the exposures across vs weights for the 2014 WHO dose regimen 

recommendation and the 2022 WHO short intensive regimen for TBM treatment in 

children in Chapter 5. In summary, while NCA is straightforward and useful for initial 

drug evaluations, modelling offers a more detailed, flexible, and predictive 

approach, making it increasingly valuable for pharmacokinetic studies. 

There does not seem to be pharmacokinetic basis for the observed mortality. 

However, the question remains whether hospitalised patients could benefit from 

higher rifampicin doses or IV rifampicin. Growing evidence suggests that higher 

doses of rifampicin are both beneficial and well-tolerated. While pharmacokinetic 

differences do not justify higher doses, hospitalized patients may still benefit from 

intensified treatment. Further research is needed to explore this approach. 
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Future Perspectives 

Towards better adherence assessment 

Based on the discussion presented in Chapter 3, I recommend using a 

pharmacometric modelling and simulation approach to establish personalised 

thresholds for assessing drug adherence. This method is not limited to TB drugs but 

can be applied to a wide range of medications, including antiretrovirals (ARTs). This 

method is particularly useful for drugs with long half-lives such as bedaquiline and 

clofazimine. It is also useful in two key scenarios. First, when a drug exhibits low 

between-subject variability (e.g. lamivudine), it becomes easier to determine 

adherence because any deviation from expected levels strongly indicates non-

adherence (C. Zhang et al. 2012). In this case, the observed drug concentration can 

provide a clear signal of adherence. Second, for drugs with high between-subject 

variability, if this variability can be predicted using observable covariates such as 

genetics (e.g. CYP2B6 genotype for efavirenz) or renal function. For example, if a 

drug's pharmacokinetics are largely influenced by renal clearance, individual 

differences can be accounted for, allowing for a more accurate personalization of 

the threshold. This ability to model and adjust for predictable sources of variability 

enhances the utility of the pharmacometrics approach, making it a valuable tool in 

assessing adherence.  

Towards better TB treatments in hospitalised patients 

As shown in Chapter 4 indicate that hospitalised patients do not seem to have lower 

drug exposures than outpatients. Therefore, there is no pharmacokinetic basis for 

the observed mortality. However, the question remains whether hospitalised 
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patients could benefit from higher rifampicin doses. Growing evidence suggests 

that higher doses of rifampicin are both beneficial and well-tolerated, so 

hospitalized patients may still benefit from intensified treatment. Further research is 

needed to explore this approach.  

Previous reports have shown that rifampicin absorption is highly variable 

(Wilkins et al. 2008) and that FDC and individual tablets usually have different 

bioavailabilities. Variability in absorption is further compounded when drugs are 

administered to young children; the dose is typically administered with an oral 

syringe and often involves incremental dosing rather than a single administration. 

Future research could also consider administering rifampicin intravenously. 

Moreover, this variability complicates the accurate correlation of plasma and CSF 

observations and the identification of other sources of variability in studies in TBM 

patients. To address these issues and ensure more reliable data, I suggest 

considering administering IV rifampicin in future clinical trials. 

Towards better TBM treatments in adults and children: 

In moving towards an effective TBM treatment, the objective is to ultimately achieve 

concentrations of antitubercular drugs within the human brain and central nervous 

system (i.e., the site of infection) sufficient for microbial eradication. This entails: 1) 

a better understanding of antitubercular pharmacokinetics and exposure in the 

various CNS tissues and CSF and 2) the establishment of antitubercular drug 

exposure targets and exposure-response relationships. 
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The value of microdialysis 

Microdialysis holds significant promise in advancing CNS pharmacokinetic studies 

by offering real-time monitoring of drug concentrations in the extracellular fluid of 

the brain and the spinal cord. Currently, it is the only method that accomplishes 

spatial and temporal resolution in studying brain drug concentrations, nonetheless, 

there are some research gaps related to its use in TBM clinical studies. I suggest that 

future studies optimise the use of MD in clinical studies for drugs used in TBM 

treatment. In MD, conditions such as flow rate, and semipermeable membrane pore 

size among other factors affect the recovery of the drug in the catheter, in addition, 

the exact location of MD catheter placement in the brain tissue may affect the 

concentrations measured (Kho et al. 2017).  

MD is an invasive procedure that is not feasible for routine use in TBM 

patients in clinical trials. However, in cases where it is required for clinical 

management, data can be collected opportunistically. Even with a small sample 

size, the data obtained would be highly valuable for investigating drug 

concentrations in brain tissue. Despite its limitations, the strength and precision of 

these measurements make MD a promising tool for further research in this area. 

Ultimately, optimising MD conditions for diverse drug molecules will enhance the 

utility of this technique in CNS pharmacokinetic studies, facilitating more precise 

drug delivery strategies and improving therapeutic outcomes for neurological 

conditions such as TBM.  
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The value of preclinical tools 

Secondly, pharmacokinetic observations at the site(s) of infection such as meninges 

and brain cannot be obtained in humans, instead, single time point spinal CSF 

observations are usually used as a surrogate. However, these samples do not 

accurately represent total exposure at the site(s) of infection (Litjens, Aarnoutse, and 

te Brake 2020). This highlights the need for improved preclinical tools to measure 

drug distribution and activity at the site of disease (Lanni et al. 2023). Preclinical 

animal models that recapitulate neurological and immunopathological features of 

human disease in combination with human plasma and CSF data would be 

extremely valuable for predicting the site of disease drug exposures. An example 

of that is the model developed by Lanni et al. (Lanni et al. 2023) that was used to 

show that rifabutin at human-equivalent doses achieved potentially therapeutic 

exposure in relevant CNS tissues, supporting further evaluation in clinical trials 

(Wasserman et al. 2024). 

Moreover, quantitative systems pharmacology (QSP) models can also be 

employed to extend beyond mechanistic models. When combined with preclinical 

animal models, QSP models could provide valuable insights into drug exposure at 

the site of disease. This integration enhances the ability to predict therapeutic 

outcomes and optimize drug development strategies (Androulakis 2016).  

Understanding changes in protein binding 

One of the clinical characteristics of TBM is inflammation of the protective barriers 

(Wilkinson et al. 2017). Therefore, understanding how pathophysiological changes 

in the protective barriers, such as the degree of inflammation in the BBB and BCSFB, 
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and the extent of leakage, impact the levels of total CSF protein and CSF albumin is 

essential. These changes can influence the degree of drug binding within the CSF, 

affecting the amount of free drug capable of penetrating the CNS tissues and 

exerting a pharmacological effect. For future clinical studies involving the collection 

of CSF samples, I advise quantifying unbound drug concentrations and CSF total 

protein and/or albumin. By assessing unbound drug concentrations alongside 

changes in barrier integrity and CSF composition, researchers can better elucidate 

the pharmacokinetic behaviour of drugs in the CNS including the levels of active 

drugs available to exert pharmacological effect within the CNS, optimise dosing 

regimens, and enhance therapeutic outcomes. 

Establishing CNS exposure targets 

Finally, understanding the CNS pharmacokinetics of antitubercular drugs is only 

one aspect of the challenge. To achieve a comprehensive understanding, it is crucial 

to establish CNS exposure targets that ensure both efficacy and safety for all 

antitubercular drugs used to treat TBM. It is important to note that the MICs used as 

putative efficacy targets are established in vitro under conditions that differ 

significantly from those in the CSF and CNS. These laboratory conditions do not 

fully replicate the complex environment of the CSF, where factors such as local 

immune responses can influence the drug's effectiveness. Consequently, the 

relevance of MICs determined in vitro to actual therapeutic outcomes in the CNS 

remains uncertain, necessitating further research to validate these targets in a 

clinical context. 
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Towards better investigation of drug-drug interactions: 

Combining linezolid with rifampicin, particularly at doses > 10 mg/kg in TBM 

treatment regimens is a new promising direction under investigation in TBM clinical 

trials. However, rifampicin is notorious for its drug-drug interactions due to its 

induction of many metabolising enzymes and transporters via activation of the 

Pregnane X receptor, which can potentially affect the exposure of concomitant 

drugs (Jamis-Dow et al. 1997). As I have alluded to in Chapter 5, the high-dose (35 

mg/kg) rifampicin and linezolid combination seems promising in getting more 

effective TBM treatment regimens, since I were not able to detect any interaction 

between linezolid and high-dose rifampicin. Nonetheless, a limiting factor in our 

study was the absence of a study arm who did not receive any rifampicin. Hence, 

future clinical trials should focus on understanding the interactions between 

rifampicin and linezolid to ensure the safety and effectiveness of this treatment 

combination. A drug-drug interaction may have clinically significant consequences 

since rifampicin is a potent inducer of the cytochrome P450 system and, while the  

exact elimination pathway of linezolid remains unclear, research suggests it could 

involve an unidentified cytochrome P450 enzyme (Finch et al. 2002; Plock et al. 

2007). Similarly, future studies need to address the question of possible drug-drug 

interactions of rifampicin with different ARTs.  

Furthermore, for studies involving rifampicin, a more powerful study design 

to characterize the level of autoinduction is to collect samples on the first day of 

starting treatment and again after steady-state is reached, ~3-4 weeks later. This 

approach allows for a more detailed characterisation of the autoinduction of 
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clearance.  Rifampicin is a strong inducer of cytochrome P450 enzymes, especially 

CYP3A4. Through autoinduction, it accelerates its own metabolism as well as that 

of other drugs metabolized by these enzymes. This can result in lower plasma 

concentrations and reduced therapeutic effectiveness of co-administered drugs, 

potentially requiring dose adjustments. Some studies have also used 4β-

hydroxycholesterol or the 4β-hydroxycholesterol : Cholesterol ratio as endogenous 

markers for the degree of CYP3A4 induction (Diczfalusy et al. 2011; Hole et al. 2018; 

Kim et al. 2018).  

Additionally, sampling should allow for the full characterization of the  

concentration-time profile. For example, sampling should be up to ~3.3 half-lives 

to capture the terminal elimination phase (Hallare and Gerriets 2023). This can be 

done in a subset of patients rather than all, as PopPK modelling allows for effective 

analysis of intensive sampling in a few individuals combined with sparse sampling 

across a larger group. As previously outlined in Chapter 6, the first samples in the 

LASER-TBM PK study were taken ~5-7 days after starting rifampicin treatment 

initiation, which limited the ability to describe clearance semi-mechanistically.  

Physiologically-based pharmacokinetic (PBPK) simulations are also 

becoming an increasingly reliable platform for predicting DDIs. It predicts drug 

pharmacokinetics in humans by combining data from multiple in vitro and clinical 

studies, assessing how drug-related factors (e.g., physicochemical properties) and 

physiological system characteristics influence drug exposure (Hong et al. 2022). The 

predictive power of PBPK simulations in modelling CYP enzyme-mediated DDIs is 

well established (Hong et al. 2022; Wagner et al. 2016). 
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Conclusion  

Developing optimal TB prevention and treatment regimens that are effective and 

safe is imperative to successfully combat this global epidemic. This need is even 

more pressing for TBM, where treatment is particularly challenging due to the 

difficulty of drug penetration into the CNS, the primary site of infection.  

While optimizing drug regimens by identifying the most effective drugs, 

dosages and duration is essential, patient adherence is equally critical—after all, 

even the best treatments are ineffective if they are not taken as prescribed. Beyond 

answering scientific questions about the best regimen, it is vital to bridge the gap 

between research and real-world implementation. Pharmacometrics can play key 

roles in both aspects, helping to design effective therapies while also supporting 

strategies to improve adherence and public health outcomes. 

Given the high cost of clinical trials, pharmacometrics is a powerful tool for 

addressing many unanswered questions in the field. Modelling and simulation 

approaches can significantly reduce the cost of TB clinical trials, particularly in 

resource-limited settings, by optimizing sampling strategies, addressing study 

objectives with fewer patients, utilizing sparse samples, and predicting 

pharmacological success and target attainment. Additionally, these approaches 

enable the pooling of datasets across different studies, maximizing the use of 

existing data. In certain populations, such as critically ill patients, children, or those 

with TBM, modelling and simulation allow for opportunistic analyses, providing 

valuable insights that might otherwise be difficult to obtain through traditional 

clinical trials. 
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The research presented in this thesis contributes to the current body of 

knowledge by providing recommendations on the utility of modelling and 

simulation to measure adherence. That is in addition to characterising the 

pharmacokinetics of rifampicin, isoniazid, and pyrazinamide in patients hospitalised 

due to TB, plus characterising the CSF pharmacokinetics of rifampicin in children 

and adults with TBM, and of linezolid in adults with TBM and HIV. The presented 

models serve as a platform to enhance study design, facilitate result interpretation, 

and optimize TB treatment strategies, as well as improve treatment adherence. 
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Appendix 1: NONMEM code  

Final NONMEM code for results presented in Chapter 3 

For simulation of pyrazinamide concentrations 

; 1. Based on:  

; Model desc: max.accum.dose=1 C24-C48 Sim 

$SIZES      PD=-1000 LVR=-150 LTH=-200 MAXFCN=10000000 LNP4=-

150000 DIMTMP=1000 ; Settings for the memory of NONMEM 

$PROBLEM    REMEMBER ADHERENCE SIM CONC AT 24H & 48H PZA 

$INPUT      ID PID ARMTYPE=DROP CASE GRP WHAT=DROP VISIT TIME 

OCC EVID AMT DV BLQPZA MDVPZA AGE SEXF HT WT FFM FAT TABNUM PROB  

$ABBREVIATED PROTECT 

$ABBREVIATED DECLARE INTEGER NDOSE INTEGER MAX_ACCUM_DOSES 

;needed to define variables for dose accumulation 

$DATA      simpza_31.01.21.csv IGNORE=@ ;IGNORE(ID.EQ.26) 

$SUBROUTINE ADVAN13 TRANS1 TOL=8 ATOL=8 ;SSTOL=3 SSATOL=3 

$MODEL      NCOMPS=2 COMP=(ABS DEFDOSE) ;Gut_PZA 

            COMP=(CENTRAL DEFOBSERVATION) ;Central compartment 

$PK  

;TO PRINT ONLY SIMULATED CONC ROWS 

; EXCL=0 

; IF(EVID.EQ.1) EXCL=1 

 

MXSTEP=5000 ; Maximal number of numerical integration steps 

Advan 9 and 13   
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;-----Allometric Scaling--------------------------------------

TVFFM = 42.10 

TVWT  = 56.88 

TVFAT = 14.21 

ALLMCLWT=(WT/TVWT)**0.75 

ALLMVWT=WT/TVWT 

ALLMCLFFM=(FFM/TVFFM)**0.75 

ALLMVFFM=FFM/TVFFM 

;-----Typical Parameters--------------------------------------

DAY = 28 

CLBS=THETA(3)          ; CL DAY0 

CL28=THETA(4)          ; CL DAY28 

NATVCL=CLBS + (CL28-CLBS)*(DAY/28)  ; Ensures that we estimate 

clearance on day 28 

PROPERR  = THETA(1)   ;Proportional error sigma 

ADDERR   = THETA(2)   ;Additive error sigma 

TVCL   = NATVCL * ALLMCLFFM  ;Clearance [L/h] 

TVV   = THETA(5) * ALLMVFFM   ;Volume, central [L] 

TVBIO   = THETA(6)  ;Bioavailability 

TVKA   = THETA(7)  ;Absorption rate constant 

[1/h] 

TVMTT   = THETA(8)  ;Mean transit time [h] 

TVNN   = THETA(9)  ;Number of transit 

compartments 
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;-----Between-Subject Variability-----------------------------

BSVCL    = ETA(1) 

BSVV     = ETA(2) 

BSVBIO   = ETA(3) 

BSVKA   = ETA(4) 

BSVMTT   = ETA(5) 

; ;-----Between-Visit Variability------------------------------

BVVCL = 0 

IF(VISIT.EQ.2)  BVVCL = ETA(6) 

IF(VISIT.EQ.4)  BVVCL = ETA(7) 

IF(VISIT.EQ.8)  BVVCL = ETA(8) 

BVVV = 0 

IF(VISIT.EQ.2)  BVVV = ETA(9) 

IF(VISIT.EQ.4)  BVVV = ETA(10) 

IF(VISIT.EQ.8)  BVVV = ETA(11) 

BVVBIO = 0 

IF(VISIT.EQ.2)  BVVBIO = ETA(12) 

IF(VISIT.EQ.4)  BVVBIO = ETA(13) 

IF(VISIT.EQ.8)  BVVBIO = ETA(14) 

BVVKA = 0 

IF(VISIT.EQ.2)  BVVKA = ETA(15) 

IF(VISIT.EQ.4)  BVVKA = ETA(16) 

IF(VISIT.EQ.8)  BVVKA = ETA(17) 

BVVMTT = 0 

IF(VISIT.EQ.2)  BVVMTT = ETA(18) 
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IF(VISIT.EQ.4)  BVVMTT = ETA(19) 

IF(VISIT.EQ.8)  BVVMTT = ETA(20) 

;-----Individual Parmeters------------------------------------

CL  = TVCL * EXP(BSVCL + BVVCL) 

V    = TVV*EXP(BSVV + BVVV)  

BIO  = TVBIO*EXP(BSVBIO + BVVBIO)  

KA   = TVKA*EXP(BSVKA + BVVKA)  

MTT  = TVMTT*EXP(BSVMTT + BVVMTT)  

NN  = TVNN 

 

;-----Initialization of Compartments---------------------------

A_0(1) = 0.0000001 ;gut 

A_0(2) = 0.0000001 ;central 

K20 = CL/V 

 

;-----Transit Compartments with Dose Accumulation--------------

-------; IMPORTANT!!! This code will NOT work if ALAG1 (or ALAGx) 

is defined in the code above. 

; DO NOT USE ALAGx, use the parameter TLAG or re-assign it below 

; If you want to use a delay before the transit starts the 

absorption, re-assign the variable here. 

; NOTE that you MUST uncomment also CALLFL=-2 

;TLAG    = TVTLAG + BVVTLAGTR ;Additive model 

; TLAG = Reassign here a variable added above! Do NOT use 

ALAGx!!! 
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TLAG = 0 

; CALLFL = -2  

; Setting CALLFL = -2 makes sure the PK subroutine gets called 

with every event record,  

; with ADDL and lagged doses, and at modeled event times that 

are not explicitily a line in the dataset. 

; It is here so that the TLAG and ADDL work 

; It does not apply to the ERROR or ADVAN9 or ADVAN15 routines. 

 

; Set SS = 0 if SS is not used in the dataset 

SS = 0 

; IMPORTANT!!! This sets the maximum number of doses that will 

be remembered by NONMEM the super-imposition 

; With MAX_ACCUM_DOSES=2, the code "accumulates" the latest 2 

dose.  

