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Abstract
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The introduction of artemisinin-based combination therapy (ACT) substantially reduced
malaria-related mortality and morbidity during the past decade. Despite the widespread use
of ACT, there is still a considerable knowledge gap with regards to safety, efficacy and
pharmacokinetic properties of these drugs, particularly in vulnerable populations like children
and pregnant women. In addition, there is growing evidence of widespread artemisininresistance across the Greater Mekong Subregion. Expedited delivery of novel antimalarial drugs
with different mechanisms of action to the clinical setting is still far off; therefore, it is crucial
to improve the use of existing antimalarial drugs for optimal outcome in order to prolong their
therapeutic life span.
This thesis focuses on utilizing pharmacometric tools to support this effort for malaria
prevention and treatment.
An extensive simulation framework was used to explore alternative malaria chemopreventive
dosing regimens of a commonly used ACT, dihydroartemisinin-piperaquine. Different monthly
and weekly dosing regimens were evaluated and this allowed an understanding of the interplay
between adherence, loading dose and malaria incidence. A weekly dosing regimen substantially
improved the prevention effect and was less impacted by poor adherence. This is also expected
to reduce selection pressure for development of resistance to piperaquine.
Population pharmacokinetics-pharmacodynamic models were developed for artesunate
and the active metabolite dihydroartemisinin, effect on parasite clearance, in patients with
artemisinin-resistant and -sensitive malaria infections in Southeast Asia. The modeling
identified an association between parasite density and drug bioavailability. It predicted the
presence of high levels of artemisinin resistant infection among patients in Cambodia and its
spread into Myanmar. A nomogram to identify patients with artemisinin resistant infections was
developed. Furthermore, the model was used to demonstrate the need for extended treatment
duration to treat patients with artemisinin resistant infections.
A population pharmacokinetic model developed from data on pregnant women in East Africa
allowed further understanding of artemether-lumefantrine exposure in pregnant populations. It
also suggested that the lumefantrine exposure in this population is not compromised.
In summary, the results presented in this thesis demonstrate the value of pharmacometric
approaches for improving antimalarial drug treatment and prevention. This ultimately
contributes to overcoming the prevailing challenges to malaria control.
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Introduction

Since 2000, substantial progress has been made in the global fight against
malaria due to the introduction of artemisinin-based combination treatment
(ACT). With tremendous global effort and support, many malaria-endemic
countries were successful in reducing their malaria burden.1 In general, recent reports highlight that malaria cases have dropped by 21% between the
years 2010 and 2015 worldwide, and at the same time the death rate has
dropped by 29%.1 These results are the outcome of considerable increases in
global funding, deployment of insecticide-treated bed nets and effective
treatments, such as ACTs.2
On the other hand, there has been an alarming increase in resistance in the
Plasmodium falciparum parasite, particularly to the most potent antimalarial,
the artemisinin compound. In addition to this, other factors such as nonadherence and sub-optimal use of the available drugs, particularly in vulnerable populations, are also becoming a major limitation to malaria control
strategies.
It is estimated that half of the world’s population (i.e., around 3 billion
people) are still vulnerable to malaria infections and malaria remains a major
killer of children, taking the life of one child every two minutes.3 Malaria in
pregnant women is another critical concern, predominantly in Africa.3
The World Health Organization (WHO) has set the target of reducing malaria incidence and mortality rates globally by at least 90% by 2030 (compared to 2015) and to eliminate malaria from at least 35 countries.1, 3 Given
the existing challenges, in order to accelerate the current progress so as to
reach this target, there is a dire need for new antimalarial drugs. Though new
antimalarial drug development looks promising,2 the lag in reaching clinical
sites still exists. Efforts and focus have been aligned to scaling up the implementation of existing treatments to augment optimal output. Effective
diagnosis and surveillance systems are also needed.
This thesis focuses on the role of a pharmacometrics approach as an important tool, not just for understanding the pharmacokinetic (PK)-pharmacodynamic (PD) properties of the antimalarial drugs, but also as an aid to utilizing this knowledge to help improve the use of existing treatment regimens
to treat and prevent malaria infection.
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Malaria
Malaria is an ancient disease and it holds a unique place in history.4 In fact,
the word malaria originates from the Roman word mal-aria (bad air). The
understanding of malaria parasites only began in 1880, with the discovery of
malaria parasites in the blood of malaria patients by Alphonse Laveran
(1845-1922). This gave paved the way for many other discoveries related to
the pathophysiology of the disease and the development of many new antimalarial drugs, new insecticides for transmission prevention, and effective
diagnostics methodologies.
The tremendous growth of research in malaria has resulted in five Nobel
Prizes in Physiology or Medicine being awarded for work associated with
malaria; i.e. to Sir Ronald Ross (1902), Charles Louis Alphonse Laveran
(1907), Julius Wagner-Jauregg (1927), Paul Hermann Müller (1948), and
Youyou Tu (2015).
Today, malaria remains a major health problem with the majority of the
disease burden being in the African region. Global attention and efforts are
still needed to ensure that the modest and fragile gains witnessed over the
past decade are not easily lost and reversed.5
Malaria species
Malaria is caused by the parasite genus Plasmodium. Among the five Plasmodium species infecting humans, namely; Plasmodium falciparum, Plasmodium vivax, Plasmodium ovale, Plasmodium malariae and Plasmodium
knowlesi, the Plasmodium falciparum malaria infection is known to be the
most life-threatening, as it can lead to cerebral malaria, which can lead to
death.6
Plasmodium vivax is the second most significant species and is most prevalent in Southeast Asia and South America. Plasmodium vivax and Plasmodium ovale, though not as deadly as Plasmodium falciparum, do add complication to the dormant liver stage, which can lead to clinical symptoms.
Plasmodium knowlesi, on the other hand, is a primate malaria parasite (longtailed and pig-tailed macaques) which was found to cause malaria in human
recently. It is the most common cause of malaria in Sarawak, Malaysia.7
The work in this thesis focuses on uncomplicated Plasmodium falciparum
malaria infection in humans.
The Plasmodium falciparum life cycle
The lifecycle of the Plasmodium falciparum parasite is complex (Figure 1),
it involves transmission between two hosts, i.e., the mosquito vector and the
human host (pre-erythrocytic stage and the erythrocytic stage).
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Figure 1. The life cycle of the Plasmodium falciparum malaria parasite
Adapted with permission from Adrian V. S, 2011.8