; If you want to increase this, you must also uncomment below 

the code for the doses beyond the 2nd 

MAX_ACCUM_DOSES = 1 

; This is the time after which the transit should be turned off 

(absorption completed) 

; It is meant to save computational time when accumulating if 

you are SURE that there is no absprtion  

; at times after dose longer than FORGET.  

; A reasonable value would be several times MTT, i.e. FORGET > 

10*MAX(MTT) 
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FORGET = 1000    

F1 = 0 ; I need to set bioavailability in compartment 1 to 0 for 

this implementation of the transit compartment absorption 

KTR = (NN+1)/MTT ; **The number of actual transit compartments 

is NN+1, so this number can never be 0** 

 

IF (NEWIND/=2.OR.EVID>=3) THEN ; For each new individual or 

RESET or RESET+DOSE event 

NDOSE = 0 ; Reset the dose number 

 DOSETIMESS = 0 

 PIZZASS = 0 

 KTRVECSS = -1 

 NNVECSS = -1 

 SWITCHSS = 0 

 

 DOSETIME0 = 0 

 PIZZA0 = 0 

 KTRVEC0 = -1 

 NNVEC0 = -1 

 ENDIF 

; This works for ANY dose, also for ADDL non-event doses (thanks 

to CALLFL=-2) 

IF(AMT >0 .AND. MOD(NDOSE,MAX_ACCUM_DOSES) == 0) THEN 

 DOSETIME0 = TIME + TLAG 

 PIZZA0 = LOG(BIO*AMT*KTR + 1E-12) - GAMLN(NN+1) 
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 KTRVEC0 = KTR 

 NNVEC0 = NN 

ENDIF 

; I am using SWITCHSSNXT so that, as soon as another record is 

seen, the SS switch goes off. 

; I am using a switch as opposed to SS per se because the 

original SS value carries on with ADDL series,  

; that should not be treated as SS 

SWITCHSS = 0 

; (USING ADDL with SS) In such a series of ADDL doses, SS would 

remain the same as the originating dose event record 

; but DOSREC(i)>0. Hence, DOSREC(i)==0 makses sure that the SS 

code gets executed only the first time 

; This takes care of the SS part of the dose, if SS is used 

; DOSREC()==0 makes sure this is NOT a trailing ADDL dose. 

 

IF(AMT >0 .AND. SS>0 .AND. DOSREC(AMT)==0) THEN 

 SWITCHSS = 1 

 DOSETIMESS = TLAG 

 PIZZASS = LOG(BIO*AMT*KTR + 1E-12) - GAMLN(NN+1) 

 KTRVECSS = KTR 

 NNVECSS = NN 

ENDIF 

; Increase dose counter 

IF(AMT >0) NDOSE = NDOSE + 1 
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;=============================================================

$DES 

; This overlaps the effect of the last 5 doses accumulating them 

in TRANSIT 

TRANSIT = 0 

KTT = 0 

 

TEMPO = T-DOSETIME0 

IF (SWITCHSS==0 .AND. TEMPO>0 .AND. TEMPO<FORGET .AND. 

KTRVEC0>0) THEN 

 KTT = KTRVEC0*(TEMPO) 

 TRANSIT = TRANSIT + EXP(PIZZA0 + NNVEC0*LOG(KTT) - KTT) 

ENDIF 

 

; It the SWITCHSS is on, this is executed within the routine to 

find the SS values. 

; DOSETIMESS is centred around 0 (+TLAG) for this calculation. 

The values of PIZZA, KTR and NN are those from the latest dose 

record (NDOSE) 

IF (SWITCHSS >0 .AND. T >DOSETIMESS) THEN ; 

 KTT = KTRVECSS*(T-DOSETIMESS) 

 TRANSIT = EXP(PIZZASS + NNVECSS*LOG(KTT) - KTT) 

ENDIF 

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

DADT(2) = KA*A(1) -K20*A(2) 
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$ERROR                                      

IPRED=A(2)/V 

 

; DEFINE LLOQ VALUE  

; LLOQ could be study-specific, e.g if you have data from 

different labs in your analysis 

; In that case, you can use IFs, or you can define the values 

as covariates in the dataset  

LLOQ = 0.203 ; DEFINE YOUR OWN LLOQ HERE 

 

; DEFINE censoring threshold (CENS_THR, generally LOD) 

; Generally the same as LLOQ, but not if the LLOQ data was 

released by the lab. 

; If censoring threshold is not explicitly indicated, we can 

generally assume it to be the limit of detection (LOD). 

; The signal-to-noise ratio is generally assumed to be 10 at the 

LLOQ, and 3 at the LOD 

; https://en.wikipedia.org/wiki/Detection_limit; 

; Keizer RJ, Jansen RS, Rosing H, Thijssen B, Beijnen JH, 

Schellens JHM, Huitema ADR.  

; Incorporation of concentration data below the limit of 

quantification in population pharmacokinetic analyses.  

; Pharmacol Res Perspect [Internet]. 2015 Mar;3(2):e00131. 

Available from: http://doi.wiley.com/10.1002/prp2.131 
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CENS_THR = LLOQ ; inferred LOD = 30% of LLOQ  

IMPUTED_BLQ = LLOQ/2 

PROP = IPRED*PROPERR 

; ADD is defined as 20% of LLOQ + THETA(.)  

; The lower bound of THETA(.) can be zero, if it goes there, we 

can fix it to zero and ADD will be 20% of LLOQ 

; REMEMBER that when you report the value of ADD and its 

uncertainty, you need to work out numbers, as NONMEM gives 

uncertainty on THETA, not ADD 

; An alternative approach is to set the lower bound of the THETA 

for the additive error to 20% of the LLOQ.  

; In that case, one does not have to worry about adjusting the 

precision.  

; On the other hand, this cannot be done if you have different 

LLOQs within your analysis (e.g. different labs) 

ADD = ADDERR+(LLOQ*0.2) 

;ADD = THETA(6)+(LLOQ*0.5) 

; For BLQ==1 (i.e. first CENSORED value in a series, which was 

imputed to CENS_THR/2), we add extra additive error on the 

concentrations,  

; since the value in DV has been imputed and therefore more 

uncertain.  

IF (ICALL/=4.AND.BLQPZA==1) THEN 

 ADD = ADD+(LLOQ/2) 

 ;ADD = ADD+(CENS_THR/2) 
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ENDIF 

NO_FIT = 0 

; For BLQ==2 (i.e. the trailing CENSORED values in a series that 

were imputed to CENS_THR/2), we don't want these to influence 

the fit,  

; we only want them for simulation-based diagnostics such as the 

VPC.  

; So we define a separate error structure for these points. It 

has no proportional component  

; (PROP = 0, as we would not want these points to affect our 

estimate of proportional error)  

; and a FIXED and HUGE additive component (ADD = 1000000000, 

large with respect to the readings of concentration), 

; so that the values do not affect the fit. It's also a good 

idea to repeat the diagnostic plots without the BLQ=2 points 

 

IF (ICALL/=4.AND.BLQPZA==2) THEN 

 PROP = 0 

 ADD = 10000000000  

 NO_FIT = 1 

ENDIF 

 

W = SQRT(ADD**2+PROP**2) 

; Protective code 

IF (W.LE.0.000001) W=0.000001 
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IRES=DV-IPRED 

IWRES=IRES/W 

Y = IPRED + W*ERR(1) 

; To prevent simulation (ICALL==4) of negative values. It set a 

positive lower bound for Y, so that VPCs in the log-scale can 

be plotted 

IF (ICALL==4.AND.Y<=CENS_THR) Y = CENS_THR/2 

; To calculate time after dose. 

IF(AMT>0) THEN 

 TIMEDOSE = TIME 

 AMOUNTDOSE = AMT 

ENDIF 

TAD = TIME-TIMEDOSE 

; REPLICATE INDICATOR 

REPI=IREP 

 

;-----Retrieve Amount in Each Compartment----- 

AA1 = A(1) 

AA2 = A(2) 

$THETA  (0,0.0436681,2) FIX ; 1. PROPERR 

$THETA  (0,0.36876,10) FIX ; 2. ADDERR [mg/L] 

$THETA  (0,3.34508,10) FIX ; 3. CLBS[L/h] 

$THETA  (0,3.83049,10) FIX ; 4. CL28[L/h] 

$THETA  (0,43.1646,100) FIX ; 5. TVV [L] 

$THETA  1 FIX ; 6. BIO 
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$THETA  (0,3.53583,10) FIX ; 7. KA 

$THETA  (0,0.542055,5) FIX ; 8. MTT [h] 

$THETA  (0,3.34456,4) FIX ; 9. NN 

;$THETA  48 FIX      ; 10.TLAG 

;$THETA  0 FIX ; 10.TLAG 

;------------------------------------------------------------ 

$OMEGA  0.0267137  FIX  ;   1. BSVCL 

$OMEGA  0  FIX  ;    2. BSVV 

$OMEGA  0.0114623  FIX  ;  3. BSVBIO 

$OMEGA  0  FIX  ;   4. BSVKA 

$OMEGA  0  FIX  ;  5. BSVMTT 

$OMEGA  BLOCK(1) FIX 

 0.0177203  ;      BVVCL 

$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) FIX 

 0  ;       BVVV 

$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) FIX 

 0.014188  ;     BVVBIO 

$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) FIX 

 0.704627  ;      BVVKA 
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$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) FIX 

 0.28027  ;     BVVMTT 

$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) SAME 

; $OMEGA  BLOCK(1) FIX 

; 1  ;    BVVTLAG 

; $OMEGA  BLOCK(1) SAME 

; $OMEGA  BLOCK(1) SAME 

$SIGMA  1  FIX  ; 25. RESIDUAL 

;$ETAS  FILE=run001.phi TBLN=2 

$SIMULATION (1234) ONLYSIM SUBPROBLEM=500 

 

$TABLE      FILE=simpza001.csv REPI ID PID CASE GRP VISIT OCC 

EVID AMT TIME TAD Y DV PRED IPRED CL V BIO KA MTT BSVCL BSVV 

BSVBIO BSVKA BSVMTT BVVCL BVVBIO BVVKA BVVMTT NOPRINT NOAPPEND 

NOHEADER FORMAT=, 

 

For simulation of rifampicin concentrations 

; Model desc: max.accum.dose=1 C24-C48 Sim 

$SIZES      PD=-1000 LVR=-150 LTH=-200 MAXFCN=10000000 LNP4=-150000 

            DIMTMP=1000 ; Settings for the memory of NONMEM 

 

$PROBLEM    REMEMBER ADHERENCE SIM CONC AT 24H & 48H RIF 
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$INPUT      ID PID ARMTYPE=DROP CASE GRP WHAT=DROP VISIT TIME OCC EVID 

AMT DV BLQRIF MDVRIF AGE SEXF HT WT FFM FAT TABNUM PROB  

 

$ABBREVIATED PROTECT 

 

$ABBREVIATED DECLARE INTEGER NDOSE INTEGER MAX_ACCUM_DOSES ;needed to 

define variables for dose accumulation 

 

$DATA      simrif_31.01.21.csv IGNORE=@ 

 

$SUBROUTINE ADVAN13 TRANS1 TOL=8 ATOL=8 ;SSTOL=3 SSATOL=3 

 

$MODEL      NCOMPS=3  

   COMP=(ABS DEFDOSE) ;RIF_Gut 

   COMP=(LIVER) ;RIF Liver compartment 

            COMP=(CENTRAL DEFOBSERVATION) ;RIF_Central compartment 

 

$PK  

;TO PRINT ONLY SIMULATED CONC ROWS 

; EXCL=0 

; IF(EVID.EQ.1) EXCL=1 

 

MXSTEP=5000 ; Maximal number of numerical integration steps Advan 

9 and 13   

 

;-----Allometric Scaling --------------------------------------;; 
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WT & FFM from the HAART study; very close to this study's population 

(medWT=55.75, medFFM=41.98) 

TVFFM = 42.10 

TVWT  = 56.88 

TVFAT = 14.21 

 

ALLMCLWT=(WT/TVWT)**0.75 

ALLMVWT=WT/TVWT 

 

ALLMCLFFM=(FFM/TVFFM)**0.75 

ALLMVFFM=FFM/TVFFM 

 

ALLMCLFAT=(FAT/TVFAT)**0.75 

ALLMVFAT=FAT/TVFAT  

 

;-----Typical Parameters----------------------------- 

PROPERR  = THETA(1)   ;Proportional error sigma 

ADDERR   = THETA(2)   ;Additive error sigma 

 

DAY = 1 

IF(VISIT.EQ.2) DAY = 14 

IF(VISIT.EQ.4) DAY = 28 

IF(VISIT.EQ.8) DAY = 56 

;--------------------------AUTOINDUCTION--------------   

CLBS=THETA(3)          ; CL STRAT1=0 

CLSS=THETA(4)          ; CL STEADY STATE 

IND50=THETA(5)         ; INDUCTION HALF LIFE    
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TVCL=(CLBS+(CLSS-CLBS)*(1-EXP(-LOG(2)*DAY/IND50)))*ALLMCLFFM 

;---------------------------------------------------- 

  TVV  =THETA(6)*ALLMVFFM ; Pop V 

  TVKA =THETA(7)         ; Pop KA 

  TVBIO = 1                ; Pop F 

  TVMTT = THETA(8)         ; Pop MTT 

  TVNN = THETA(9)          ; Pop NN 

 

;--------------------------HEPATIC CL------------------------; 

TVVH=THETA(10)*ALLMVFFM    ; VOLUME OF LIVER WITH ALLOMETRIC SCALLING 

TVQH=THETA(11)*ALLMCLFFM   ; PLASMA FLOW RATE 

TVFU=THETA(12)            ; UNBOUND PLASMA FRACTION OF RIF 

 

;--------------------------BSV----------------------------; 

BSVCL = ETA(1) 

BSVV = ETA(2) 

BSVKA = ETA(3) 

BSVBIO = ETA(4) 

BSVMTT = ETA(5)   

 

;-----Between-Visit Variability-------------------------- 

BVVCL = 0 

IF(VISIT.EQ.2)  BVVCL = ETA(6) 

IF(VISIT.EQ.4)  BVVCL = ETA(7) 

IF(VISIT.EQ.8)  BVVCL = ETA(8) 
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BVVV = 0 

IF(VISIT.EQ.2)  BVVV = ETA(9) 

IF(VISIT.EQ.4)  BVVV = ETA(10) 

IF(VISIT.EQ.8)  BVVV = ETA(11) 

 

BVVBIO = 0 

IF(VISIT.EQ.2)  BVVBIO = ETA(12) 

IF(VISIT.EQ.4)  BVVBIO = ETA(13) 

IF(VISIT.EQ.8)  BVVBIO = ETA(14) 

 

BVVKA = 0 

IF(VISIT.EQ.2)  BVVKA = ETA(15) 

IF(VISIT.EQ.4)  BVVKA = ETA(16) 

IF(VISIT.EQ.8)  BVVKA = ETA(17) 

 

BVVMTT = 0 

IF(VISIT.EQ.2)  BVVMTT = ETA(18) 

IF(VISIT.EQ.4)  BVVMTT = ETA(19) 

IF(VISIT.EQ.8)  BVVMTT = ETA(20) 

 

;------------------INDIVIDUAL PARAMETERS-----------------------;   

CL=TVCL*EXP(BSVCL+BVVCL) 

V =TVV*EXP(BSVV+BVVV) 

KA=TVKA*EXP(BSVKA+BVVKA) 

BIO=TVBIO*EXP(BSVBIO+BVVBIO) 

MTT=TVMTT*EXP(BSVMTT+BVVMTT)  

NN=TVNN 
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VH=TVVH 

QH=TVQH 

FU=TVFU 

;--------------------------SATURABLE-------------------------------

CLINT=CL 

LOGKM = THETA(13) ; LOG KM - calculated from data set - median of max 

conc in the liver 

VMAX  = CLINT*EXP(LOGKM) ; max enzymatic rate ;from eq. CLint = Vmax/KM  

 

;-----Initialization of Compartments--------------------------------

A_0(1) = 0.0000001 ;gut 

A_0(2) = 0.0000001 ;liver 

A_0(3) = 0.0000001 ;central 

 

;-----Transit Compartments with Dose Accumulation-------------------

; IMPORTANT!!! This code will NOT work if ALAG1 (or ALAGx) is defined 

in the code above. 

; DO NOT USE ALAGx, use the parameter TLAG or re-assign it below 

; If you want to use a delay before the transit starts the absorption, 

re-assign the variable here. 

; NOTE that you MUST uncomment also CALLFL=-2 

;TLAG    = TVTLAG + BVVTLAGTR ;Additive model 

; TLAG = Reassign here a variable added above! Do NOT use ALAGx!!! 

TLAG = 0 

; CALLFL = -2  
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; Setting CALLFL = -2 makes sure the PK subroutine gets called with 

every event record,  

; with ADDL and lagged doses, and at modeled event times that are not 

explicitily a line in the dataset. 

; It is here so that the TLAG and ADDL work 

; It does not apply to the ERROR or ADVAN9 or ADVAN15 routines. 

 

; Set SS = 0 if SS is not used in the dataset 

SS = 0 

 

; IMPORTANT!!! This sets the maximum number of doses that will be 

remembered by NONMEM the super-imposition 

; With MAX_ACCUM_DOSES=2, the code "accumulates" the latest 2 dose.  

; If you want to increase this, you must also uncomment below the code 

for the doses beyond the 2nd 

MAX_ACCUM_DOSES = 1 

 

; This is the time after which the transit should be turned off 

(absorption completed) 

; It is meant to save computational time when accumulating if you are 

SURE that there is no absprtion  

; at times after dose longer than FORGET.  

; A reasonable value would be several times MTT, i.e. FORGET > 

10*MAX(MTT) 

FORGET = 1000    
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F1 = 0 ; I need to set bioavailability in compartment 1 to 0 for this 

implementation of the transit compartment absorption 

 

KTR = (NN+1)/MTT ; **The number of actual transit compartments is 

NN+1, so this number can never be 0** 

 

IF (NEWIND/=2.OR.EVID>=3) THEN ; For each new individual or RESET or 

RESET+DOSE event 

 

 NDOSE = 0 ; Reset the dose number 

 

 DOSETIMESS = 0 

 PIZZASS = 0 

 KTRVECSS = -1 

 NNVECSS = -1 

 SWITCHSS = 0 

  

 

 DOSETIME0 = 0 

 PIZZA0 = 0 

 KTRVEC0 = -1 

 NNVEC0 = -1 

ENDIF 

 

; This works for ANY dose, also for ADDL non-event doses (thanks to 

CALLFL=-2) 
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IF(AMT >0 .AND. MOD(NDOSE,MAX_ACCUM_DOSES) == 0) THEN 

 DOSETIME0 = TIME + TLAG 

 PIZZA0 = LOG(BIO*AMT*KTR + 1E-12) - GAMLN(NN+1) 

 KTRVEC0 = KTR 

 NNVEC0 = NN 

ENDIF 

 

; I am using SWITCHSSNXT so that, as soon as another record is seen, 

the SS switch goes off. 

; I am using a switch as opposed to SS per se because the original SS 

value carries on with ADDL series,  

; that should not be treated as SS 

SWITCHSS = 0 

; (USING ADDL with SS) In such a series of ADDL doses, SS would remain 

the same as the originating dose event record 

; but DOSREC(i)>0. Hence, DOSREC(i)==0 makses sure that the SS code 

gets executed only the first time 

; This takes care of the SS part of the dose, if SS is used 

; DOSREC()==0 makes sure this is NOT a trailing ADDL dose. 

 

IF(AMT >0 .AND. SS>0 .AND. DOSREC(AMT)==0) THEN 

 SWITCHSS = 1 

 DOSETIMESS = TLAG 

 PIZZASS = LOG(BIO*AMT*KTR + 1E-12) - GAMLN(NN+1) 

 KTRVECSS = KTR 

 NNVECSS = NN 

ENDIF 
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; Increase dose counter 

IF(AMT >0) NDOSE = NDOSE + 1 

 

$DES 

; This overlaps the effect of the last 5 doses accumulating them in 

TRANSIT 

TRANSIT = 0 

KTT = 0 

 

TEMPO = T-DOSETIME0 

IF (SWITCHSS==0 .AND. TEMPO>0 .AND. TEMPO<FORGET .AND. KTRVEC0>0) THEN 

 KTT = KTRVEC0*(TEMPO) 

 TRANSIT = TRANSIT + EXP(PIZZA0 + NNVEC0*LOG(KTT) - KTT) 

ENDIF 

 

; It the SWITCHSS is on, this is executed within the routine to find 

the SS values. 

; DOSETIMESS is centred around 0 (+TLAG) for this calculation. The 

values of PIZZA, KTR and NN are those from the latest dose record 

(NDOSE) 

IF (SWITCHSS >0 .AND. T >DOSETIMESS) THEN ; 

 KTT = KTRVECSS*(T-DOSETIMESS) 

 TRANSIT = EXP(PIZZASS + NNVECSS*LOG(KTT) - KTT) 

ENDIF 

 

;Transfer rates:RIF================================= 
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 CH = A(2) / VH ; drug conc in liver 

  ; set saturable elimindation to zero for pts with negative 

concentrations in liver 

  ; product of a logarith cannot be negative - this would not work 

  ; normal Michalis-Mentel equation gives you a rate =k*A = CL*C 

  ; but we want to get CL, so you divide the rate by concentration - 

and get saturable clearance 

  ; equation is placed in $DES because saturable clearance changes 

over time 

  SAT_CL=0   

  IF (CH>0) SAT_CL=VMAX/(1+EXP(-(LOG(CH)-LOGKM))) / (CH) 

  ;transformation based on better Emax model, wider search in log 

parametrisation 

   

  EH  = (SAT_CL*FU)/((SAT_CL*FU)+QH) ; fraction undergoing first pass 

extraction 

  FH  = 1 - EH ;fraction available after 1st pass to go to systemic 

circulation 

  ;CLH = EH * QH ; hepatic clearance 

 

K20=(QH*EH/VH) 

K23= (QH*FH/VH)     

K32=(QH/V) 

 

;DIFFERENTIAL EQNS:RIF 

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

DADT(2)= KA*A(1)-K23*A(2)+K32*A(3)-K20*A(2) 
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DADT(3) =  K23*A(2)-K32*A(3) 

 

$ERROR                                      

IPRED=A(3)/V 

 

; DEFINE LLOQ VALUE  

; LLOQ could be study-specific, e.g if you have data from different 

labs in your analysis 

; In that case, you can use IFs, or you can define the values as 

covariates in the dataset  

LLOQ = 0.075 ; DEFINE YOUR OWN LLOQ HERE 

 

; DEFINE censoring threshold (CENS_THR, generally LOD) 

; Generally the same as LLOQ, but not if the LLOQ data was released 

by the lab. 

; If censoring threshold is not explicitly indicated, we can generally 

assume it to be the limit of detection (LOD). 

; The signal-to-noise ratio is generally assumed to be 10 at the LLOQ, 

and 3 at the LOD 

; https://en.wikipedia.org/wiki/Detection_limit; 

; Keizer RJ, Jansen RS, Rosing H, Thijssen B, Beijnen JH, Schellens 

JHM, Huitema ADR.  

; Incorporation of concentration data below the limit of 

quantification in population pharmacokinetic analyses.  

; Pharmacol Res Perspect [Internet]. 2015 Mar;3(2):e00131. Available 

from: http://doi.wiley.com/10.1002/prp2.131 
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CENS_THR = LLOQ ; inferred LOD = 30% of LLOQ  

 

IMPUTED_BLQ = LLOQ/2 

 

PROP = IPRED*PROPERR 

; ADD is defined as 20% of LLOQ + THETA(.)  

; The lower bound of THETA(.) can be zero, if it goes there, we can 

fix it to zero and ADD will be 20% of LLOQ 

; REMEMBER that when you report the value of ADD and its uncertainty, 

you need to work out numbers, as NONMEM gives uncertainty on THETA, 

not ADD 

; An alternative approach is to set the lower bound of the THETA for 

the additive error to 20% of the LLOQ.  

; In that case, one does not have to worry about adjusting the 

precision.  

; On the other hand, this cannot be done if you have different LLOQs 

within your analysis (e.g. different labs) 

 

ADD = ADDERR+(LLOQ*0.2) 

 

; For BLQ==1 (i.e. first CENSORED value in a series, which was imputed 

to CENS_THR/2), we add extra additive error on the concentrations,  

; since the value in DV has been imputed and therefore more uncertain.  

IF (ICALL/=4.AND.BLQRIF==1) THEN 

 ADD = ADD+(LLOQ/2) 

 ;ADD = ADD+(CENS_THR/2) 

ENDIF 
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NO_FIT = 0 

; For BLQ==2 (i.e. the trailing CENSORED values in a series that were 

imputed to CENS_THR/2), we don't want these to influence the fit,  

; we only want them for simulation-based diagnostics such as the VPC.  

; So we define a separate error structure for these points. It has no 

proportional component  

; (PROP = 0, as we would not want these points to affect our estimate 

of proportional error)  

; and a FIXED and HUGE additive component (ADD = 1000000000, large 

with respect to the readings of concentration), 

; so that the values do not affect the fit. It's also a good idea to 

repeat the diagnostic plots without the BLQ=2 points 

 

IF (ICALL/=4.AND.BLQRIF==2) THEN 

 PROP = 0 

 ADD = 10000000000  

 NO_FIT = 1 

ENDIF 

W = SQRT(ADD**2+PROP**2) 

; Protective code 

IF (W.LE.0.000001) W=0.000001 

 

IRES=DV-IPRED 

IWRES=IRES/W 

 

Y = IPRED + W*ERR(1) 
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; To prevent simulation (ICALL==4) of negative values. It set a 

positive lower bound for Y, so that VPCs in the log-scale can be 

plotted 

IF (ICALL==4.AND.Y<=CENS_THR) Y = CENS_THR/2 

 

; To calculate time after dose. 

IF(AMT>0) THEN 

 TIMEDOSE = TIME 

 AMOUNTDOSE = AMT 

ENDIF 

 

TAD = TIME-TIMEDOSE 

 

; REPLICATE INDICATOR 

REPI=IREP 

 

;-----Retrieve Amount in Each Compartment---------------------------

AA1 = A(1) 

AA2 = A(2) 

 

$THETA  (0,0.108105,1) ; 1. PROPERR 

$THETA  (0.04,0.0644782,10) ; 2. ADDERR [mg/L] 

$THETA  (0,93.1624) ; 3. CLBS [L/h] 

$THETA  (0,175.993) ; 4. CLSS[L/h] 

$THETA  (0,4.52475,10) ; 5. IND50[L/h] 

$THETA  (0,50.0752,100) ; 6. V  [L] 
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$THETA  (0,1.96344,10) ; 7. KA [1/h] 

$THETA  (0,0.712014,5) ; 8. MTT[h] 

$THETA  (0,19.3342,50) ; 9. NN 

$THETA  1 FIX ; 10. VH 

$THETA  50 FIX ; 11. QH PLASMA FLOW 

$THETA  0.2 FIX ; 12. FU FRACTION_UNBOUND 

$THETA  (0,1.20794,3) ; 13. log(KM) [log(mg/L)] - natural log with 

base e 

 

$OMEGA  0.0507363  ;  1. BSVCL 

$OMEGA  0.0200823  ;  2. BSVVRIF 

$OMEGA  0  FIX  ;  3. BSVKARIF 

$OMEGA  0  FIX  ; 4. BSVBIORIF 

$OMEGA  0  FIX  ; 5. BSVMTTRIF 

$OMEGA  BLOCK(1) FIX 

 0.0477937   ;     6-8 BVVCL 

$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) FIX 

 0  ;       9-11 BVVVRIF 

$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) FIX 

 0.0121545  ;    12-14 BVVBIO 

$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) FIX 
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 0.658575  ;    15-17  BVVKA 

$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) FIX 

 0.39269  ;   18-20  BVVMTT 

$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) SAME 

 

$SIGMA  1  FIX  ; 1. RESIDUAL 

 

$SIMULATION (1234) ONLYSIM SUBPROBLEM=500 PARAFILE=ON 

 

$TABLE      FILE=simrif001.csv REPI ID PID CASE GRP VISIT OCC EVID 

AMT TIME TAD Y DV PRED IPRED PROPERR ADDERR  

CLBS CLSS CL IND50 V KA MTT NN VH QH FU  

BSVCL BSVV BSVKA BSVBIO BSVMTT 

BVVCL BVVV BVVBIO BVVKA BVVMTT 

NOPRINT NOAPPEND NOHEADER FORMAT=, 

 

 

Final NONMEM code for results presented in Chapter 4 

 Rifampicin 

;; 1. Based on:  

; Model desc: Rifampicin.Model.KDHTB 

; Settings for the memory of NONMEM 

$SIZES      PD=-1000 LVR=-150 LTH=-200 MAXFCN=10000000 LNP4=-150000 
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$PROBLEM    |ADVAN2_TRANS1_RIF_DATA| 

$INPUT      ID DAT2=DROP TIME OCC WHAT=DROP  

            EVID AMT DV RIF_BLQ MDV  

   EVID_INH AMT_INH INHCONC INH_BLQ MDV_INH  

            EVID_PZA AMT_PZA PZACONC PZA_BLQ MDV_PZA  

            AMT_EMB 

            VPC_TIME 

            PATIENT HOSPITALIZED DIED  

   AGE SEXF WT HT FFM FAT BRC 

 

; DEFINE ETAS FOR OCCASSION 

$ABBREVIATED REPLACE ETA(OCC_BIO)=ETA(,6 to 7 by 1) 

$ABBREVIATED REPLACE ETA(OCC_KA)=ETA(,8 to 9 by 1) 

$ABBREVIATED REPLACE ETA(OCC_MTT)=ETA(,10 to 11 by 1) 

 

; IGNORE=@ will skip any line starting with any non-numerical 

character    

$DATA      alldat_final_simulated.csv IGNORE=@ 

 

$SUBROUTINE ADVAN5 TRANS1 ;TOL=8 ATOL=8 ; TOL is the precision to 

solve differential equations 

 

$MODEL      NCOMPS=13 ; NUMBER OF COMPARTMENTS (ABSORPTION COMPATMENT 

(DEFINED AS FIRST ONE) AND CENTRAL COMPARTMENT DEFIEND AS 2ND 

COMPARTMENT 

            COMP=(TRANSIT1,DEFDOSE) ;1 GUT TRANIST 1 (F1 is associated 

with first compartment) 
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            COMP=(TRANSIT2) ;2 GUT TRANIST 2 

            COMP=(TRANSIT3) ;3 GUT TRANIST 3 

            COMP=(TRANSIT4) ;4 GUT TRANIST 4 

            COMP=(TRANSIT5) ;5 GUT TRANIST 5 

            COMP=(TRANSIT6) ;6 GUT TRANIST 6 

            COMP=(TRANSIT7) ;7 GUT TRANIST 7 

            COMP=(TRANSIT8) ;8 GUT TRANIST 8 

            COMP=(TRANSIT9) ;9 GUT TRANIST 9 

            COMP=(TRANSIT10) ;10 GUT TRANIST 10 

            COMP=(TRANSIT11) ;11 GUT TRANIST 11 

            COMP=(ABS) ;12 GUT ABS 

            COMP=("CENTRAL",DEFOBS) ;13 CENTRAL CMT 

 

 

$PK   

; Allometric scaling  

TVFFM = 43.5 

TVWT = 56 

TVFAT = 11.3 

 

ALLMCLWT=(WT/TVWT)**0.75 

ALLMVWT=WT/TVWT 

 

ALLMCLFFM=(FFM/TVFFM)**0.75 

ALLMVFFM=FFM/TVFFM 

 

ALLMCLFAT=(FAT/TVFAT)**0.75 
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ALLMVFAT=FAT/TVFAT  

            

; LACTATE_IMP = LACTATE 

; IF (LACTATE.EQ.-99) LACTATE_IMP = 1.6 

 

; TIMETOBREAKFAST_IMP = TIMETOBREAKFAST 

; IF (TIMETOBREAKFAST.EQ.-99) TIMETOBREAKFAST_IMP = -4.82 

 

; CRP_IMP = CRP 

; IF (CRP.EQ.-99) CRP_IMP = 127 

 

; AST_IMP = AST 

; IF (AST.EQ.-99) AST_IMP = 37.5 

 

; ALT_IMP = ALT 

; IF (ALT.EQ.-99) ALT_IMP = 24 

 

; TPROT_IMP = TPROT 

; IF (TPROT.EQ.-99) TPROT_IMP = 80 

 

; ALBUMIN_IMP = ALBUMIN 

; IF (ALBUMIN.EQ.-99) ALBUMIN_IMP = 30 

 

; UREA_IMP = UREA 

; IF (UREA.EQ.-99) UREA_IMP = 5 

 

; CREAT_IMP = CREAT 
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; IF (CREAT.EQ.-99) CREAT_IMP = 68 

 

; HOSP_EFF = 1 

; IF (HOSPITALIZED.EQ.1) HOSP_EFF = THETA(9) 

 

; INDBIO = 1 

; IF (FDC.EQ.0) INDBIO = THETA(10) 

;--------------PATIENT EFFECT ON ABSORPTION(KA & MTT)--------------- 

PATKAMTT = 1 ; FOR OUTPATIENTS 

IF (PATIENT.EQ.1) PATKAMTT=THETA(9) ; SURVIVED INPATIENTS 

IF (PATIENT.EQ.2) PATKAMTT=THETA(10) ; DIED INPATIENTS 

 

;----------------------Log BRC EFFECT ON CLEARANCE------------------

BRCMED = 6 

BRCCL = 1 

 

IF (BRC.NE.-99) THEN 

 BRCCL = (BRC/BRCMED)**THETA(11)  

ENDIF 

 

; ------- BSV 

BSVCL   = ETA(1) 

BSVV    = ETA(2) 

BSVBIO  = ETA(3) 

BSVKA  = ETA(4) 

BSVMTT  = ETA(5) 
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; BOV     

BOVBIO  = ETA(OCC_BIO) 

BOVKA   = ETA(OCC_KA) 

BOVMTT  = ETA(OCC_MTT)     

           

;---------Typical values--------------------------------------------

TVCL  = THETA(1) * ALLMCLFFM * BRCCL 

TVV  = THETA(2) * ALLMVFFM 

TVBIO  = THETA(3)  

TVKA  = THETA(4) *PATKAMTT 

TVMTT  = THETA(5) /PATKAMTT 

TVNN  = THETA(8) 

 

;-----------Define individual parameters----------------------------

CL  = TVCL*EXP(BSVCL) ; CLEARANCE  

V   = TVV*EXP(BSVV) ; CENTRAL VOL.  

BIO = TVBIO*EXP(BSVBIO + BOVBIO) ; BIOAVAILABILITY 

KA  = TVKA*EXP(BSVKA + BOVKA) ; ABS. RATE CONSTANT 

MTT = TVMTT*EXP(BSVMTT + BOVMTT) ; LAG TIME 

NN  = TVNN 

;-------------------------------------------------------------- 

; re-parameterization 

F1 = BIO 

KTR = (NN+1)/MTT 

K12 = KTR  ;Rate between transit CMT 

K23 = KTR   ;Rate between transit CMT 

K34 = KTR   ;Rate between transit CMT 
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K45 = KTR   ;Rate between transit CMT 

K56 = KTR   ;Rate between transit CMT 

K67 = KTR   ;Rate between transit CMT 

K78 = KTR   ;Rate between transit CMT 

K89 = KTR   ;Rate between transit CMT 

K9T10 = KTR   ;Rate between transit CMT 

K10T11 = KTR   ;Rate between transit CMT 

K11T12 = KTR ;Rate between transit CMT 

K12T13 = KA 

K13T0 =   CL/V 

S13  =  V 

;------------------------------------------------------------------- 

$ERROR                                      

IPRED = A(13)/V 

 

IRES = DV-IPRED 

 

; LLOQ 

LLOQ = 0.117 

 

PROP = IPRED*THETA(6) 

ADD = 0.2*LLOQ + THETA(7) 

 

; For ADD, in this case we are coding THETA(.) as the additive error 

on top of 20% of the LLOQ. 

; So the lower bound of THETA(.) can be zero. If it goes to zero, we 

can fix it, and the additive error 
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; will then be constrained to 20% of LLOQ + the value in THETA(.). 

; REMEMBER about this when you report the value of ADD and its 

uncertainty! NONMEM gives uncertainty on THETA, not ADD 

; An alternative approach is to set the lower bound of the THETA for 

the additive error to 20% of the LLOQ. 

; In that case, one does not have to worry about adjusting the 

precision. On the other hand, this cannot be done if you have different 

LLOQs within your analysis (e.g. different labs) 

 

; For BLQ==1 (i.e. first BLQ value in a series), we add extra additive 

error on the concentrations, since the value in DV has been imputed 

IF(ICALL.NE.4.AND.RIF_BLQ==1) ADD = ADD + (LLOQ/2) 

 

; For BLQ==2 (i.e. the trailing BLQ values in a series), we don't want 

these to influence the fit, 

; we only want them for simulation-based diagnostics such as the VPC. 

; So we define a separate error structure for these points. It has no 

proportional component 

; (PROP = 0, as we would not want these points to affect our estimate 

of proportional error) 

; and a FIXED and HUGE additive component (ADD = 1000000000, large 

with respect to the readings of concentration), 

; so that the values do not affect the fit. 