The human infection starts when the infected female Anopheles species mosquito bites the human host and transmits the malaria parasite by injecting it’s
saliva, containing Plasmodium falciparum sporozoites (Figure 1, ➀). The
injected sporozoites travel to the liver cells within 15 to 30 minutes of inoculation (Figure 1, ➁).
In the liver, it invades hepatocytes and multiplies, which is known as the
pre-erythrocytic development stage (Figure 1, ➂). The hepatocyte later ruptures and releases merozoites into the bloodstream, which initiates the asexual parasite multiplication stage (Figure 1, ➃).
The merozoites enter the red blood cells (RBCs) by multiple receptorligand interactions as quickly as within 60 seconds. Inside the RBC it grows
and divides within the vacuole into fresh merozoites, through the ring,
trophozoite, and schizont stages (erythrocytic cycle). At the end of the cycle,
the infected RBCs rupture, releasing the new merozoites, which in turn infects more RBCs.
This increases the parasite density and is often associated with paroxysms
of fever,9 a sign of uncomplicated malaria. This erythrocytic stage repeats
and occurs synchronously every 48 hours in cases of Plasmodium falciparum. Some blood-stage parasites develop into sexual life forms (gametocytes) that can transmit malaria to mosquitoes from the human host (Figure
1, ➄).
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Characteristics and diagnostics of malaria disease
Malaria can be categorised as either uncomplicated or severe. The clinical
hallmark of a malaria infection is usually irregular at first; the fever tends to
become periodic depending on the synchronization and hepatocyte burst.10
Without appropriate treatment, uncomplicated Plasmodium falciparum may
quickly develop into severe malaria.
The infected erythrocytes containing late developmental stages of the parasite (trophozoites and schizonts) can adhere to the endothelium of capillaries and venules. This phenomenon in the Plasmodium falciparum infection is
named sequestration. When sequestration occurs inside the blood vessels in
the brain, the result is what is clinically recognized as cerebral malaria (a
serious complication of severe malaria). In severe malaria, other major complications include pulmonary oedema, acute renal failure, severe anaemia
(haematocrit <15% or haemoglobin <50 g/L in the presence of parasite count
>10,000/µL),11, 12 and/or bleeding. Acidosis and hypoglycaemia are the
common metabolic complications.12
In all settings, suspected malaria is confirmed with a parasitological test,
i.e., a microscopic examination. Light microscopy of thick and thin stained
blood smears remains the field standard method for diagnosing malaria.13
Plasmodium falciparum parasites are counted per 200 or 500 leukocytes, and
then used to estimate the parasite density per microliter of blood.14 There are
also various test kits available, that work based on the principles of detecting
antigens derived from malaria parasites. The rapid diagnostic test (RDT) is
often used as an alternative diagnostic method to the light microscopy test.
Another method, which is 10-fold more sensitive than the light microscopy
test, is the polymerase chain reaction (PCR). Different PCR assays, which
detect and amplify the sequences of DNA, have been used for diagnostics
and differentiation of reinfections from recrudescence. However, for costeffectiveness reasons, the light microscopy test remains the field standard
diagnostic method.

Malaria control
Generally, malaria control strategies involve the human host (infection
treatment and infection prevention), the mosquito vector (vector elimination
and reduction of contact between mosquito vector and human host) and the
environment (vector control and larval breeding elimination).
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Malaria control involving the human host (case management of uncomplicated or severe malaria) is carried out through the use of antimalarial drugs.
Other tools used for malaria control are:
i.
ii.
iii.