; It's also a good idea to repeat the diagnostic plots without the 

BLQ=2 points 

IF(ICALL.NE.4.AND.RIF_BLQ==2) THEN 

 PROP = 0 
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 ADD = 100000000 

ENDIF 

 

W = SQRT(ADD**2+PROP**2) 

 

IF (W.LE.0.000001) W=0.000001 ; to protect IWRES from overflow 

 

IWRES = IRES/W 

 

Y = IPRED + W*ERR(1) 

 

; To prevent simulation (ICALL==4) of negative values. It set a 

positive lower bound for Y, so that VPCs in the log-scale can be 

plotted 

IF (ICALL==4.AND.Y<=LLOQ) THEN 

 Y=LLOQ/2 

 RIF_BLQ = 1 

ENDIF 

 

; To calculate time after dose.  

IF(AMT.GT.0) THEN 

 TIMEDOSE = TIME 

 AMOUNTDOSE = AMT 

ENDIF 

 

TAD = TIME-TIMEDOSE 
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VARCL = BSVCL ;+ BOVCL 

VARBIO = BSVBIO + BOVBIO 

VARAUC = BSVBIO + BOVBIO - BSVCL ;- BOVCL 

VARABS = BSVKA + BOVKA - BSVMTT - BOVMTT 

VARKA = BSVKA + BOVKA 

VARMTT = BSVMTT + BOVMTT 

 

;------------------------RETRIEVE AMOUNT IN EACH COMPARTMENT 

AA1 = A(12) 

AA2 = A(13) 

 

$THETA  (0,8.8248,20) ; 1 CL [L/h] 

$THETA  (0,56.7748,100) ; 2 V [L] 

$THETA  1 FIX ; 3 BIO 

$THETA  (0,1.3798,5) ; 4 KA [1/h] 

$THETA  (0,0.34167,2) ; 5 MTT [h] 

$THETA  (0,0.172284,0.5) ; 6 PROP [%] 

$THETA  0 FIX ; 7 ADD [mg/L] 

$THETA  11 FIX ; 8 NN 

$THETA  (-3,0.668258,3) ; 9 SURVIV_ABSORP 

$THETA  (-3,0.380226,3) ; 10 DIED_ABSORP 

$THETA  (-10,-0.3525,10) ; 11 BRCCL_POWER 

 

$OMEGA  0.179394  ;   1 BSV CL 

$OMEGA  0  FIX  ;    2 BSV V 

$OMEGA  0  FIX  ;  3 BSV BIO 

$OMEGA  0  FIX  ;   4 BSV KA 
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$OMEGA  0  FIX  ;  5 BSV MTT 

 

$OMEGA  BLOCK(1) 

 0.0453815  ; 6,7 BOVBIO 

$OMEGA  BLOCK(1) SAME 

 

$OMEGA  BLOCK(1) 

 1.41447  ;  8,9 BOVKA 

$OMEGA  BLOCK(1) SAME 

 

$OMEGA  BLOCK(1) 

 0.879587  ; 10,11 BOVMTT 

$OMEGA  BLOCK(1) SAME 

 

$SIGMA  1  FIX 

 

$ESTIMATION MSFO=RIF.msf MAXEVAL=9999 PRINT=1 METHOD=1 

            INTERACTION NOABORT NSIG=3 NONINFETA=1 ETASTYPE=1 SIGL=9 

    

$COVARIANCE PRINT=E UNCONDITIONAL MATRIX=R PRECOND=1 

 

 

 Isoniazid 

;; 1. Based on:  

; Model desc: Isoniazid.Model.KDHTB 

; Settings for the memory of NONMEM 

$SIZES      PD=-1000 LVR=-150 LTH=-200 MAXFCN=10000000 LNP4=-150000 
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$PROBLEM    |ADVAN13_TRANS1_PZA_DATA| 

 

$INPUT      ID DAT2=DROP TIME OCC WHAT=DROP  

            EVID_RIF AMT_RIF RIFCONC RIF_BLQ MDV_RIF  

   EVID AMT DV INH_BLQ MDV  

            EVID_PZA AMT_PZA PZACONC PZA_BLQ MDV_PZA  

            AMT_EMB VPC_TIME 

            PATIENT HOSPITALIZED DIED AGE SEXF WT HT FFM FAT BRC  

 

; DEFINE ETAS FOR OCCASSION 

$ABBREVIATED REPLACE ETA(OCC_BIO)=ETA(,7 to 8 by 1) 

$ABBREVIATED REPLACE ETA(OCC_KA)=ETA(,9 to 10 by 1) 

$ABBREVIATED REPLACE ETA(OCC_MTT)=ETA(,12 to 13 by 1) 

 

; IGNORE=@ will skip any line starting with any non-numerical 

character 

$DATA      alldat_final_simulated.csv IGNORE=@ 

 

$SUBROUTINE ADVAN5 TRANS1 ;TOL=9 ATOL=9 ; TOL is the precision to 

solve differential equations 

 

;Sim_start 

$PRIOR      NWPRI NPEXP=1 PLEV=0.9999 

;Sim_end 
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$MODEL      NCOMPS=10 ; NUMBER OF COMPARTMENTS (ABSORPTION COMPATMENT 

(DEFINED AS FIRST ONE) AND CENTRAL COMPARTMENT DEFIEND AS 2ND 

COMPARTMENT 

            COMP=(TRANSIT1,DEFDOSE) ;1 GUT TRANIST 1 (F1 is associated 

with first compartment) 

            COMP=(TRANSIT2) ;2 GUT TRANIST 2 

            COMP=(TRANSIT3) ;3 GUT TRANIST 3 

            COMP=(TRANSIT4) ;4 GUT TRANIST 4 

            COMP=(TRANSIT5) ;5 GUT TRANIST 5 

            COMP=(TRANSIT6) ;6 GUT TRANIST 6 

            COMP=(TRANSIT7) ;7 GUT TRANIST 7 

            COMP=(ABS) ;8 GUT ABS 

            COMP=("CENTRAL",DEFOBS) ;9 CENTRAL CMT 

            COMP=(PERI) ; 10 PERIPHERAL CMT 

 

;Sim_start 

$MIX 

NSPOP=2 

P(1) = THETA(3) 

P(2) = 1 - THETA(3) 

;Sim_end 

 

$PK 

;-------------------------Allometric scaling------------------------

TVFFM = 43.5 

TVWT = 56 

TVFAT = 11.3 
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ALLMCLWT=(WT/TVWT)**0.75 

ALLMVWT=WT/TVWT 

 

ALLMCLFFM=(FFM/TVFFM)**0.75 

ALLMVFFM=FFM/TVFFM 

 

ALLMCLFAT=(FAT/TVFAT)**0.75 

ALLMVFAT=FAT/TVFAT 

 

;------------------For Mixture Modelling----------------------------

;Sim_start 

EST = MIXEST 

;EST = POP 

;DUMMY_THETA = THETA(3) 

IF(MIXNUM.EQ.1) THEN 

      TVCL = THETA(4) *ALLMCLFFM 

ELSE 

      TVCL = THETA(5) *ALLMCLFFM 

ENDIF 

;IF(POP.EQ.1) THEN 

  ;   TVCL=THETA(4) 

  ;ELSE 

  ;   TVCL=THETA(5) 

  ;ENDIF 

;Sim_end 
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;--------------------Imputing missing values to median-------------- 

; LACTATE_IMP = LACTATE 

; IF (LACTATE.EQ.-99) LACTATE_IMP = 1.6 

 

; TIMETOBREAKFAST_IMP = TIMETOBREAKFAST 

; IF (TIMETOBREAKFAST.EQ.-999) TIMETOBREAKFAST_IMP = -4.82 

 

; CRP_IMP = CRP 

; IF (CRP.EQ.-99) CRP_IMP = 127 

 

; AST_IMP = AST 

; IF (AST.EQ.-99) AST_IMP = 37.5 

 

; ALT_IMP = ALT 

; IF (ALT.EQ.-99) ALT_IMP = 24 

 

; TOTALPROTEIN_IMP = TOTALPROTEIN 

; IF (TOTALPROTEIN.EQ.-999) TOTALPROTEIN_IMP = 80 

 

; ALBUMIN_IMP = ALBUMIN 

; IF (ALBUMIN.EQ.-99) ALBUMIN_IMP = 30 

 

; UREA_IMP = UREA 

; IF (UREA.EQ.-99) UREA_IMP = 5 

 

; CREATININE_IMP = CREATININE 

; IF (CREATININE.EQ.-99) CREATININE_IMP = 68 
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; CD4_IMP = CD4 

; IF (CD4.EQ.-99) CD4_IMP = 71.5 

 

;----------------Hospitalized Effect on Variability in CL-----------

; Allometry for liver------------------------------------------- 

ALLMCL_WT_HEP = (WT/TVWT)**0.75 

ALLMV_WT_HEP = (WT/TVWT) 

 

ALLMCL_FFM_HEP = (WT/TVFFM)**0.75 

ALLMV_FFM_HEP = (WT/TVFFM) 

;--------------------Typical values (thetas & etas)----------------- 

TVVRATIO = EXP(THETA(1)) 

TVQ = EXP(THETA(2))*ALLMCLFFM         

;population parameters 

;TVCL        = THETA(1) 

TVV         = THETA(6) *ALLMVFFM 

TVBIO       = THETA(7) 

TVKA        = THETA(8) 

TVMTT       = THETA(9) 

TVNN        = THETA(10) 

TVV3 = (TVV/TVVRATIO)*ALLMVFFM          

 

;BSV 

BSVCL       = ETA(1) 

BSVV        = ETA(2) 

BSVBIO   = ETA(3) 
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BSVKA   = ETA(4) 

BSVQ   =ETA(5) 

BSVV3   =ETA(6) 

 

;BOV 

BOVBIO  = ETA(OCC_BIO) ;7-8 

BOVKA       = ETA(OCC_KA) ;9-10 

BSVMTT  = ETA(11) 

BOVMTT  = ETA(OCC_MTT) ;12-13 

 

;-----------Individual parameters------------------------------ 

VRATIO = TVVRATIO ;         

CL    = TVCL*EXP(BSVCL)                   ; Clearance 

V2     = TVV*EXP(BSVV)                     ; CENTRAL VOL. 

BIO   = TVBIO*EXP(BSVBIO + BOVBIO)        ; BIOAVAILABILITY 

KA    = TVKA*EXP(BSVKA + BOVKA) ; ABS. RATE 

Q = TVQ*EXP(BSVQ) 

V3 = TVV3*EXP(BSVV3) 

;LAG   = TVLAG*EXP(BSVLAG + BOVLAG) ; LAG TIME 

MTT   = TVMTT*EXP(BSVMTT + BOVMTT) ; MEAN TRANSIT TIME 

NN  = TVNN 

 

VARCL       = BSVCL ;+ BOVCL 

VARBIO      = BSVBIO + BOVBIO 

VARAUC      = BSVBIO + BOVBIO - BSVCL ;- BOVCL 

VARABS      = BSVKA + BOVKA - BSVMTT - BOVMTT 

VARKA       = BSVKA + BOVKA 
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VARMTT      = BSVMTT + BOVMTT 

 

;--------------------------HEPATIC CL-----------------------------; 

TVQH=THETA(11)*ALLMCL_WT_HEP   ; PLASMA FLOW RATE 

TVFU=THETA(12)            ; UNBOUND PLASMA FRACTION OF INH 

 

QH=TVQH 

FU=TVFU 

CLINT=CL 

 

;--------  Transfer constants for liver model --------- 

 

; define hepatic extraction 

EH  = (CLINT*FU)/((CLINT*FU)+QH) ; fraction undergoing first pass 

extraction 

FH  = 1 - EH ; fraction available after 1st pass to go to systemic 

circulation          

           

 

;------------------------------------Re-parameterization------------ 

F1 = BIO 

KTR = (NN+1)/MTT 

K12 = KTR  ;Rate between transit CMT 

K23 = KTR   ;Rate between transit CMT 

K34 = KTR   ;Rate between transit CMT 

K45 = KTR   ;Rate between transit CMT 

K56 = KTR   ;Rate between transit CMT 
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K67 = KTR   ;Rate between transit CMT 

K78 = KTR   ;Rate between transit CMT 

K89 = KA   ;Rate between transit CMT 

 

K90 = CL/V2 ;(rate constant of elimination) 

K9T10 = Q/V2 

K10T9 = Q/V3 

 

;------------Error model-------------------------------------------- 

$ERROR 

IPRED = A(9)/V2 

IRES = DV-IPRED 

 

LLOQ = 0.105 

 

PROP = IPRED*THETA(13) 

ADD = 0.2*LLOQ + THETA(14) 

 

; For ADD, in this case we are coding THETA(.) as the additive error 

on top of 20% of the LLOQ. 

; So the lower bound of THETA(.) can be zero. If it goes to zero, we 

can fix it, and the additive error 

; will then be constrained to 20% of LLOQ + the value in THETA(.). 

; REMEMBER about this when you report the value of ADD and its 

uncertainty! NONMEM gives uncertainty on THETA, not ADD 

; An alternative approach is to set the lower bound of the THETA for 

the additive error to 20% of the LLOQ. 
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; In that case, one does not have to worry about adjusting the 

precision. On the other hand, this cannot be done if you have different 

LLOQs within your analysis (e.g. different labs) 

 

; For BLQ==1 (i.e. first BLQ value in a series), we add extra additive 

error on the concentrations, since the value in DV has been imputed 

IF(ICALL.NE.4.AND.INH_BLQ==1) ADD = ADD + (LLOQ/2) 

 

; For BLQ==2 (i.e. the trailing BLQ values in a series), we don't want 

these to influence the fit, 

; we only want them for simulation-based diagnostics such as the VPC. 

; So we define a separate error structure for these points. It has no 

proportional component 

; (PROP = 0, as we would not want these points to affect our estimate 

of proportional error) 

; and a FIXED and HUGE additive component (ADD = 1000000000, large 

with respect to the readings of concentration), 

; so that the values do not affect the fit. 

; It's also a good idea to repeat the diagnostic plots without the 

BLQ=2 points 

IF(ICALL.NE.4.AND.INH_BLQ==2) THEN 

 PROP = 0 

 ADD = 100000000 

ENDIF 

 

W = SQRT(ADD**2+PROP**2) 
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IF (W.LE.0.000001) W=0.000001 ; to protect IWRES from overflow 

 

IWRES = IRES/W 

 

Y = IPRED + W*ERR(1) 

 

; To prevent simulation (ICALL==4) of negative values. It set a 

positive lower bound for Y, so that VPCs in the log-scale can be 

plotted 

IF (ICALL==4.AND.Y<=LLOQ) THEN  

 Y=LLOQ/2 

 INH_BLQ = 1 

ENDIF 

 

; To calculate time after dose. 

IF(AMT.GT.0) THEN 

 TIMEDOSE = TIME 

 AMOUNTDOSE = AMT 

ENDIF 

 

TAD = TIME-TIMEDOSE 

 

;--------------RETRIEVE AMOUNT IN EACH COMPARTMENT------------------ 

AA1 = A(8) 

AA2 = A(9) 

AA3 = A(10) 
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$THETA  (-10,0.653065,10) ; 1 VRATIO [LOG] 

$THETA  (-10,0.35836,10) ; 2 Q [LOG] 

;Sim_start 

$THETA  (0,0.645125,1) ; 3 PROB_FAST 

;$THETA  0 FIX ; 3 PROB_FAST 

;Sim_end 

$THETA  (0,25.5488,100) ; 4 CL_FAST [L/h] 

$THETA  (0,9.76422,40) ; 5 CL_SLOW [L/h] 

$THETA  (0,59.0219) ; 6 V [L] 

$THETA  1 FIX ; 7 BIO 

$THETA  (0,2.42706) ; 8 KA [1/h] 

;$THETA  (0,2.20652,50) ; 7 Q 

;$THETA  (0,82.0861) ; 8 V3 

$THETA  (0,0.441855,3) ; 9 MTT [h] 

$THETA  7 FIX ; 10 NN 

$THETA  0 FIX ; 11 QH 

$THETA  0 FIX ; 12 FU 

$THETA  (0,0.138966) ; 13 PROP [%] 

$THETA  0 FIX ; 14 ADD [mg/L] 

;$THETA  (-5,0.728585,5) ; 15 BXPAR 

; PRIORS FOR VRATIO ------------------------------------------------

--;Sim_start 

$THETAP  0.703 FIX ; logVRATIO 

;Sim_end 

 

$OMEGA  0.0642373  ;   1 BSV CL 

$OMEGA  0  FIX  ;    2 BSV V 
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$OMEGA  0  FIX  ;  3 BSV BIO 

$OMEGA  0  FIX  ;   4 BSV KA 

$OMEGA  0  FIX  ;     5 BSVQ 

$OMEGA  0  FIX  ;    6 BSVV3 

 

$OMEGA  BLOCK(1) 

 0.122052  ; 7,8 BOVBIO 

$OMEGA  BLOCK(1) SAME 

;------------------------------------------------------------------- 

$OMEGA  BLOCK(1) 

 1.48417  ; 9,10 BOVKA 

$OMEGA  BLOCK(1) SAME 

 

$OMEGA  0  FIX  ;  11 BSVMTT 

$OMEGA  BLOCK(1) 

 0.994496  ; 12,13 BOVMTT 

$OMEGA  BLOCK(1) SAME 

 

; PRIORS DATA FOR THETAS VRATIO 

;Sim_start 

$THETAPV  BLOCK(1) FIX 

 0.1  ;     VRATIO 

;Sim_end 

 

$SIGMA  1  FIX 

 

;Sim_start 
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$ESTIMATION MSFO=INH.msf MAXEVAL=9999 PRINT=1 METHOD=1 

            INTERACTION NOABORT NSIG=3 NONINFETA=1 ETASTYPE=1 SIGL=9 

 

$COVARIANCE PRINT=E UNCONDITIONAL MATRIX=R PRECOND=1 

 

;Sim_end 

 

 Pyrazinamide 

;; 1. Based on:  

; Model desc: Pyrazinamide.Model.KDHTB 

; Settings for the memory of NONMEM 

$SIZES      PD=-1000 LVR=-150 LTH=-200 MAXFCN=10000000 LNP4=-150000 

$PROBLEM    |ADVAN13_TRANS1_PZA_DATA| 

$INPUT      ID DAT2=DROP TIME OCC WHAT=DROP  

            EVID_RIF AMT_RIF RIFCONC RIF_BLQ MDV_RIF  

   EVID_INH AMT_INH INHCONC INH_BLQ MDV_INH  

            EVID AMT DV PZA_BLQ MDV  

            AMT_EMB 

            VPC_TIME 

            PATIENT HOSPITALIZED DIED  

   AGE SEXF WT HT FFM FAT BRC 

 

; DEFINE ETAS FOR OCCASSION 

$ABBREVIATED REPLACE ETA(OCC_BIO)=ETA(,6 to 7 by 1) 

$ABBREVIATED REPLACE ETA(OCC_KA)=ETA(,8 to 9 by 1) 

$ABBREVIATED REPLACE ETA(OCC_MTT)=ETA(,10 to 11 by 1) 
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; IGNORE=@ will skip any line starting with any non-numerical 

character 

$DATA      alldat_final_simulated.csv IGNORE=@ 

$SUBROUTINE ADVAN5 TRANS1 ;TOL=9 ATOL=9 ; TOL is the precision to 

solve differential equations 

 

$MODEL      NCOMPS=5 ; NUMBER OF COMPARTMENTS (ABSORPTION COMPATMENT 

(DEFINED AS FIRST ONE) AND CENTRAL COMPARTMENT DEFIEND AS 2ND 

COMPARTMENT 

            COMP=(TRANSIT1,DEFDOSE) ;1 GUT TRANIST 1 (F1 is associated 

with first compartment) 

            COMP=(TRANSIT2) ;2 GUT TRANIST 2 

            COMP=(TRANSIT3) ;3 GUT TRANIST 3 

            COMP=(ABS) ;4 GUT ABS 

            COMP=("CENTRAL",DEFOBS) ;5 CENTRAL CMT 

 

$PK   

;---------------------------Allometric scaling----------; 

TVFFM = 43.5 

TVWT = 56 

TVFAT = 11.3 

 

ALLMCLWT=(WT/TVWT)**0.75 

ALLMVWT=WT/TVWT 

 

ALLMCLFFM=(FFM/TVFFM)**0.75 

ALLMVFFM=FFM/TVFFM 
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ALLMCLFAT=(FAT/TVFAT)**0.75 

ALLMVFAT=FAT/TVFAT  

 

;---------------------Imputing missing values to median--------;  

LACTATE_IMP = LACTATE 

; IF (LACTATE.EQ.-999) LACTATE_IMP = 1.6 

 

; TIMETOBREAKFAST_IMP = TIMETOBREAKFAST 

; IF (TIMETOBREAKFAST.EQ.-999) TIMETOBREAKFAST_IMP = -4.82 

 

; CRP_IMP = CRP 

; IF (CRP.EQ.-999) CRP_IMP = 127 

 

; AST_IMP = AST 

; IF (AST.EQ.-999) AST_IMP = 37.5 

 

; ALT_IMP = ALT 

; IF (ALT.EQ.-999) ALT_IMP = 24 

 

; TOTALPROTEIN_IMP = TOTALPROTEIN 

; IF (TOTALPROTEIN.EQ.-999) TOTALPROTEIN_IMP = 80 

 

; ALBUMIN_IMP = ALBUMIN 

; IF (ALBUMIN.EQ.-999) ALBUMIN_IMP = 30 

 

; UREA_IMP = UREA 
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; IF (UREA.EQ.-999) UREA_IMP = 5 

 

; CREATININE_IMP = CREATININE 

; IF (CREATININE.EQ.-999) CREATININE_IMP = 68 

 

;-----------Hospitalized Effect on Variability in CL---------------- 

PATETACL = 1 

IF(PATIENT.EQ.1) PATETACL = THETA(9) 

IF(PATIENT.EQ.2) PATETACL = THETA(10) 

 

;--------------------Typical values (thetas & etas)----------------- 

;population parameters 

TVCL        = THETA(1) * ALLMCLFFM 

TVV         = THETA(2) * ALLMVFFM 

TVBIO       = THETA(3) 

TVKA        = THETA(4)  

TVMTT       = THETA(5)  

TVNN        = THETA(8) 

 

;BSV  

BSVCL       = ETA(1) * PATETACL 

BSVV        = ETA(2) 

BSVBIO  = ETA(3) 

BSVKA  = ETA(4) 

BSVMTT  = ETA(5) 

 

;BOV     
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BOVBIO  = ETA(OCC_BIO) 

BOVKA       = ETA(OCC_KA) 

BOVMTT  = ETA(OCC_MTT)  

 

;-----------Individual parameters----------------------------------- 

CL    = TVCL*EXP(BSVCL)                   ; Clearance 

V     = TVV*EXP(BSVV)                     ; CENTRAL VOL.  

BIO   = TVBIO*EXP(BSVBIO + BOVBIO)        ; BIOAVAILABILITY 

KA    = TVKA*EXP(BSVKA + BOVKA) ; ABS. RATE CONSTANT 

MTT   = TVMTT*EXP(BSVMTT + BOVMTT) ; MEAN TRANSIT TIME 

NN  = TVNN 

 

VARCL       = BSVCL ;+ BOVCL 

VARBIO      = BSVBIO + BOVBIO 

VARAUC      = BSVBIO + BOVBIO - BSVCL ;- BOVCL 

VARABS = BSVKA + BOVKA - BSVMTT - BOVMTT 

VARKA = BSVKA + BOVKA 

VARMTT = BSVMTT + BOVMTT 

 

;--------------------Re-parameterization------------ 

F1 = BIO 

KTR = (NN+1)/MTT 

K12 = KTR  ;Rate between transit CMT 

K23 = KTR   ;Rate between transit CMT 

K34 = KTR   ;Rate between transit CMT 

 

K45 = KA 
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K50 = CL/V 

 

;-------------------------------Error model------------------ 

$ERROR                                      

IPRED = A(5)/V 

IRES = DV-IPRED 

 

LLOQ = 0.203 

 

PROP = IPRED*THETA(6) 

ADD = 0.2*LLOQ + THETA(7) 

 

; For ADD, in this case we are coding THETA(.) as the additive error 

on top of 20% of the LLOQ. 

; So the lower bound of THETA(.) can be zero. If it goes to zero, we 

can fix it, and the additive error 

; will then be constrained to 20% of LLOQ + the value in THETA(.). 

; REMEMBER about this when you report the value of ADD and its 

uncertainty! NONMEM gives uncertainty on THETA, not ADD 

; An alternative approach is to set the lower bound of the THETA for 

the additive error to 20% of the LLOQ. 

; In that case, one does not have to worry about adjusting the 

precision. On the other hand, this cannot be done if you have different 

LLOQs within your analysis (e.g. different labs) 

 

; For BLQ==1 (i.e. first BLQ value in a series), we add extra additive 

error on the concentrations, since the value in DV has been imputed 
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IF(ICALL.NE.4.AND.PZA_BLQ==1) ADD = ADD + (LLOQ/2) 

 

; For BLQ==2 (i.e. the trailing BLQ values in a series), we don't want 

these to influence the fit, 

; we only want them for simulation-based diagnostics such as the VPC. 

; So we define a separate error structure for these points. It has no 

proportional component 

; (PROP = 0, as we would not want these points to affect our estimate 

of proportional error) 

; and a FIXED and HUGE additive component (ADD = 1000000000, large 

with respect to the readings of concentration), 

; so that the values do not affect the fit. 

; It's also a good idea to repeat the diagnostic plots without the 

BLQ=2 points 

IF(ICALL.NE.4.AND.PZA_BLQ==2) THEN 

 PROP = 0 

 ADD = 100000000 

ENDIF 

 

W = SQRT(ADD**2+PROP**2) 

 

IF (W.LE.0.000001) W=0.000001 ; to protect IWRES from overflow 

 

IWRES = IRES/W 

 

Y = IPRED + W*ERR(1) 
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; To prevent simulation (ICALL==4) of negative values. It set a 

positive lower bound for Y, so that VPCs in the log-scale can be 

plotted 

IF (ICALL==4.AND.Y<=LLOQ) THEN 

 Y=LLOQ/2 

 PZA_BLQ = 1 

ENDIF 

; To calculate time after dose.  

IF(AMT.GT.0) THEN 

 TIMEDOSE = TIME 

 AMOUNTDOSE = AMT 

ENDIF 

TAD = TIME-TIMEDOSE 

 

;------------------RETRIEVE AMOUNT IN EACH COMPARTMENT------------ 

AA1 = A(4) 

AA2 = A(5) 

 

$THETA  (0,2.61378,20) ; 1 CL [L/h] 

$THETA  (0,35.9666,200) ; 2 V [L] 

$THETA  1 FIX ; 3 BIO 

$THETA  (0,1.91548,10) ; 4 KA [1/h] 

$THETA  (0,0.378744,3) ; 5 MTT [h] 

$THETA  (0,0.113882,0.7) ; 6 PROP [%] 

$THETA  (0,2.4809,10) ; 7 ADD [mg/L] 

$THETA  3 FIX ; 8 NN 

$THETA  (0,1.69826) ; 9 SURVIV_PATETACL 
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$THETA  (0,3.56122) ; 10 DIED_PATETACL 

 

$OMEGA  0.0395359  ;   1 BSV CL 

$OMEGA  0  FIX  ;    2 BSV V 

$OMEGA  0  FIX  ;  3 BSV BIO 

$OMEGA  0  FIX  ;   4 BSV KA 

$OMEGA  0  FIX  ;  5 BSV MTT 

 

$OMEGA  BLOCK(1) 

 0.011176  ; 6,7 BOVBIO 

$OMEGA  BLOCK(1) SAME 

 

$OMEGA  BLOCK(1) 

 0.568935  ;  8,9 BOVKA 

$OMEGA  BLOCK(1) SAME 

 

$OMEGA  BLOCK(1) 

 1.0298  ; 10,11 BOVMTT 

$OMEGA  BLOCK(1) SAME 

 

$SIGMA  1  FIX 

 

$ESTIMATION MSFO=PZA.msf MAXEVAL=9999 PRINT=1 METHOD=1 

            INTERACTION NOABORT NSIG=3 NONINFETA=1 ETASTYPE=1 SIGL=9 

    

$COVARIANCE PRINT=E UNCONDITIONAL MATRIX=R PRECOND=1 
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Final NONMEM code for results presented in Chapter 5 

;; 1. Based on: 051 

; Model Desc: final.both.plasma.param 

$SIZES      PD=-1000 LVR=-150 LTH=-200 MAXFCN=10000000 LNP4=-150000 

            DIMTMP=1000 ; Settings for the memory of NONMEM 

$PROBLEM    Include metabolite data include RHO 

; If possible, include post-gestational age (PGA) in the dataset. If 

not, can calculate it as below. 

$INPUT      ID VISITID PVID=DROP DAT2=DROP TIME WHAT=DROP CMTX=DROP 

            VPC_TIME OCC EVID MDV DV UMOL BLQ DOSEWITHSAMPLE ADDEDDOSE 

            PREDAILY DAYTTT FORM FORM_WHAT=DROP ROUTE ROUTE_WHAT=DROP 

            NUMTAB MGINTAB AMT AMT_UMOL MGPERKG AGE SEXF WT HT 

            GESAGE_WK FLAG DVID L2 ALB_VCSF ALB_PLASMA ALB_LCSF ALB_LP 

            ALB_VP TP_VCSF TP_LCSF 

$DATA      alldatnm_27.11.21-updated.csv IGNORE=@ IGNORE(FLAG.EQ.2) 

 

;IGNORE(DVID.GT.2) 

 

;$ABBREVIATED PROTECT ;TO PROTECT YOUR CODE AGAINST UNDEFINED 

OPERATIONS (ALWAYS CHECK YOUR FUNCTIONS) 

$ABBREVIATED DECLARE INTEGER NDOSE INTEGER MAX_ACCUM_DOSES 

 

$ABBREVIATED REPLACE ETA(OCC_MTT)=ETA(,3 to 8 by 1) 

$ABBREVIATED REPLACE ETA(OCC_KA)=ETA(,9 to 14 by 1) 

$ABBREVIATED REPLACE ETA(OCC_LAG)=ETA(,15 to 20 by 1) 

$ABBREVIATED REPLACE ETA(OCC_BIO)=ETA(,21 to 26 by 1) ;6 occasions 
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$SUBROUTINE ADVAN13 TRANS1 TOL=9 ATOL=9 

; ;Sim_start 

 

; $PRIOR      NWPRI NPEXP=1 PLEV=0.9999 

; ;Sim_end 

$MODEL      NCOMP=6 COMP=(LIV) COMP=(CENTRAL) COMP=(METABOLITE) 

            COMP=(LCSF) COMP=(VCSF) COMP=(ECF) 

$PK 

;Allometric Scaling 

TVWT   = 11  ; Median weight in kg 

ALLMCL = (WT/TVWT)**0.75  

ALLMV  = WT/TVWT 

 

;Maturation of CL 

;This uses PGA (post gestational age). If you don't have it, use  

AGEM  = AGE*12 ; to convert age to months (if in years) 

PMA   = AGEM + 9 ; to add 9 months 

PMA50 = (THETA(5)) ; this is the log of age50, so the estiamate is in 

the log scale 

GAMMA = EXP(THETA(6)) 

MATCL = 0 

 

IF (PMA>0) MATCL=1/(1+(EXP(-GAMMA*(LOG(PMA)-PMA50)))) 

 

;Age Effect on BIO  

;BIO increases linearly with Age until AGE_BIO_BR years, plateaus 

BIO_BIRTH = EXP(THETA(8)) 
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AGE_BIO_BR = EXP(THETA(9)) 

 

AGE_BIO_SL = (1-BIO_BIRTH) / AGE_BIO_BR 

; 

AGE_BIO = 1  

IF (AGE<AGE_BIO_BR) AGE_BIO = BIO_BIRTH + AGE_BIO_SL * AGE 

 

;Typical Parameters (Parent) 

TVV     = EXP(THETA(1)) * ALLMV    

CLSS    = EXP(THETA(2))  

;CLBS  = EXP(THETA(12)) 

CLBS    = CLSS/EXP(THETA(3)) ;RATIO SHOULD BE AROUND 2 

IND50   = EXP(THETA(4))  

TVCL    = (CLBS+(CLSS-CLBS)*(1-EXP(-LOG(2)*DAYTTT/IND50))) * ALLMCL * 

MATCL 

 

;Typical Parameters (Saturation) 

QH = THETA(22)* (WT/70)**0.75 

FU = THETA(23) 

VH = THETA(24)* (WT/70) 

 

LOGKM = THETA(7) ; LOG KM - claculated from data set - median of max 

conc in the liver 

;place holder thetas 

DUMMY_10   = THETA(10) 

DUMMY_11   = THETA(11) 

DUMMY_12   = THETA(12) 
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DUMMY_13   = THETA(13) 

DUMMY_14   = THETA(14) 

DUMMY_15   = THETA(15) 

DUMMY_16   = THETA(16) 

 

;TVCL    = EXP(THETA(1)) * ALLMCL * MATCL 

 

TVMTT   = THETA(17) 

TVNN    = THETA(18) 

TVBIO   = THETA(19)*AGE_BIO 

 

;Typical Parameters (Metabolite) 

TVCLM   = THETA(25) * ALLMCL * MATCL 

TVVM    = THETA(26) * ALLMV   

TVFM    = THETA(27)  

 

;Typical Parameters (Effect) 

;PD Parameters 

TVKE0_L = THETA(31) 

TVKE0_V = THETA(32) 

TVKE0_E = THETA(33) 

;Accumulation ratios (pseudo-partition coefficients) 

TVRL  = THETA(34) 

TVRV  = THETA(35) 

TVRE  = THETA(36) 
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;Between-Subject/Occasion Variability 

;Parent 

BSVCL   = ETA(1) 

BSVBIO  = ETA(2) 

BOVMTT  = ETA(OCC_MTT) ;3-8  

BOVKA   = ETA(OCC_KA)  ;9-14 

BOVLAG  = ETA(OCC_LAG) ;15-20  

BOVBIO  = ETA(OCC_BIO) ;21-26  

 

;;Metabolite 

fac = THETA(43) 

BSVCLM  = ETA(1)* fac 

DUMMY  = ETA(27) 

;BSVCLM  = ETA(1)* fac 

;BSVFM   = ETA(27) 

;;Effect 

BSVRLV   = ETA(28) 

BSVRV   = ETA(29) 

BSVRE   = ETA(30) 

 

;Individual Parameters (Parent)--------------------------------- 

CL    = TVCL * EXP(BSVCL)            ;total clearance 

V     = TVV              ;volume of distribution 

;KA    = TVKA * EXP(BOVKA)    ;absorption rate constant 

;LAG   = TVLAG * EXP(BOVLAG) ;lag time 

MTT   = TVMTT * EXP(BOVMTT) ;mean transit time 

NN    = TVNN                   ;number of transit compartments 
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BIO   = TVBIO * EXP(BSVBIO + BOVBIO) ;bioavailability 

 

;Individual Parameters (Metabolite)--------------------------------- 

CLM  = TVCLM * EXP(BSVCLM)   ;metabolite clearance 

VM   = TVVM    ;metabolite compartment volume 

FM   = TVFM                  ;fraction metabolized 

 

;FM_LOGIT = LOG(TVFM / (1-TVFM)) 

;FM = EXP(FM_LOGIT + BSVFM) / (1 + EXP(FM_LOGIT + BSVFM)) 

 

;K12 = FM * (CL/V) ;transfer from central to metabolite compartment 

CLINT = CL 

VMAX  = CLINT*EXP(LOGKM) ; max enzimatic rate from eq. CLint = Vmax/KM  

;VMAX  = CLINT*KM ; max enzimatic rate from eq. CLint = Vmax/KM  

 

 

;K10 = (CL/V) ;(1-FM)* (CL/V) 

;K20 = CLM/VM ;elimination from metabolite compartment 

 

 

;Individual Parameters (Effect)--------------------------------- 

;PD Parameters 

KE0_L = TVKE0_L  

KE0_V = TVKE0_V  

KE0_E = TVKE0_E  

 

;Accumulation factors 



288 

 

RL  = TVRL * EXP(BSVRLV)  

RV  = TVRV * EXP(BSVRLV)  

RE  = TVRE * EXP(BSVRE)  

 

K24 = (CL/V)*1E-12 ;negligible mass transfer from central to 

effect(lumbar) compartment 

K25 = (CL/V)*1E-12 ;negligible mass transfer from central to 

effect(ventricular) compartment 

K26 = (CL/V)*1E-12 ;negligible mass transfer from central to 

effect(ECF) compartment 

 

;Initialization of Compartments--------------------------------- 

A_0(1) = 1E-12 ; Liver 

A_0(2) = 1E-12 ; Central 

A_0(3) = 1E-12 ; Metabolite 

A_0(4) = 1E-12 ;lumbar 

A_0(5) = 1E-12 ;ventricular 

A_0(6) = 1E-12 ;ECF 

 

;Reparameterization (Transit)----------------------------- 

;-----Transit Compartments with Dose Accumulation----------- 

; IMPORTANT!!! This code will NOT work if ALAG1 (or ALAGx) is defined 

in the code above. 