Insecticide and bed nets (mosquito vector)
Intermittent preventive treatment (IPT) (human host)
Indoor spray (mosquito vector)

In addition to the above, malaria vaccine development long awaited for malaria prevention, is on-going. Two vaccines (RTS and S) are currently undergoing phase III clinical trials.15 This thesis aims to improve antimalarial
therapy and contribute to malaria control involving the human host, i.e.,
treatment (case management) and chemopreventive therapy particularly,
using ACTs.

Antimalarial drugs
Many antimalarial drugs exist for treatment of uncomplicated malaria. The
four major drug classes, currently used to treat malaria, are quinolone-related
compounds, antifolates, artemisinin derivatives and antimicrobials. However, the artemisinin compounds are the most potent treatment alternative and
ACT has been the cornerstone of the reduction in malaria-driven mortality
and morbidity.
The artemisinins
Artemisinin (qinghao su in Chinese) was recovered from the plant Artemisia
annua L. (sweet wormwood)16 and has a broader range of effect on Plasmodium falciparum, i.e. on sexual stages and gametocytes (stage IV and younger stage V).17 It has been proposed that artemisinin reacts with Fe2+ (heme)
and is involved in the production of carbon-centred free radicals from the
decomposition of its endoperoxide bridge.18 These free radicals are poisonous to the malaria parasite.
Artemisinin itself does not dissolve in oil/water and is therefore developed into semisynthetic derivatives such as artesunate (ARS),19, 20 artemether
(ARM),21-23 dihydroartemisinin (DHA),24 artelinic acid, and artemotil. Various formulations of these compounds have been produced for treating uncomplicated Plasmodium falciparum malaria; however, parenteral ARS is
administered for severe malaria prior to continuing with an oral antimalarial.
Oral ARS and ARM (which are explored in this thesis) are active themselves, but are also converted by blood esterase and hepatic cytochrome
P450 enzymes (mostly CYP3A4 in vivo) to DHA. DHA provides the majority of their activity25 and is metabolised by glucuronidation. Reduced plasma
ARS concentrations during acute infection, compared to the convalescent
state, have been reported. A similar scenario is observed with multiple oral
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doses of artemisinin26 and ARM.13, 19-27 This is most probably due to the impact of the disease on the ARS PK or enzyme autoinduction effect.21, 28, 29
The artemisinin-based combination therapy
The short half-life artemisinins are not to be used alone but combined with
long half-life partner drugs as ACT. The ACTs are highly effective and well
tolerated.
WHO recommends ACTs for the treatment of uncomplicated malaria
caused by the Plasmodium falciparum parasite. Most countries have adopted
ACT as their first-line malaria treatment. The commonly recommended
ACTs for treatment are:
•
•
•
•
•

artemether + lumefantrine (ARM-LF)
artesunate + amodiaquine (ARS-AQ)
artesunate + mefloquine (ARS-MQ)
dihydroartemisinin + piperaquine (DHA-PQ)
artesunate + sulfadoxine-pyrimethamine (ARS-SP)

This thesis focuses on two common ACTs in use, i.e. DHA-PQ (Paper I) and
ARM-LF (Paper IV).
DHA-PQ is under evaluation for chemoprevention,30 proposed as an alternative to resistance-emerging SP;31 mainly due to its long elimination
half-life (approximately 1 month).30, 32 Chemopreventive approaches include
intermittent preventive treatment (IPT), which uses “therapeutic” doses of
antimalarials given at predefined intervals in high-risk populations such as
pregnant women and children in endemic areas.11, 32
PQ contains the 7-chloro-4-aminoquinoline structure similar to 4- aminoquinoline drugs such as chloroquine; evidence suggests that inhibition of the
heme-digestion pathway (haemozoin formation) in the parasite food vacuole33 is the most likely mechanism of action.
ARM-LF is widely used with excellent cure rates and is considered safe
particularly during the second and third trimesters of pregnancy.34 The
mechanism of action of LF is not fully elucidated; however, it was shown to
be similar to chloroquine and the aforementioned PQ. The absorption of LF
is critically dependent on co-administration with fats.35
Artemisinin-based combination therapy use rationale
The artemisinin component and the partner drug have different mechanisms
of action, which complement each other so that they protect each other.36, 37
Following a three-day ACT regimen, the artemisinin properties covering two
asexual parasite cycles provide parasite biomass reduction of approximately
104 -fold per asexual parasite cycle as shown in Figure 2.38
The artemisinin derivative eliminates most of the parasites rapidly and
leaves behind a small portion for the partner drug to clear, compared to when
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the partner drug is used as monotherapy. In addition to that, the partner drug
also provides a post prophylactic effect after the artemisinin derivatives action to prevent recrudesce (Figure 3).

Figure 2. The parasite reductions produced by the different antimalarial drugs in
vivo. The detection limit (the broken blue line) is the total number of parasites in the
body of an adult below (~108) which microscopy cannot detect. The black line is the
parasite reduction (PR) of 10 (antibiotics with antimalarial activity), the yellow line
is the PR of 102 (other antimalarials such as quinolones), the red line is the PR of 103
(blank) and the green line is the PR of 104 (artemisinin derivatives). Adapted with
permission from Nosten et al36-39

With the introduction of ACT, the partner drug determines the efficacy and
the cure rates have been anticipated to be >90%11, 37 (The partner drug is responsible for removing the residual parasites that remain in the third cycle).
Many PK-PD studies indicate that the PK determinant of treatment outcome
or response of ACT in malaria treatment could be related to the area under
the plasma or blood concentration-time curve (AUC), which requires multiple samples.40 Another alternative would be a time curve wherein the concentration exceeds the in vivo minimum parasiticidal concentration (MPC) or
minimum inhibitory concentration (MIC). The precise value of MPC or MIC
is difficult to obtain.40 Thus, the day 7 plasma concentration of the longacting partner drug has been adopted as a proxy or a simple surrogate for
predicting the treatment outcome.41-44 For example, there were two median
day 7 concentration target cut off values reported by Price et al.,40 (175
ng/ml) and Ezzet et al.,41 (280 ng/ml) for LF. A recent study by the WorldWide Antimalarial Resistance Network (WWARN) reported that the day 7
concentration ≥200 ng/ml (with current dosing recommendations) is associated with high cure rates (>98%) in most uncomplicated malaria patients.23,
40, 45
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Parasite growth

Figure 3. The rationale behind artemisinin-based combination therapy is demonstrated schematically using artemisinin (dihydroartemisinin
[solid blue]) and partner drug (piperaquine [PQ, solid red]), given once daily for 3 days. The solid black line is total parasite density over
time, which is visible above microscopy limit of detection of approximately 108 parasites (top dashed black line). The artemisinin component eliminates the majority of parasites rapidly during the first days of treatment leaving small portion of residual. PQ is responsible for
eliminating the residual parasites and reliably provides the post-prophylactic effect, which prevents malaria recrudescent. If the drug concentrations are above the minimum inhibitory concentration (MIC) for a sustained time period, the infection will be eliminated (solid black
parasite line). However, an alteration in the pharmacokinetic properties of the partner drug (e.g. a reduction of drug concentrations; dashed
red line) could result in drug concentrations falling below the MIC value before the infection is eliminated, resulting in a recrudescent
infection (dashed black parasite line). Adapted with permission from Tarning, J. and Bergstrand M.

Drug concentration < MIC

Antimalarial drug resistance
Resistance to antimalarial drugs is not a new issue and it has been the greatest obstacle to the global efforts in eradicating malaria. Prior to the introduction of artemisinin compounds, the malaria resistance battle was limited to
mainly two drugs,46, 47 chloroquine and SP. Chloroquine was introduced in
1945 and resistance began cropping up 12 years later, first appearing on the
Thailand-Cambodia borders.48 The resistant parasites then spread through
Southeast Asia and by the 1970s were seen in sub-Saharan Africa and South
America.47 SP and MQ were introduced as alternatives, yet resistance
emerged relatively quickly with both of them too. It was found that, when
used in combinations, these drugs could still be effective in treating malaria.
Artemisinin resistance
Artemisinin resistance was first reported in 2009, from Pailin Province,
Western Cambodia, as a slow parasite clearance rate.49 Since then, this clinical phenotype has been documented in other parts of the Greater Mekong
Subregion (Cambodia,50 Vietnam,51, 52 Thailand,53 Myanmar54) and China.55
Clinical artemisinin resistance is defined as delayed parasite clearance following treatment with an ARS monotherapy or with ACT.56 Delayed parasite clearance does not necessarily lead to treatment failure.
Tools for surveillance of delayed parasite clearance include parasite
clearance time (PCT) from the blood and molecular markers assessment.57
To date, mutations of the Plasmodium falciparum kelch 13 (K13) gene58
have been shown to be associated with clinical resistance or delayed PCT.
The identification of the K13 mutation as a marker for artemisinin resistance
allowed for a more refined definition that includes information on the genotype. However, the interpretation of the Kelch mutation is still unclear,57
particularly for a specific genetic determinant to be associated with artemisinin resistance as it is still evolving based on new findings.
The measure of parasite clearance is based on the parasite half-life calculated from the blood of a patient, and a common cut-off used to denote artemisinin resistance is five hours (>5 hours).59 This requires frequent blood
samplings60 and might involve difficult implementation in resource limited
clinical settings. In this connection, the WHO has proposed a new working
definition, i.e., artemisinin resistance in a population is suspected if more
than 10% of the patients are still carrying parasites on the third day61 (day 3
positivity test) after ACT treatment initiation.
Artemisinin resistant infection patients with slow parasite clearance can
still be cured, provided that the partner drug is still effective.62 This will increase the parasite burden for the partner drug to clear and leaving it unprotected (Figure 3), thereby increasing the selection pressure for resistance
development. This eventually will lead to ACT failure.63
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Pharmacokinetics and pharmacodynamics
Pharmacokinetics being the study of drug absorption, distribution, metabolism and excretion, is often referred to as “what the body does to the drug
and describes drug concentration as a function of both dose and time.64 PK
of a drug can be dependent on patient-related factors (e.g., age, weight, renal
function and the disease effect for antimalarial drugs) as well as the drug’s
chemical properties itself.
Pharmacodynamic, of course, refers to the pharmacological action of the
drug, i.e., the desired drug effect or the toxic effects that the drug exhibits.
PD normally quantifies the action of the drug on the effect side64 and can be
described through application of such mathematical models as the direct
effect model, linear model, log-linear model, Emax-model and sigmoid
Emax-model.64
The PD models can be more or less mechanistic in nature and in describing the antimalarial effect; it often takes into account the life cycle of Plasmodium falciparum. Malaria incidence or infection (time to event type of
data), and parasite density/parasite counts (representing the parasite killing)
are the common measurement facilitating PD assessments.17
PK and the PD are integrated to characterise the relationship between
concentration and response where the effect is mediated.65 In quantifying
antimalarial exposure-response, the change in parasite density/parasite
counts in the presence of drug treatment is often expressed by the interplay
between parasite growth and the rate these parasites are being killed.66-68
Parasites killing in vivo approximates a first order process and the antimalarial drug concentration-effect is normally related using the sigmoidal Emax
model17 as Eq.1.
k=k