; DO NOT USE ALAGx, use the parameter TLAG or re-assign it below 

; If you want to use a delay before the transit starts the absorption, 

re-assign the variable here. 

; NOTE that you MUST uncomment also CALLFL=-2 
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;TLAG    = TVTLAG + BVVTLAGTR ;Additive model 

; TLAG = Reassign here a variable added above! Do NOT use ALAGx!!! 

TLAG = 0 

; CALLFL = -2  

 

; Setting CALLFL = -2 makes sure the PK subroutine gets called with 

every event record,  

; with ADDL and lagged doses, and at modeled event times that are not 

explicitily a line in the dataset. 

; It is here so that the TLAG and ADDL work 

; It does not apply to the ERROR or ADVAN9 or ADVAN15 routines. 

 

; Set SS = 0 if SS is not used in the dataset 

SS = 0 

 

; IMPORTANT!!! This sets the maximum number of doses that will be 

remembered by NONMEM the super-imposition 

; With MAX_ACCUM_DOSES=2, the code "accumulates" the latest 2 dose.  

; If you want to increase this, you must also uncomment below the code 

for the doses beyond the 2nd 

MAX_ACCUM_DOSES = 2 

 

; This is the time after which the transit should be turned off 

(absorption completed) 

; It is meant to save computational time when accumulating if you are 

SURE that there is no absprtion  

; at times after dose longer than FORGET.  



290 

 

; A reasonable value would be several times MTT, i.e. FORGET > 

10*MAX(MTT) 

FORGET = 1000    

 

F1 = 0 ; I need to set bioavailability in compartment 1 to 0 for this 

implementation of the transit compartment absorption 

 

KTR = (NN+1)/MTT ; **The number of actual transit compartments is 

NN+1, so this number can never be 0** 

 

IF (NEWIND/=2.OR.EVID>=3) THEN ; For each new individual or RESET or 

RESET+DOSE event 

 

 NDOSE = 0 ; Reset the dose number 

 

 DOSETIMESS = 0 

 PIZZASS = 0 

 KTRVECSS = -1 

 NNVECSS = -1 

 SWITCHSS = 0 

  

 DOSETIME0 = 0 

 PIZZA0 = 0 

 KTRVEC0 = -1 

 NNVEC0 = -1 

 

 DOSETIME1 = 0 
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 PIZZA1 = 0 

 KTRVEC1 = -1 

 NNVEC1 = -1 

ENDIF 

 

; This works for ANY dose, also for ADDL non-event doses (thanks to 

CALLFL=-2) 

 

IF(AMT >0 .AND. MOD(NDOSE,MAX_ACCUM_DOSES) == 0) THEN 

 DOSETIME0 = TIME + TLAG 

 PIZZA0 = LOG(BIO*AMT*KTR + 1E-12) - GAMLN(NN+1) 

 KTRVEC0 = KTR 

 NNVEC0 = NN 

ENDIF 

 

IF(AMT >0 .AND. MOD(NDOSE,MAX_ACCUM_DOSES) == 1) THEN 

 DOSETIME1 = TIME + TLAG 

  

 PIZZA1 = LOG(BIO*AMT*KTR + 1E-12) - GAMLN(NN+1) 

 KTRVEC1 = KTR 

 NNVEC1 = NN 

ENDIF 

 

; If the dose is one of the trailing ones in a ADDL series (captured 

by DOSREC()/=0) 

; DOSREC: an array containing PK SYSTEM information (AMT,TIME,CMT 

et.c) describing the next non-event dose time (ADDL or LAG) 
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;other wise it contains zeros 

; the correct time is that of the extra non-event dose records, stored 

in the variable DOSTIM 

 

; I am using SWITCHSSNXT so that, as soon as another record is seen, 

the SS switch goes off. 

; I am using a switch as opposed to SS per se because the original SS 

value carries on with ADDL series,  

; that should not be treated as SS 

SWITCHSS = 0 

; (USING ADDL with SS) In such a series of ADDL doses, SS would remain 

the same as the originating dose event record 

; but DOSREC(i)>0. Hence, DOSREC(i)==0 makses sure that the SS code 

gets executed only the first time 

; This takes care of the SS part of the dose, if SS is used 

; DOSREC()==0 makes sure this is NOT a trailing ADDL dose. 

 

IF(AMT >0 .AND. SS>0 .AND. DOSREC(AMT)==0) THEN 

 SWITCHSS = 1 

 DOSETIMESS = TLAG 

 PIZZASS = LOG(BIO*AMT*KTR + 1E-12) - GAMLN(NN+1) 

 KTRVECSS = KTR 

 NNVECSS = NN 

ENDIF 

 

; Increase dose counter 

IF(AMT >0) NDOSE = NDOSE + 1 
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; Define scaling to adjust moles of parent and metabolite (MET/PAR) 

SCALE_MOLES = 780.90/822.94  

;DES (Transit)-------------------------------------------- 

 

$DES 

TRANSIT = 0 

KTT = 0 

TEMPO = T-DOSETIME0 

IF (SWITCHSS==0 .AND. TEMPO>0 .AND. TEMPO<FORGET .AND. KTRVEC0>0) THEN 

 KTT = KTRVEC0*(TEMPO) 

 TRANSIT = TRANSIT + EXP(PIZZA0 + NNVEC0*LOG(KTT) - KTT) 

ENDIF 

 

TEMPO = T-DOSETIME1 

IF (SWITCHSS==0 .AND. TEMPO>0 .AND. TEMPO<FORGET .AND. KTRVEC1>0) THEN 

 KTT = KTRVEC1*(TEMPO) 

 TRANSIT = TRANSIT + EXP(PIZZA1 + NNVEC1*LOG(KTT) - KTT) 

ENDIF 

 

; It the SWITCHSS is on, this is executed within the routine to find 

the SS values. 

; DOSETIMESS is centred around 0 (+TLAG) for this calculation. The 

values of PIZZA, KTR and NN are those from the latest dose record 

(NDOSE) 

IF (SWITCHSS >0 .AND. T >DOSETIMESS) THEN ; 

 KTT = KTRVECSS*(T-DOSETIMESS) 



294 

 

 TRANSIT = EXP(PIZZASS + NNVECSS*LOG(KTT) - KTT) 

ENDIF 

 

CH = A(1)/VH ; drug conc in liver 

; set saturable elimindation to zero for pts with negative 

concentrations in liver 

; product of a logarith cannot be negative - this would not work 

; normal Michalis-Mentel equation gives you a rate =k*A = CL*C 

; but we want to get CL, so you divide the rate by concentration - 

and get saturable clearance 

; equation is placed in $DES because saturable clearance changes over 

time 

SAT_CL=0   

IF (CH>0) SAT_CL=VMAX/(1+EXP(-(LOG(CH)-LOGKM))) / (CH) 

;IF (CH>0) SAT_CL = VMAX/(1+EXP(-(LOG(CH)-LOG(KM)))) / (CH) 

;transformation based on better Emax model, wider search in log 

parametrisation 

EH  = (SAT_CL*FU)/((SAT_CL*FU)+QH) ; fraction undergoing first pass 

extraction 

FH  = 1 - EH ;fraction available after 1st pass to go to systemic 

circulation 

 

;Define the rate constants===== 

 

K10 = (1-FM)*(QH*EH/VH) ; non-metabolite conversion (all drug is --> 

metabolite FM is 1) 

K12 = (QH*FH/VH)    ; rate transfer to parent centra; 
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K21 = (QH/V) ; rate transfer from parent central to liver 

 

K13 = FM*(QH*EH/VH) 

K30 = CLM/VM 

 

DADT(1) = TRANSIT -K10*A(1) - K12*A(1) + K21*A(2) - K13*A(1) 

DADT(2) = K12*A(1) - K21*A(2) 

DADT(3) = K13*A(1)*SCALE_MOLES - K30*A(3) 

 

C2 = A(2)/V 

 

DADT(4) =  KE0_L*(RL*C2 - A(4))   ;A(4) IS ACTUALLY CONC IN EFFECT 

CMT 

DADT(5) =  KE0_L*(RL*C2 - A(5))   ;A(5) IS ACTUALLY CONC IN EFFECT 

CMT 

DADT(6) =  KE0_E*(RE*C2 - A(6))   ;A(6) IS ACTUALLY CONC IN EFFECT 

CMT           

;===================================================================

== 

; ;-----Calculating the AUC-----------------------------------------

;CP = A(2)/V                ; plasma concentration 

; DADT(Z) = CP ; This code for AUC integrates the concentration. It 

works for any model, but you have to be careful to trim the right 

times 

; AUC = Z ; AUC as obtained integrating the concentration in $DES 
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; AUC_INF = DOSE * BIO / CL ; this works for any linear model, it is 

the theoretical AUC from a "clean" single dose or SS. Use the final 

individual parameters for this 

 

$ERROR 

CP  = A(2)/V 

CM  = A(3)/VM 

CEL = A(4) 

CEV = A(5) 

CEE = A(6) 

 

;PK(Parent)----------------------------------------------------- 

IPRED_P = CP 

LLOQ_P  = 0.117  ;mg/L 

PROP_P  = IPRED_P*THETA(20) 

ADD_P   = 0.2*LLOQ_P + THETA(21) 

 

IF(ICALL.NE.4.AND.BLQ==1.AND.DVID==1) THEN  

 ADD_P = ADD_P + (LLOQ_P/2) 

ENDIF 

W_P = SQRT((ADD_P)**2 + (PROP_P)**2)  

;;PK(Metabolite)------------------------------------------------- 

IPRED_M = CM 

LLOQ_M  = 0.0391 ;mg/L 

PROP_M  = IPRED_M*THETA(28) 

ADD_M   = 0.2*LLOQ_M + THETA(29) 
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IF(ICALL.NE.4.AND.BLQ==1.AND.DVID==2) THEN  

 ADD_M = ADD_M + (LLOQ_M/2) 

ENDIF 

; 

W_M = SQRT((ADD_M)**2 + (PROP_M)**2)   

 

;PD(Lumbar CSF)------------------------------------------------- 

IPRED_L = CEL 

LLOQ_L  = 0.005  ;mg/L  

PROP_L  = IPRED_L*THETA(37) 

ADD_L   = 0.2*LLOQ_L + THETA(38) 

 

IF(ICALL.NE.4.AND.BLQ==1.AND.DVID==3) ADD_L = ADD_L + (LLOQ_L/2) 

            

            

  

W_L = SQRT((ADD_L)**2 + (PROP_L)**2)   ; PD(Lumbar)   

            

  

;PD(Ventricular CSF)-------------------------------------------- 

IPRED_V = CEV 

LLOQ_V  = 0.005  ;mg/L  

PROP_V  = IPRED_V*THETA(39) 

ADD_V   = 0.2*LLOQ_V + THETA(40) 

IF(ICALL.NE.4.AND.BLQ==1.AND.DVID==4) ADD_V = ADD_V + (LLOQ_V/2) 

 

W_V = SQRT((ADD_V)**2 + (PROP_V)**2)   ; PK(Ventricular) 
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;PD(ECF)-------------------------------------------------------- 

IPRED_E = CEE 

LLOQ_E  = 0.005  ;mg/L  

PROP_E  = IPRED_E*THETA(41) 

ADD_E   = 0.2*LLOQ_E + THETA(42) 

IF(ICALL.NE.4.AND.BLQ==1.AND.DVID==5) ADD_E = ADD_E + (LLOQ_E/2) 

              

W_E = SQRT((ADD_E)**2 + (PROP_E)**2)   ; PK(ECF) 

 ; Correlation 

 RHO = THETA(30) 

   

  ERROR_P  = W_P * ERR(1) 

  ERROR_M  = W_M *(RHO*ERR(1) + SQRT(1-RHO**2)*ERR(2) )  

  ERROR_L  = W_L * ERR(3) 

  ERROR_V  = W_V * ERR(4) 

  ERROR_E  = W_E * ERR(5) 

  

    ;Redefine IPRED & weighting 

  IPRED = IPRED_P 

  W = W_P 

  ERROR_TERM = ERROR_P 

 

  IF (DVID==2) THEN 

     IPRED = IPRED_M 

     W     = W_M 

     ERROR_TERM = ERROR_M 

     ENDIF 
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  IF (DVID==3) THEN 

     IPRED = IPRED_L 

     W     = W_L 

     ERROR_TERM = ERROR_L 

     ENDIF 

   

  IF (DVID==4) THEN 

     IPRED = IPRED_V 

     W     = W_V 

     ERROR_TERM = ERROR_V 

     ENDIF   

 

  IF (DVID==5) THEN 

     IPRED = IPRED_E 

     W     = W_E 

     ERROR_TERM = ERROR_E 

     ENDIF 

   

; Protective code 

  IF (W.LE.0.000001) W=0.000001 

;--------------------------------------------------------------- 

     IRES = DV-IPRED 

     IWRES = IRES/W 

  

  Y = IPRED + ERROR_TERM 

;--------------------------------------------------------------- 
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; To prevent simulation (ICALL==4) of negative values, set a positive 

lower bound for Y, so that VPCs in the log-scale can be plotted 

IF (DVID==1.AND.ICALL==4.AND.Y<=LLOQ_P) Y=LLOQ_P/2 

IF (DVID==2.AND.ICALL==4.AND.Y<=LLOQ_M) Y=LLOQ_M/2 

IF (DVID==3.AND.ICALL==4.AND.Y<=LLOQ_L) Y=LLOQ_L/2 

IF (DVID==4.AND.ICALL==4.AND.Y<=LLOQ_V) Y=LLOQ_V/2 

IF (DVID==5.AND.ICALL==4.AND.Y<=LLOQ_E) Y=LLOQ_E/2 

;--------------------------------------------------------------- 

IF(AMT.GT.0) THEN 

 TIMEDOSE = TIME 

 AMOUNTDOSE = AMT 

ENDIF 

 

TAD = TIME-TIMEDOSE 

 

VPC_MODEL = VPC_TIME 

IF (VPC_TIME.GT.20) VPC_MODEL = VPC_TIME - 24 

 

;---------RETRIEVE AMOUNT IN EACH COMPARTMENT----------------- 

A_LIV = A(1) 

A_CENT = A(2) 

A_MET = A(3) 

A_LCSF = A(4) 

A_VCSF = A(5)     

A_ECF = A(6)     

 

; Initial estimates 
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$THETA  (0,2.90407,4.25) FIX ; 1 V [log] [L] 

$THETA  (0,3.54883,3.91) FIX ; 2 CLSS [log] [L/h] 

$THETA  (0.1,0.470361,10) FIX ; 3 CLSS/CLBS [log] [] 

$THETA  (0.001,1.50692,10) FIX ; 4 IND50 [log] [day] 

$THETA  (-0.5,2.498,7.5) FIX ; 5 PMA50 [log] [months] 

$THETA  (-2,1.19242,5) FIX ; 6 GAMMA [log] 

$THETA  (0,2.20482,10) FIX ; 7 KM [log] [mg/L] 

$THETA  -0.444026 FIX ; 8 BIO_BIRTH [log] 

$THETA  1.03066 FIX ; 9 AGE_BIO_BR [log] 

;-------------------- 

$THETA  0 FIX ; 10 DUMMY [] 

$THETA  0 FIX ; 11 DUMMY [] 

$THETA  0 FIX ; 12 DUMMY [] 

$THETA  0 FIX ; 13 DUMMY [] 

$THETA  0 FIX ; 14 DUMMY [] 

$THETA  0 FIX ; 15 DUMMY [] 

$THETA  0 FIX ; 16 DUMMY [] 

;-------------------- 

$THETA  (0,0.251427,5) FIX ; 17 MTT 

$THETA  (0,0.269422,10) FIX ; 18 NN 

$THETA  1 FIX ; 19 BIO 

$THETA  (0,0.337661,0.5) FIX ; 20 PROP [] 

$THETA  0 FIX ; 21 ADD [mg/L] 

$THETA  (0,90,100) FIX ; 22 QH 

$THETA  (0,0.2,1) FIX ; 23 FU 

$THETA  (0,1,2) FIX ; 24 VH 

;-------------------- 
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$THETA  (0,13.7449,100) FIX ; 25 CLM [L/h]; 9.3 

$THETA  (0,7.76036,100) FIX ; 26 VM [L]; 1.36 

$THETA  1 FIX ; 27 FM [] 

$THETA  (0,0.486173,1) FIX ; 28 PROP_M [] 

$THETA  0 FIX ; 29 ADD_M [mg/L] 

$THETA  (0,0.856693,1) FIX ; 30 RHO [] 

;-------------------- 

$THETA  (0,0.163008,10) ; 31 KE0_LV 

;$THETA  (0,0.217026,10) ; 32 KE0_V 

$THETA  1 FIX ; 32 KE0_V 

$THETA  (0,0.330311,10) ; 33 KE0_E 

$THETA  (0,0.0459849,1) ; 34 RLV 

;$THETA  (0,0.0460171,1) ; 35 RV 

$THETA  1 FIX ; 35 RV 

$THETA  (0,0.00435468,1) ; 36 RE 

;$THETA  1 FIX ; 36 RE 

;-------------------- 

$THETA  (0,0.785606,1) ; 37 PROP_L [] 

$THETA  0 FIX ; 38 ADD_L [mg/L] 

$THETA  (0,0.554107,1) ; 39 PROP_V [] 

$THETA  0 FIX ; 40 ADD_V [mg/L] 

$THETA  (0,0.511272,1) ; 41 PROP_E [] 

$THETA  0 FIX ; 42 ADD_E [mg/L] 

$THETA  (0.5,2.9232,10) FIX ; 43 fac 

 

; PRIORS FOR CL & V ---------------------------------------------- 

; ;Sim_start 
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; $THETAP  2.85 FIX ; 1 lnV 

; 2.15 FIX ; 2 lnCL 

; 0.693 FIX ; 3 ln(CLSS/CLBS) 

; 1.50 FIX ; 4 lnIND50 

; 2.524127 FIX ; 5 lnPMA50 

; 1.169381 FIX ; 6 lnGAMMA 

; 2.110213 FIX ; 7 lnKM 

; -0.42312 FIX ; 8 lnBIO_BIRTH 

; 1.000632 FIX ; 9 lnAGE_BIO_BR 

; ;Sim_end 

 

; ;Sim_start 

; $THETAPV  BLOCK(9) FIX 

; 0.1  ;          V 

; 0 0.1  ;         CL 

; 0 0 0.01  ;  CLSS/CLBS 

; 0 0 0 0.01  ;      IND50 

; 0 0 0 0 0.01  ;      PMA50 

; 0 0 0 0 0 0.01  ;      GAMMA 

; 0 0 0 0 0 0 0.01  ;        KMv 

; 0 0 0 0 0 0 0 0.01  ;  BIO_BIRTH 

; 0 0 0 0 0 0 0 0 0.01  ; AGE_BIO_BR 

; ;Sim_end 

 

$OMEGA  0.214469  FIX  ;    1 BSVCL 

$OMEGA  0  FIX  ;   2 BSVBIO 
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$OMEGA  BLOCK(1) FIX 

 3.1973  ; 3-8 BOVMTT 

$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) SAME 

 

$OMEGA  BLOCK(1) FIX 

 0  ; 9-14 BOVKA 

$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) SAME 

 

$OMEGA  BLOCK(1) FIX 

 0  ; 15-20 BOVLAG 

$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) SAME 

 

$OMEGA  BLOCK(1) FIX 

 0.121823  ; 21-26 BOVBIO 

$OMEGA  BLOCK(1) SAME 
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$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) SAME 

 

$OMEGA  0  FIX  ; 27 DUMMY BSVCLM 

;$OMEGA  0  FIX  ;  27 BSVBIO 

;$OMEGA  0  FIX  ;   27 BSVFM 

 

$OMEGA  0.0468458  ;  28 BSVRLV 

$OMEGA  0  FIX  ;   29 BSVRV 

; $OMEGA  0.0668885  ;   29 BSVRV 

$OMEGA  1.30138  ;   30 BSVRE 

; $OMEGA  0  FIX  ;   28 BSVRL 

; $OMEGA  0  FIX  ;   29 BSVRV 

; $OMEGA  0  FIX  ;   30 BSVRE 

 

$SIGMA  1  FIX  ;       ERR1 

$SIGMA  1  FIX  ;       ERR2 

$SIGMA  1  FIX  ;       ERR3 

$SIGMA  1  FIX  ;       ERR4 

$SIGMA  1  FIX  ;       ERR5 

;Sim_start 

$ESTIMATION MSFO=run064.msf MAXEVAL=9999 PRINT=1 METHOD=1 

INTERACTION 
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            NOABORT NSIG=2 NONINFETA=1 ETASTYPE=1 SIGL=6 

;NOPRIOR=1 

 

;$SIMULATION ONLYSIMULATION (2239177789 NORMAL) 

;Sim_end 

 

$TABLE      ID OCC TIME TAD Y DV MDV PRED RES WRES IPRED IRES 

IWRES 

            CWRES CWRESI OBJI VPC_TIME TAD MTT NN BIO CL V BSVCL 

            BSVBIO BOVKA BOVLAG BOVMTT BOVBIO PROP_P ADD_P CLM 

VM FM 

            BSVCLM KE0_L KE0_V KE0_E RL RV RE AGE SEXF WT HT 

GESAGE_WK 

            MGPERKG MGINTAB DAYTTT DVID A_LIV A_CENT A_MET 

A_LCSF 

            A_VCSF A_ECF NOPRINT NOAPPEND ONEHEADER FORMAT=, 

            FILE=mytab064.csv 
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Final NONMEM code for results presented in Chapter 6 

;Model Description: RIF Final Model LASER-TBM Study 

;Settings for the memory of NONMEM 

$SIZES      PD=-1000 LVR=-150 LTH=-200 MAXFCN=10000000 LNP4=-150000 

            DIMTMP=1000 

$PROBLEM    RIF_MODEL_LASER-TBM 

$INPUT      ID .... 

$DATA      data_rif_nm_2023-11-26.csv IGNORE=@ IGNORE(DVID.EQ.2) 

         IGNORE(DVID.EQ.3) IGNORE(DVID.EQ.4) IGNORE(FLAG_ENZ.GT.0) 

            IGNORE(ID.EQ.4019) 

$SUBROUTINE ADVAN14 TRANS1 TOL=9 ATOL=9 

$ABBREVIATED DERIV2=NO 

$MODEL      NCOMPS=7 ; NUMBER OF COMPARTMENTS 

            COMP=(ABS) ;1 GUT CMT 

            COMP=(CENTRAL) ;2 CENTRAL CMT 

            COMP=(LIVER) ;3 LIVER CMT 

            COMP=(PERI) ;4 PERI CMT 

            COMP=(CSF) ; 5 CSF CMT 

            COMP=(AUC_P) ; 6 AUC plasma 

            COMP=(AUC_CSF) ; 7 AUC CSF 

 

;Using Priors------------------------------------------------ 

;Sim_start 

$PRIOR    NWPRI NPEXP=1 PLEV=0.9999 

;Sim_end 

 

;initialization-of-theta(S)-from the previous run---------- 
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$THETA  (0,1.09075,100) ; 1 LOGKM (mg/L) (exp) 

$THETA  (0,27.3473,125) ; 2 V (L) 

$THETA  (0,0.934124,1) ; 3 BIO_ORAL(.) 

$THETA  (0,0.485942,3) ; 4 KA (1/h) 

$THETA  (0,0.634202,3) ; 5 MTT (h) 

$THETA  (0,0.251954,1) ; 6 PROP (%) 

;$THETA  (0,1.63193E-05,10) ; 7 ADD (mg/L) 

$THETA  0 FIX ; 7 ADD (mg/L) 

$THETA  1 FIX ; 8 VH 

$THETA  90 FIX ; 9 QH 

$THETA  1 FIX ; 10 BIO_IV() 

$THETA  (0,10.9971,1000) ; 11 Q 

$THETA  (0,31.5279,1000) ; 12 VP 

$THETA  (0,19,100) FIX ; 13 NN (.) 

;---------------------------- 

$THETA  (0,46.1064,1000) ; 14 CL_Day3_High 

$THETA  (0,33.1219,1000) ; 15 CL_Day3_Std 

$THETA  (0,70.2333,1000) ; 16 CL_Day28_High 

$THETA  (0,41.411,1000) ; 17 CL_Day28_Std 

;---------------------------- 

$THETA  (0,3.19641,10) ; 18 EQHR (h) --> KE0 

$THETA  (0,0.059288,1) ; 19 PPC 

$THETA  (0,0.984216,1) ; 20 PROP_CSF [] 

$THETA  (0,0.0206258,10) ; 21 ADD_CSF [mg/L] 

;---------------------------- 

;THETA Priors (Reference values from reference model of the THETAs) 

;Sim_start 
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$THETAP  1.21 FIX ; LOGKM 

;Sim_end 

;Sim_start 

$THETAPV  BLOCK(1) FIX 

 0.1  ;      LOGKM 

;Sim_end 

$OMEGA  BLOCK(1) 

 0.0642298  ;    1 BSVCL 

$OMEGA  BLOCK(1) 

 0.0295196  ;     2 BSVV 

$OMEGA  BLOCK(1) FIX 

 0  ;   3 BSVBIO 

$OMEGA  BLOCK(1) 

 0.0329715  ; 4-8 BOVBIO 

$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) 

 0.609918  ; 9-13 BOVKA 

$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) 

 1.23318  ; 14-18 BOVMTT 

$OMEGA  BLOCK(1) SAME 
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$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) FIX 

 0  ; 19-20 BVVCL 

$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) 

 0.0288515  ;  21 BSV D2 

$OMEGA  0.00215  FIX  ; 22 Variance HTfemale 

$OMEGA  0.00170  FIX  ; 23 Variance HTmale 

$OMEGA  BLOCK(1) FIX 

 0  ; 24-25 BVVPPC 

$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) FIX 

 0  ;  26 BSVPPC 

$SIGMA  1  FIX 

$SIGMA  1  FIX 

 

$PK  

;-------Typical values of covariates 

TVWT = 60  ;median wt from the data set 

TVFAT = 14  

TVFFM = 46 

;---------Allometric scaling and covariates 

; ALLMCL_FFM = (FFM_IMP/TVFFM)**0.75 

; ALLMV_FFM = (FFM_IMP/TVFFM) 
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;- Imputation of HT and FFM all individuals - 

IMP_HTM = ((0.00133*WT) + 1.51)*EXP(ETA(22)) ;for females 

IF (SEXF.EQ.0)  IMP_HTM = ((0.00281*WT) + 1.53)*EXP(ETA(23)) ;for 

males 

IMP_FFM = (37.99 * (IMP_HTM**2) * WT) / (35.98 * (IMP_HTM**2) + WT); 

for females 

IF (SEXF.EQ.0)  IMP_FFM = (42.92 * (IMP_HTM**2) * WT) / (30.93 * 

(IMP_HTM**2) + WT);for males 

 

IF(FFM.NE.-99) ALLMCL_FFM = (FFM/TVFFM)**0.75 

IF(FFM.EQ.-99)  ALLMCL_FFM = (IMP_FFM/TVFFM)**0.75 

IF(FFM.NE.-99)  ALLMV_FFM  = (FFM/TVFFM)  

IF(FFM.EQ.-99)  ALLMV_FFM  = (IMP_FFM/TVFFM) 

 

;Hepatic allometry 

IF(FFM.NE.-99) ALLMCL_H_FFM = (FFM/56.1)**0.75 

IF(FFM.EQ.-99)  ALLMCL_H_FFM = (IMP_FFM/56.1)**0.75 

IF(FFM.NE.-99)  ALLMV_H_FFM  = (FFM/56.1)  

IF(FFM.EQ.-99)  ALLMV_H_FFM  = (IMP_FFM/56.1) 

   

;PARAMTERS 

TVLOGKM = THETA(1) ; LOGKM  

TVV = THETA(2)*ALLMV_FFM     

TVBIO_ORAL = THETA(3)      

TVKA  = THETA(4)          

    

TVMTT  = THETA(5)      
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TVBIO_IV = THETA(10)        

TVCL = THETA(14)*ALLMCL_FFM  

IF (RIFHIGH.EQ.0.AND.PK_VISIT_2.EQ.3) TVCL = THETA(15)*ALLMCL_FFM  

IF (RIFHIGH.EQ.1.AND.PK_VISIT_2.EQ.28) TVCL = THETA(16)*ALLMCL_FFM  

IF (RIFHIGH.EQ.0.AND.PK_VISIT_2.EQ.28) TVCL = THETA(17)*ALLMCL_FFM  

TVVH    = THETA(8)*ALLMV_H_FFM     

TVQH    = THETA(9)*ALLMCL_H_FFM    

TVQ     = THETA(11)*ALLMCL_FFM         

TVV2    = THETA(12)*ALLMV_FFM           

TVNN    = THETA(13) 

TVEQHR  = THETA(18) 

TVPPC   = THETA(19)  

 

;Defining ETAs 

BSVCL = ETA(1) 

BSVV = ETA(2) 

BSVBIO = ETA(3) 

 

;Defining Between OCC variability; 

BOVBIO = 0 

BOVKA  = 0 

BOVMTT = 0 

IF (OCC==1) THEN ;PREDOSE PK_VISIT=3 

 BOVBIO = ETA(4) 

 BOVKA  = ETA(9) 

 BOVMTT = ETA(14) 

 ;BOVCL  = ETA(19) 
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ENDIF 

IF (OCC==2) THEN 

 BOVBIO = ETA(5) 

 BOVKA  = ETA(10) 

 BOVMTT = ETA(15) 

 ;BOVCL  = ETA(19) 

ENDIF 

IF (OCC==3) THEN 

 BOVBIO = ETA(6) 

 BOVKA  = ETA(11) 

 BOVMTT = ETA(16) 

 ;BOVCL  = ETA(19) 

ENDIF 

IF (OCC==4) THEN 

 BOVBIO = ETA(7) 

 BOVKA  = ETA(12) 

 BOVMTT = ETA(17) 

 ;BOVCL  = ETA(20) 

ENDIF 

IF (OCC==5) THEN 

 BOVBIO = ETA(8) 

 BOVKA  = ETA(13) 

 BOVMTT = ETA(18) 

 ;BOVCL  = ETA(20) 

ENDIF 

 

BVVCL = 0 
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IF (PK_VISIT==3) BVVCL=ETA(19) 

IF (PK_VISIT==28) BVVCL=ETA(20) 

BSVD2 = ETA(21) 

BVVPPC = 0 

IF (PK_VISIT==3)  BVVPPC=ETA(24) 

IF (PK_VISIT==28) BVVPPC=ETA(25) 

BSVPPC = ETA(26) 

;---------------------------------------------------------- 

CL      = (TVCL)*EXP(BSVCL+BVVCL) 

V   = (TVV)*EXP(BSVV) 

KA   = (TVKA)*EXP(BOVKA) 

MTT  = (TVMTT)*EXP(BOVMTT) 

NN      = TVNN 

D2      = DUR*EXP(BSVD2) 

BIO_ORAL = (TVBIO_ORAL)*EXP(BSVBIO+BOVBIO) 

BIO_IV   = TVBIO_IV 

VH=TVVH 

QH=TVQH 

LOGKM     = TVLOGKM;*EXP(BSVKM) 

VMAX  = CL*EXP(LOGKM) ; max enzymatic rate  

Q   = TVQ 

V2   = TVV2 

 

EQHR = TVEQHR 

KE0  = LOG(2)/EQHR 

PPC = TVPPC*EXP(BVVPPC+BSVPPC)  
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K24 = Q/V 

K42 = Q/V2 

 

F2 = 0 

IF(RIFIV.EQ.1) F2=BIO_IV 

;Transit code 

F1=0 ; I need to set bioavailability in compartment 1 to 0 for this 

implementation of the transit compartment absorption 

KTR = (NN+1)/MTT ; The number of actual transit compartments is NN+1, 

so this number can never be 0 

IF (NEWIND/=2.OR.EVID>=3.AND.CMT.EQ.1) THEN ; new individual, or reset 

event 

    ; The values read here will be stored in TDOS and PD in this very 

PK call. 

 TNXD=TIME ; Time of the dose 

 PNXD=AMT ; Amount. If it's zero, the DE is deactivated. 

  

 TIMEDOSE = TIME 

 AMOUNTDOSE = AMT 

ENDIF 

 

TDOS=TNXD ; This will either save here the temporary values if it's a 

new individual... 

PD=PNXD ; ...or the values which were read one record ahead during 

the execution of the previous record. 
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IF(AMT>0.AND.CMT.EQ.1) THEN ; This reads one record ahead and stores 

the data to be used when running the following record 

; IF(AMT.GT.0.AND.ALAG1.EQ.0) THEN ; Use this INSTEAD if there is 

ALAG, as it will also checks if the ALAG is not 0. Note that you 

normally do not want to include both ALAG and transit, this is a very 

exceptional case 

 TNXD=TIME 

 PNXD=AMT 

ENDIF 

PIZZA = LOG(BIO_ORAL*PD*KTR + 1E-12) - GAMLN(NN+1)  ; without 

+0.00001, it won't work with ETAs in bioavailability 

 

A_0(1) = 1E-12 ;ABS 

A_0(2) = 1E-12 ;CENT 

A_0(3) = 1E-12 ;LIV 

A_0(4) = 1E-12 ;PERI 

A_0(5) = 1E-12 ;CSF 

;---------------------------------------------------------- 

$DES 

;Transit code 

TEMPO = T-TDOS ; this is time after dose for the transit, it should 

always be >= 0 

KTT = 0 

TRANSIT = 0 

IF(PD.GT.0.AND.TEMPO.GT.0) THEN ; This happens only id PD>0, so only 

if a dose has been detected 

 KTT = KTR*(TEMPO) 
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 TRANSIT = EXP(PIZZA+NN*LOG(KTT)-KTT) 

ENDIF 

;Saturable CL (Michaelis-Menten) 

CH = A(3)/VH ;Conc. in liver 

SAT_CL=0   

IF (CH>0) SAT_CL = VMAX / (CH + EXP(LOGKM))   

 

EH  = (SAT_CL)/((SAT_CL)+QH) ; fraction undergoing first pass 

extraction 

FH  = 1 - EH ;fraction available after 1st pass to go to systemic 

circulation 

  

K30=(QH*EH/VH) 

K32= (QH*FH/VH) ;from liver to plasma    

K23=(QH/V)      ;frm plasma to liver 

   

DADT(1) = TRANSIT-KA*A(1) ;gut 

DADT(2) = K32*A(3)-K23*A(2) - K24*A(2) + K42*A(4);plasma 

DADT(3) = KA*A(1)-K32*A(3)+K23*A(2)-K30*A(3) ;liver 

DADT(4) = K24*A(2)-K42*A(4) ; 2nd cmt 

CP_DES = A(2)/V 

DADT(5) = KE0*(PPC*CP_DES - A(5)) ;CSF 

DADT(6) = CP_DES  

DADT(7) = A(5)  

;---------------------------------------------------------- 

$ERROR  

; DEFINE LLOQ VALUE  
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; LLOQ could be study-specific, e.g if you have data from different 

labs in your analysis 

LLOQ_P = 0.117 ; DEFINE YOUR OWN LLOQ HERE 

; DEFINE censoring threshold (CENS_THR) 

; Generally the same as LLOQ, but not if the LLOQ data was released 

by the lab. 

; If censoring threshold is not explicitly indicated, we can generally 

assume it to be the limit of detection (LOD). 

; The signal-to-noise ratio is generally assumed to be 10 at the LLOQ, 

and 3 at the LOD 

; https://en.wikipedia.org/wiki/Detection_limit; 

; Keizer RJ, Jansen RS, Rosing H, Thijssen B, Beijnen JH, Schellens 

JHM, Huitema ADR.  

; Incorporation of concentration data below the limit of 

quantification in population pharmacokinetic analyses.  

; Pharmacol Res Perspect [Internet]. 2015 Mar;3(2):e00131. Available 

from: http://doi.wiley.com/10.1002/prp2.131 

 

CENS_THR_P = LLOQ_P  

CP = A(2)/V 

IPRED_P = CP 

PROP_P = IPRED_P*THETA(6) 

ADD_P = THETA(7)+(CENS_THR_P*0.2)         

; ADD is defined as 20% of LLOQ + THETA(.)  

 

IF (ICALL/=4.AND.CENS==1.AND.DVID==1) THEN 

 ADD_P = ADD_P +(CENS_THR_P*0.5) 
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ENDIF 

 

W_P = SQRT((ADD_P)**2 + (PROP_P)**2)  

ERROR_P  = W_P * ERR(1) 

NO_FIT = 0 

CENS_THR_VPC_P = CENS_THR_P 

IMPUTED_CENS_VPC_P = CENS_THR_P/2 

; For CENS==2 (i.e. the trailing CENSORED values in a series that were 

imputed to CENS_THR/2), we don't want these to influence the fit,  

; we only want them for simulation-based diagnostics such as the VPC.  