∗ [C / EC

+ C ]

Eq. 1

where k is the parasite-killing rate and k
is the maximum parasite-killing
rate of the drug, C is the concentration of drug in blood or plasma, EC50 is
the blood or plasma concentration resulting in half of the maximum effect
and n is the parameter defining the steepness of the concentration-effect
relationship.
Measuring drug concentration at the site responsible for the PD effect is
difficult, though it can be advantageous. Therefore, an indirect link model
(effect compartment model) is often used. This model introduces a hypothetical effect compartment to describe the delay between drug concentration
and observed drug effect.69, 70 This delay is quantified using rate constant
ke0.71
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Enzyme turn over model
An enzyme turnover model can be used to describe the time course of an
enzyme (induction or inhibition).70, 72 The dynamics of the induction or inhibition of an enzyme over time can be expressed as in Eq.2.
=

− (K

∗

)

Eq. 2

where
is the amount of enzyme in the enzyme compartment,
is the
zero-order enzyme production rate, and K
is the first-order degradation
rate constant of the enzyme. Linear and non-linear relationships (Emax model) can be used to relate the
with the plasma concentration of the inducer
for the induction model. The
is normalised to unity at baseline by setto K
. This allows the induction activity changes to be obting the
served.
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Pharmacometrics
Pharmacometrics in drug development and evaluation is gaining popularity.
This is mainly because the conventional drug-development process continues to be time consuming, expensive and inefficient.73
Pharmacometrics is the science of interpreting and describing pharmacology in a quantitative way.74 Historically, pharmacometrics originated from
the field of PK research. Over a short span of years, the discipline of pharmacometrics has evolved in terms of complexities serving various intentions,
due to the hard work of numerous dedicated scientists in different organizations.75 To date, pharmacometrics has been defined as a discipline that can
integrate many other disciplines such as clinical pharmacology, statistics,
biology, computer programming, medicine, engineering and physiology. It
describes and quantifies interactions between xenobiotic and patients, which
can assist the regulatory agencies in weighing benefits and side effects.73, 76
In addition, according to the U.S Food and Drug Administration (FDA),
pharmacometrics has been referred to as an emerging science, defined as:
“The science that quantifies drug, disease and trial information to aid
efficient drug development and/or regulatory decisions. Its single most
important strength involves its ability to integrate knowledge across the
development program and compounds and biology”

In the therapeutic area such infectious diseases as malaria and tuberculosis,
the application of pharmacometrics principles has contributed significantly
in drug use optimization and has gained wide recognition. In malaria, for
example, pharmacometrics has been used for translational simulations to
optimise the treatment regimen of the expected outcome in such vulnerable
populations as children and pregnant women.11, 77, 78

Nonlinear mixed-effects modelling
Pharmacometrics research mostly revolves around the use of non-linear
mixed effect models (NLME). NLME models consist of population values
(fixed effects) and variances (random effects) describing the variation: (1)
between subjects (between subject variability [BSV]), (2) between occasions
(between occasion variability [BOV]) and (3) variation due to measurement
errors and/or model misspecification errors (unexplained residual error/variability). This can be summarized and visualized in Figure 4.

24

Figure 4. Schematic representation of nonlinear mixed-effects models components.
Adapted with permission from Rekic, D., 2012.79

The general mathematical description of non-linear mixed effect models can
be presented as in Eq.3.
y , , = f X , , , P,

+ε,, ,

ε , ~N(0, σ )

Eq. 3

where y , , is the jth observation of the ith subject at kth occasion, with f(. )
being the function of the structural model, describing the individual parameters P , and independent variables X , , . The common independent variables
are dose and time for PK models and concentration itself for PD models. The
vector X , , can also contain variables such as covariates.
The covariates (continuous and categorical type) can be implemented in
many ways. Linear, exponential, splines, Emax and power functions are
some of the relationships used to describe continuous covariates.80
The values ε , , describe the residual error, i.e., the difference between the
individual prediction and the observation. They are assumed to be normally
distributed with an estimated variance σ . The residual error is generally
contributed by analytical assay errors and model misspecifications. Residual
error models can also be expressed differently than homoscedastic (additive)
as termed in Eq.3, i.e., as heteroscedastic (proportional) or as a combination
of the two.