; So we define a separate error structure for these points. It has no 

proportional component  

; (PROP = 0, as we would not want these points to affect our estimate 

of proportional error)  

; and a FIXED and HUGE additive component (ADD = 1000000000, large 

with respect to the readings of concentration), 

; so that the values do not affect the fit. It's also a good idea to 

repeat the diagnostic plots without the CENS=2 points 

 

IF (ICALL/=4.AND.CENS==2.AND.DVID==1) THEN 

 PROP_P = 0 

 ADD_P = 10000000000  

 NO_FIT = 1 

ENDIF 

 

;Repeat for CSF observations----------------------------------------

LLOQ_E = 0.005 



320 

 

CENS_THR_E = LLOQ_E  

CE = A(5) 

 

IPRED_E = CE 

PROP_E = IPRED_E*THETA(20) 

ADD_E = THETA(21)+(CENS_THR_E*0.5)  

 

IF (ICALL/=4.AND.CENS==1.AND.DVID==5) THEN 

 ADD_E = ADD_E +(CENS_THR_E*0.5) 

ENDIF 

 

W_E = SQRT((ADD_E)**2 + (PROP_E)**2)  

ERROR_E  = W_E * ERR(2) 

NO_FIT = 0 

CENS_THR_VPC_E = CENS_THR_E 

IMPUTED_CENS_VPC_E = CENS_THR_E/2 

 

IF (ICALL/=4.AND.CENS==2.AND.DVID==5) THEN 

 PROP_E = 0 

 ADD_E = 10000000000  

 NO_FIT = 1 

ENDIF 

;-------------------------------------------------------------------

;Redefine IPRED & weighting 

IPRED = IPRED_P 

W = W_P 

ERROR_TERM = ERROR_P 
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CENS_THR_VPC = CENS_THR_VPC_P 

IMPUTED_CENS_VPC = IMPUTED_CENS_VPC_P 

 

IF (DVID==5) THEN 

 IPRED = IPRED_E 

 W     = W_E 

 ERROR_TERM = ERROR_E 

 CENS_THR_VPC = CENS_THR_VPC_E 

 IMPUTED_CENS_VPC = IMPUTED_CENS_VPC_E 

ENDIF 

 

; Protective code 

IF (W.LE.0.000001) W=0.000001 

IRES=DV-IPRED 

IWRES=IRES/W 

Y = IPRED + ERROR_TERM 

 

; To prevent simulation (ICALL==4) of negative values. It set a 

positive lower bound for Y, so that VPCs in the log-scale can be 

plotted 

IF (ICALL==4.AND.Y<=CENS_THR_VPC) Y = IMPUTED_CENS_VPC 

; To calculate time after dose.  

IF(AMT.GT.0) THEN 

 TIMEDOSE = TIME 

 AMOUNTDOSE = AMT 

ENDIF 

TAD = TIME-TIMEDOSE 
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;;Retrieve amount in each compartment 

A_GUT   = A(1) 

A_CENT  = A(2) 

A_LIV   = A(3) 

A_PERI  = A(4) 

A_CSF   = A(5)    

AUC_P   = A(6) 

AUC_CSF = A(7) 

 

$ESTIMATION METHOD=1 INTER MAXEVAL=9999 PRINT=1 NOABORT NSIG=3 SIGL=6 

            NONINFETA=1 ETASTYPE=1 
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Final NONMEM code for results presented in Chapter 7 

;; 1. Based on:  

;Model desc: Final.model 

;Settings for the memory of NONMEM 

$SIZES      PD=-1000 LVR=-150 LTH=-200 MAXFCN=10000000 LNP4=-150000 

            DIMTMP=1000 

$PROBLEM    LNZ_MODEL 

$INPUT      ID DV AMT … 

$DATA      dat.csv IGNORE=@ 

$ABBREVIATED DECLARE INTEGER NDOSE INTEGER MAX_ACCUM_DOSES 

$SUBROUTINE ADVAN13 TRANS1 TOL=9 ATOL=9 ;SSTOL=6 SSATOL=6 

$MODEL      NCOMPS=5 ; NUMBER OF COMPARTMENTS 

            COMP=(ABS,DEFDOSE) ;1 GUT ABS 

            COMP=(CENTRAL) ;2 CENTRAL CMT 

            COMP=(CSF) ; 3 CSF CMT 

            COMP=(AUC_P) COMP=(AUC_CSF) 

 

;initialization-of-theta(S)-from the previous run 

$THETA  (0,7.33136) ; 1 CLMAX (L/H) 

$THETA  (0,40.8985,100) ; 2 V (L) 

$THETA  (0,1.21424,3) ; 3 KA (1/H) 

$THETA  (0,0.211549,3) ; 4 MTT (H) 

$THETA  1 FIX ; 5 BIO() 

$THETA  (0,5.67065,100) ; 6 NN () 

$THETA  (0.01,0.21648,10) ; 7 PROP (%) 

$THETA  (1e-5,0.163042,2) ; 8 ADD (mg/L) 

$THETA  (0,26.2736) ; 9 KM  
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$THETA  (0,0.197959,10) ; 10 KE0 

$THETA  (0,0.364727,1) ; 11 PPC 

$THETA  (0,0.3) ; 12 PROP_E [] 

$THETA  0 FIX ; 13 ADD_E [mg/L] 

$THETA  (0,1.18242,10) ; 14 BRK 

$THETA  1 FIX ; 15 AMP 

$THETA  0 FIX ; 16 INT 

 

$OMEGA  BLOCK(1) 

 0.00884734  ; 1 BSVCLMAX 

$OMEGA  BLOCK(1) FIX 

 0  ;     2 BSVV 

$OMEGA  BLOCK(1) FIX 

 0  ;    3 BSVKA 

$OMEGA  BLOCK(1) FIX 

 0  ;   4 BSVMTT 

$OMEGA  BLOCK(1) FIX 

 0  ;   5 BSVBIO 

$OMEGA  BLOCK(1) 

 0.772478  ; 6-10 BOVKA 

$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) 

 1.19782  ; 11-15 BOVMTT 

$OMEGA  BLOCK(1) SAME 
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$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) FIX 

 0  ; 16-20 BOVBIO 

$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) SAME 

$OMEGA  0.00215  FIX  ; 21 Variance HTfemale 

$OMEGA  0.00170  FIX  ; 22 Variance HTmale 

$OMEGA  BLOCK(1) 

 0.0411842  ; 23-24 BVVCLMAX 

$OMEGA  BLOCK(1) SAME 

$OMEGA  BLOCK(1) FIX 

 0  ;   25 BSVKM 

$OMEGA  BLOCK(1) FIX 

 0  ;  26 BSVKE0 

$OMEGA  BLOCK(1) FIX 

 0  ;  27 BSVPPC 

$OMEGA  BLOCK(1) FIX 

 0  ; 28-29 BVVPPC 

$OMEGA  BLOCK(1) SAME 

$SIGMA  1  FIX 

 

$PK  

;--------- Handling of missing data ---------- 
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;- Imputation of HT and FFM all individuals - 

    IMP_HTM = ((0.00133*WTNEW) + 1.51)*EXP(ETA(21)) 

;for females 

IF (SEXF.EQ.0)  IMP_HTM = ((0.00281*WTNEW) + 1.53)*EXP(ETA(22)) ;for 

males 

 

    IMP_FFMNEW = (37.99 * (IMP_HTM**2) * WTNEW) / 

(35.98 * (IMP_HTM**2) + WTNEW); for females 

IF (SEXF.EQ.0)  IMP_FFMNEW = (42.92 * (IMP_HTM**2) * WTNEW) / (30.93 

* (IMP_HTM**2) + WTNEW);for males 

 

;Adding Dose as covriate 

IF(AMT.GT.0) DOSE_LZD = AMT 

 

;-------Typical values of covariates 

TVWT = 60 ;median wt from the data set 

TVFFM = 45 

;---------Allometric scaling and covariates 

ALLMCL_WT = (WTNEW/TVWT)**0.75 

ALLMV_WT = (WTNEW/TVWT) 

 

IF(FFMNEW.NE.-99) ALLMCL_FFM = (FFMNEW/TVFFM)**0.75 

IF(FFMNEW.EQ.-99)   ALLMCL_FFM = (IMP_FFMNEW/TVFFM)**0.75 

 

IF(FFMNEW.NE.-99) ALLMV_FFM = (FFMNEW/TVFFM) 

IF(FFMNEW.EQ.-99)   ALLMV_FFM = (IMP_FFMNEW/TVFFM) 

;------------------------------------------------------------- 
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; Covariate Testing 

COV     = CSF_PROTEIN 

COV_MED = 0.995           

 

IF (COV.LT.0) THEN 

 COV = COV_MED 

ENDIF  

 

BRK = THETA(14) ;lower limit must be 0 

AMP = THETA(15) 

INT = THETA(16) ;intercept - lower limit must be 0 

SLP = (AMP - INT)/(BRK - 0) 

SLP_AFTER = 0 

         

IF(COV.LE.BRK) COV_EFF=(SLP*(COV-BRK)) 

IF(COV.GT.BRK) COV_EFF=(SLP_AFTER*(COV-BRK)) 

 

;PARAMTERS 

TVCLMAX = THETA(1) *ALLMCL_FFM 

TVV  = THETA(2)*ALLMV_FFM  ; Volume Typical Value WITH ALLOMETRIC 

SCALLING 

TVKA  = THETA(3)     ; First Order oral abs Typical 

Value 

TVMTT  = THETA(4)     ; Typical-VALUE-FOR-MTT 

TVBIO  = THETA(5)     ; Typical BIO value 

TVNN   = THETA(6)     ; NUMBER-OF-TRANSIT-

COMPS 
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TVKM    = THETA(9)           

;EFFECT Parameters 

TVKE0 = THETA(10) 

TVPPC = THETA(11)*(1+COV_EFF) 

;-------------------------------------------------------------

;Defining ETA's 

;BETWEEN SUBJETS VARIABILITY-----------------------------------

BSVCLMAX    = ETA(1) 

BSVV   = ETA(2) 

BSVKA   = ETA(3) 

BSVMTT   = ETA(4) 

BSVBIO   = ETA(5) 

 

;Defining Between Visit variability 

BVVCLMAX = 0 

IF (PK_VISIT == 3) BVVCLMAX = ETA(23) ;eta for visit day3  

IF (PK_VISIT == 28) BVVCLMAX = ETA(24) ;eta for visit day28 

 

;Defining Between OCC VARIABILITY----------------------------------- 

BOVCL = 0 

BOVKA = 0 

BOVMTT = 0 

BOVBIO = 0 

BOVLAG  = 0 

 

;Defining Between OCC variability; 

;OCCASION 1 
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IF (OCC==1) THEN 

 BOVKA = ETA(6) 

 BOVMTT = ETA(11) 

 BOVBIO = ETA(16) 

 ;BVVCLMAX = ETA(23) ;eta for visit day3   

 BVVPPC = ETA(28) ;eta for visit day3      

ENDIF 

;OCCASION 2 

IF (OCC==2) THEN 

 BOVKA = ETA(7) 

 BOVMTT = ETA(12) 

 BOVBIO = ETA(17) 

 ;BVVCLMAX = ETA(23) ;eta for visit day3  

 BVVPPC = ETA(28) ;eta for visit day3      

ENDIF 

;OCCASION 3 

IF (OCC==3) THEN 

 BOVKA = ETA(8) 

 BOVMTT = ETA(13) 

 BOVBIO = ETA(18) 

 ;BVVCLMAX = ETA(24) ;eta for visit day28 

 BVVPPC = ETA(29) ;eta for visit day28      

ENDIF 

;OCCASION 4  

IF (OCC==4) THEN 

 BOVKA = ETA(9) 

 BOVMTT = ETA(14) 
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 BOVBIO = ETA(19) 

 ;BVVCLMAX = ETA(24) ;eta for visit day28 

 BVVPPC = ETA(29) ;eta for visit day28      

ENDIF 

;OCCASION 5 

IF (OCC==5) THEN 

 BOVKA = ETA(10) 

 BOVMTT = ETA(15) 

 BOVBIO = ETA(20) 

 ;BVVCLMAX = ETA(23) ;eta for visit day3 (24h dose)  

 BVVPPC = ETA(28) ;eta for visit day3 (24h dose)      

ENDIF 

 

BSVKM   = ETA(25) 

BSVKE0      = ETA(26) 

BSVPPC      = ETA(27) 

;-------------------------------------------------------------V  

 = (TVV)*EXP(BSVV) 

KA   = (TVKA)*EXP(BSVKA+BOVKA) 

MTT  = (TVMTT)*EXP(BSVMTT+BOVMTT) 

BIO  = (TVBIO)*EXP(BSVBIO+BOVBIO) 

NN   = TVNN;*EXP(BSVNN) 

CLMAX  = TVCLMAX*EXP(BSVCLMAX+BVVCLMAX) 

KM     = TVKM*EXP(BSVKM) 

VMAX   = CLMAX*KM 

 

;Effect parameters 
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KE0 = TVKE0 * EXP(BSVKE0) 

PPC = TVPPC * EXP(BSVPPC+BVVPPC) 

K23 = (CLMAX/V)*1E-12 ;negligible mass transfer from central to effect 

(CSF) compartment 

;-------------------------------------------------------------; 

Transit code 

F1=0 ; needed for this implementation of the transit compartment 

absorption 

KTR = (NN+1)/MTT ; The number of actual transit compartments is NN+1, 

so this number can never be 0 

IF (NEWIND/=2.OR.EVID>=3) THEN ; new individual, or reset event 

    ; The values read here will be stored in TDOS and PD in this very 

PK call. 

 TNXD=TIME ; Time of the dose 

 PNXD=AMT ; Amount. If it's zero, the DE is deactivated. 

 TIMEDOSE = TIME 

 AMOUNTDOSE = AMT 

ENDIF 

 

TDOS=TNXD ; This will either save here the temporary values if it's a 

new individual... 

PD=PNXD ; ...or the values which were read one record ahead during 

the execution of the previous record. 

 

IF(AMT>0) THEN ; This reads one record ahead and stores the data to 

be used when running the following record 
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; IF(AMT.GT.0.AND.ALAG1.EQ.0) THEN ; Use this INSTEAD if there is 

ALAG, as it will also checks if the ALAG is not 0. Note that you 

normally do not want to include both ALAG and transit, this is a very 

exceptional case 

 TNXD=TIME 

 PNXD=AMT 

ENDIF  

 

; To speed up the computation, I calculate here all the non-time-

varying quantities used in $DES 

PIZZA = LOG(BIO*PD*KTR + 1E-12) - GAMLN(NN+1)  ; without +0.00001, it 

won't work with ETAs in bioavailability 

 

A_0(1) = 1E-12 ;ABS 

A_0(2) = 1E-12 ;CENT 

A_0(3) = 1E-12 ;CSF 

A_0(4) = 1E-12 

A_0(5) = 1E-12 

;-------------------------------------------------------------$DES 

C2 = A(2)/V 

 

TEMPO = T-TDOS ; this is time after dose for the transit, it should 

always be >= 0 

KTT = 0 

TRANSIT = 0 

IF(PD.GT.0.AND.TEMPO.GT.0) THEN ; This happens only id PD>0, so only 

if a dose has been detected 
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 KTT = KTR*(TEMPO) 

 TRANSIT = EXP(PIZZA+NN*LOG(KTT)-KTT) 

ENDIF 

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

DADT(2) = KA*A(1) - ((VMAX/(KM+C2))/V)*A(2)   

DADT(3) = KE0*(PPC*C2 - A(3)) ;A(3) IS ACTUALLY CONC IN EFFECT CMT  

DADT(4) = C2;*TSS1  

DADT(5) = A(3);*TSS1  

 

$ERROR 

; In the dataset, flag CENSORED values: 

 ; CENSORED==0 means that the value given by lab isn't censored 

 ; CENSORED==1 means that the DV value was CENSORED and we would 

like to use it in the model fit 

 ; CENSORED==2  same as above but we don't want it to affect the 

model fit but we leave it there for diagnostics 

 

LLOQ_LZD=0.100 

LLOQ_P = 0.100 

LLOQ_E = 0.100 

CENS_THR = LLOQ_LZD 

 

CP = A(2)/V 

CE = A(3) 

 

IPRED_P = CP 

PROP_P  = IPRED_P*THETA(7) 
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ADD_P   = THETA(8) + (0.2*CENS_THR) 

 

IF(ICALL.NE.4.AND.BLQ_LNZ==1.AND.DVID==1) THEN  

 ADD_P = ADD_P + (LLOQ_P/2) 

ENDIF 

 

W_P = SQRT((ADD_P)**2 + (PROP_P)**2)  

 

IPRED_E = CE 

PROP_E  = IPRED_E*THETA(12) 

ADD_E   = THETA(13) + (0.2*CENS_THR) 

 

IF(ICALL.NE.4.AND.BLQ_LNZ==1.AND.DVID==2) THEN  

 ADD_E = ADD_E + (LLOQ_E/2) 

ENDIF 

 

W_E = SQRT((ADD_E)**2 + (PROP_E)**2)  

 

  ERROR_P  = W_P * ERR(1) 

  ERROR_E  = W_E * ERR(1) 

   

    ;Redefine IPRED & weighting 

  IPRED = IPRED_P 

  W = W_P 

  ERROR_TERM = ERROR_P 

 

  IF (DVID==2) THEN 
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     IPRED = IPRED_E 

     W     = W_E 

     ERROR_TERM = ERROR_E 

     ENDIF 

  ; Protective code 

  IF (W.LE.0.000001) W=0.000001 

     IRES = DV-IPRED 

     IWRES = IRES/W 

  

  Y = IPRED + ERROR_TERM 

; To prevent simulation (ICALL==4) of negative values, set a positive 

lower bound for Y, so that VPCs in the log-scale can be plotted 

IF (DVID==1.AND.ICALL==4.AND.Y<=LLOQ_P) Y=LLOQ_P/2 

IF (DVID==2.AND.ICALL==4.AND.Y<=LLOQ_E) Y=LLOQ_E/2 

;------------------------------------------------------------- 

 IF(AMT>0) THEN 

 TIMEDOSE = TIME 

 AMOUNTDOSE = AMT 

ENDIF 

 

TAD2 = TIME-TIMEDOSE 

TSOD = TAD2 

IF(OCC.EQ.1.OR.OCC.EQ.3) TSOD = 24 - TAD2 

 

 ; RETRIEVE AMOUNT IN EACH COMPARTMENT-------------------------A_GUT   

= A(1) 

A_CENT  = A(2) 
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A_CSF   = A(3) 

AUC_P   = A(4) 

AUC_CSF = A(5) 

 

VARCLMAX = BSVCLMAX + BVVCLMAX 

VARPPC = BSVPPC + BVVPPC 

CONC_MOD = A(2)/V 

;-------------------------------------------------------------

$ESTIMATION METHOD=1 INTER MAXEVAL=9999 PRINT=1 NOABORT NSIG=3 SIGL=6 

            NONINFETA=1 ETASTYPE=1 

$TABLE     … 
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