Maximum likelihood estimation
Maximum likelihood estimation is a method of estimating the parameters of
a statistical model given observation, by finding the parameter values that
maximize the likelihood to the given data (i.e., how likely the parameter value for the given data would be).
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In NONMEM® software, this likelihood is calculated using the extended least
square objective function values (ELS OFV), whereby, for each observation
(Yobs) and each prediction (Ypred) along with the predicted variance of the
difference between Yobs and Ypred (Var) are used to compute a contribution
to the ELS OFV. The summation of ELS OFV for all the subjects and all
observations contributes to a computation of -2 times log likelihood, which
is actually a proportional value. NONMEM maximizes the likelihood when
estimating parameters, which translates to a lower OFV and suggests a better
model fit with the data.

Model selection and evaluation
During the modelling process, it is important to evaluate how well a model
performs, i.e., to gain knowledge either on how to improve the model or how
to confirm its validity for further application, e.g. for clinical trial simulations or dose optimization scenarios.81 Other than using OFV with a decrease of 3.84, considered statistically significant (p<0.05, χ distribution) for
nested models of 1 degree of freedom, various methods exist; visual predictive check (VPC) is one of them.
VPC has gained popularity in the modelling world because it allows graphical assess the model’s ability to reproduce the variability in the observed
data from which it was built on.82 Generally, the 5th, the median and the 95th
percentile of the simulated data are compared with the corresponding observed metrics, without explicitly quantifying or relating the information in
both observation and simulation. In addition, predicted-corrected VPC
(pcVPC) is another form of graphical diagnostics, one that takes into account
the variability across bins.83

Hypothesis testing and statistical power
Hypothesis testing is widely used as a statistical procedure, particularly in
relation to clinical trials, to answer confirmatory research questions.84 This
allows enough evidence collection, to infer several predefined questions with
a level of certainty.
Hypothesis testing examines two opposing statements or two hypotheses,
i.e. a null hypothesis and an alternative hypothesis. The null hypothesis (H0)
is the one being tested and normally defined as “no drug effect”, the alternative hypothesis (H1) is the statement, which needs to be concluded as true,
that “significant drug effect exists”.
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The two hypotheses can be represented as in Eq.4:
H = φ(Θ) = 0
H = φ(Θ) ≠ 0

Eq. 4

where φ(.) is a function of model parameters Θ, which represents the difference between the two treatment regimens.
Power is important in hypothesis testing which indicates the probability
of rejecting the null hypothesis when it is indeed false. Power can be calculated as (1-β) or (1-type II error) and is related to determining the sample
size of the study.
Another important element of hypothesis testing is the p-value; in
conventional decision theory, it defines the probability of obtaining the result
as similar to the observed, having said the null hypothesis is true. If the pvalue is lesser than α (often set to 5%), the null hypothesis is rejected. The
different elements of the hypothesis testing and their relationship are shown
in Figure 5.

Figure 5. The left figure shows the component of statistical hypothesis testing and
its relationship. The right figure shows the correct and the incorrect inferences based
on the hypothesis testing.

Likelihood ratio testing
In model-based analysis, hypothesis testing is performed using the likelihood
ratio test (LRT). The LRT is based on the difference in objective function
value (OFV) computed by NONMEM, between two nested models, i.e. one
model with drug effect (H1, full model) and the other without drug effect
(H0, reduced model).
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The statistical power to detect the significant difference is calculated as the
formula in Eq.5.
Power =

∑

(∆

.

( )

Eq. 5

where
is the degree of freedom (number of parameters) between the reduced and the full model and N is the total of simulated trials. In order to
reject the null hypothesis, α is set to 5% which corresponds to ∆OFV=3.84
(1 df), respective to the
distribution with respective degree of freedom.
Thus, power calculations for LRT were done by performing multiples simulations and re-estimations of the full and reduced model.

Time-to-event model
The efficacy of the drug can be evaluated through a time-to-event (TTE)
model. It involves analysing the expected duration of time until one or more
“events” occurs. The event could consist of any clinical endpoint such as
death, recovery from a disease or malaria infection incidence. This is also
known as survival analysis. Typically, survival analysis involves censoring,
in case the event does not occur at the end of the study (right censoring). The
dependent variable in survival analysis is composed of two parts: one is the
time to event and the other is the event status, i.e. whether the intended event
occurred or not. The two functions that are dependent on time, the survival,
and hazard functions, can be estimated.
The hazard function gives the probability that the event will occur, per
time unit, given that an individual has survived up to the specified time. The
hazard function follows certain probability distributions and some of the
common ones are:
Exponential ℎ( ) =
Gompertz ℎ( ) = ×
Weibull
h(t) = λ × e

×
×

()

The survival ( ) is the function of cumulative hazard and describes the
probability of not having an event until time t.
( )=

( )

Eq. 6

Probability density function for having an event at a specific time point,
P(t), is given as in Eq.7.
( ) = ( ) × ℎ( )
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Eq. 7

Aims

The general aim of the thesis was to improve antimalarial therapy through
the application of pharmacometric modelling.
Specific aims were:
• To use model simulations to evaluate alternative dosing regimens of
dihydroartemisinin-piperaquine for chemoprevention of malaria.
(Paper I)
• To characterize the pharmacokinetic and pharmacodynamic properties
of artesunate in patients with drug-sensitive and drug-resistant malaria
infections in Southeast Asia. (Paper II and Paper III)
• To explore possible dosing alterations to treat drug resistant malaria
infections for an improved therapeutic outcome. (Paper II)
• To develop and evaluate a simple algorithm for rapid routine identification of patients with artemisinin resistant malaria infections.
(Paper II and Paper III)
• To evaluate and characterize the impact of pregnancy on the pharmacokinetic properties of artemether-lumefantrine (Coartem®) in pregnant women with uncomplicated malaria. (Paper IV)
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Methods

The thesis is based on four papers. A large part of Paper I involves simulation to improve chemoprevention dosing regimen. Meanwhile, other papers
(II, III and IV) are related to the treatment (case management) of malaria
infections. Paper II and Paper III features PK-PD models in artemisininresistant and artemisinin-sensitive infection populations while Paper IV features a PK model in the pregnant population.

Software
Data analysis in all projects was performed using nonlinear mixed-effects
modelling in the software NONMEM 7.3 (ICON Development Solutions,
Ellicott City, MD).85 In addition to that, a major part of the simulations carried out in Paper I were performed using Berkeley Madonna.86 Post processing, diagnostics plots and automation were performed using PearlSpeaks-NONMEM (PsN, 4.5.3),87 Xpose (4.5.3),88 Pirana ( 2.9.2),89 and R
for statics (3.2.4).90

Exploration to improve dihydroartemisinin-piperaquine
dosing regimen for chemoprevention (Paper I)
The objective of this study was to explore alternative dosing regimen for
chemopreventive treatment of DHA-PQ. This was compared to the monthly
adult dosing regimen currently being studied in clinical trials.91 The data for
this paper was obtained from a simulation framework performed utilizing a
previously developed PK-PD model (TTE model) describing the concentration-effect relationship for the malaria-preventive effect of DHA-PQ by
Bergstrand et al.77 The model was developed based on data obtained from a
clinical trial (ISRCTN65524939) conducted in northwestern Thailand, which
included ~1,000 healthy adult males whose occupation(s) put them at high
risk for malaria.91 The study compared the DHA-PQ monthly dosing regimen arm (387 patients) to the bimonthly dosing regimen arm (383 patients)
and a matched placebo arm (199 patients). The general concept of the TTE
model is described in the Introduction section of this thesis; however, this
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TTE model, which describes the hazard of having a malaria infection, also
included elements such as seasonal variations, age and immunity (represented by either low or high baseline hazard), which modulates the hazard of
having an infection using an inhibitory maximum-effect model (Emax).
Simulation and study design
The final TTE model by Bergstrand et al.,77 was implemented into Berkeley
Madonna software86 and 1,000 hypothetical adult patients were simulated for
a period of 1 year. Different simulation scenarios were used to test the benefit of weekly dosing regimens over monthly dosing regimens against elements of interest such as safety, efficacy, robustness towards different level
of adherence, the need for a loading dose and pharmacoeconomic benefits
(i.e., reduced total dose in weekly dosing regimen by utilizing 2 tablets vs.
standard 3 tablets).
The monthly and weekly dosing regimens’ robustness over adherence
were tested systematically using various levels of adherence, i.e. perfect
adherence (scenario A), 80% adherence (scenario B), 60% adherence (scenario C) and a 35% variation from 60% adherence (scenario D) for all dosing regimens. A more detailed visualization of these scenarios is shown in
Figure 6.
Adherence was quantified as the proportion of full doses (i.e., 3 [or 2]
tablets taken daily assumed one dose and considered as a “unit” for adherence) taken correctly throughout the study period. The cumulative or average
adherence probability ( ) was fixed for each patient throughout the study,
according to the different adherence levels except for scenario D.
The dichotomous outcome of the adherence (X ), generated for each dose,
was determined following a binomial distribution using the inverse transformed technique.92 If … . , where U is an independent randomly generated number following a uniform distribution (0, 1), then:
X =

1

, adherent

0

, non adherent

(if U ≤ P )
if U > P

Each patient’s cumulative adherence was determined as an average of .
For scenario D adherence, 35% between subject variability was added to the
lowest adherence explored, i.e. 60%. This gives somewhat variability in the
adherence similar to real clinical settings.

31

Figure 6. Simulated scenarios for monthly and weekly maintenance dosing regimens (red circles), including different loading dose strategies
(black circles).

The PD effects/clinical endpoint from the simulated scenarios were evaluated through a mean malaria-free survival over 1 year (SUR, Eq.8). The concept and representations of S(t) has been described in the Introduction.
SUR =

∑

S (t)

Eq. 8

For monthly dosing regimens, two possible assumptions on adherence were
tested: (i) all three daily doses during a month were regarded as one, and the
adherence was evaluated collectively and (ii) the three daily doses during a
month were regarded as independent of each other. The predicted PQ concentration and trough concentration were evaluated graphically on peak and
trough concentration as well.
Power estimation
A clinical trial simulation approach was used to investigate the needed samples to conclude the weekly dosing regimens (test regimen, T) as noninferior or superior to the monthly dosing regimens (control regimen, C). To
achieve this, hypothesis testing was used.
The final TTE model77 was simplified by replacing the transit absorption
with a first-order absorption, and once confirmed that there were no significant changes in the parameter estimates, the model was brought forward for
the power estimation simulation. The simulation study had two parallel study
arms, i.e., (i) a standard monthly dosing regimen and (ii) a weekly dosing
regimen of 3 tablets with an addition of 2 loading doses at 24 and 48 hours
for a study duration of 12 months. Utilizing the LRT approach and MonteCarlo mapped power (MCMP) methodology, with a yearly malaria incidence
as the clinical end-point, samples needed to achieve the desired 80% power
were calculated. For non-inferiority testing, the efficacy in the reduced model was set to the chosen non-inferiority margin (25%) to produce efficacy
higher than the monthly dose, thus favouring the null hypothesis (H ) for
MCMP, which was T-C ≥ 25%.
The MCMP method (based on the hypothesis testing principles of the
LRT), was developed to calculate the study power as the conventional way
(multiple simulation and re-estimation) is computationally extensive and
time consuming.93 The power to detect a significant difference between the
two models was calculated by evaluating multiple samples of individual
OFV (iOFV, Eq.9). The sum of iOFV for n subjects is calculated to represent
the ∆OFV (Eq.10) and this is repeated with 10,000 replicates to compute the
study power profile.
=
∆OFV = ∑

−
∆iOFV

Eq. 9
Eq. 10
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Exposure-response of artesunate in Southeast Asia
(Paper II & III)
Clinical data and study design
The data used in the Paper II study were from two open-label randomized
clinical trials, conducted at Pailin Referral Hospital in western Cambodia
and the Shoklo Malaria Research Unit (SMRU) clinic in Wang Pha, Tak
Province, in the northwest of Thailand. The trial, which recruited patients
between June 2007 and December 2009, aimed to assess the efficacy of artemisinin in these two locations in the Greater Mekong Subregion.49
Forty patients with uncomplicated Plasmodium falciparum malaria were
recruited at each site. Non-pregnant adults and children (> 5 years) were
enrolled at Pailin and non-pregnant adults (>16 years) were enrolled at Wang
Pha. Patients were randomized to receive oral ARS monotherapy once daily
for 7 days (2 mg/kg/day), or oral ARS monotherapy once daily for 3 days (4
mg/kg/day) followed by mefloquine treatment (15 mg base/kg on day 4 and
10 mg base/kg on day 5). Venous plasma sample concentration was measured at 0 (pre-dose), 0.25, 0.5, 1, 1.5, 2, 3, 4, 5, 6, 8 and 12 hours post dose
on the first day of treatment; other opportunistic sparse samples were collected throughout the study were also used in the analysis.
For Paper III, the study conducted in Palm Tree Hospital in Kwantung in
southern Myanmar aimed to assess parasite clearance times in patients with
uncomplicated Plasmodium falciparum malaria mono-infection after ARS
monotherapy.54 Fifty-three patients with uncomplicated Plasmodium falciparum malaria mono-infection who met the inclusion-exclusion criteria were
recruited and PK analysis of venous blood samples were taken immediately
before and at 0.25, 0.5, 0.75, 1.0, 1.25, 1.5, 3, 4, 6 and 8 hours after the first
dose. Microscopic analyses were performed every 12 hours until two consecutive negative smears were obtained.
The plasma samples for these studies were analysed using liquid chromatography with tandem mass-spectrometer detection at the department of clinical pharmacology, Mahidol-Oxford Tropical Medicine Research Unit, Thailand.94

Population pharmacokinetic-pharmacodynamic model development
The ARS and DHA concentration measurement were transformed to molar
units and their natural logarithms to increase the numerical stability. Different disposition models and absorption models (i.e. first-order absorption with
and without lag-time, zero-order absorption, sequential zero- and first-order
absorption, and transit-compartment absorption model) were evaluated.
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The general approach of pharmacometrics model components, which was
described in the Introduction, was accounted for during the model building.
Covariates were tested in a step-wise manner with a forward step (p=0.05)
and a backward step (p=0.01 or 0.001).
In the PK model, clearance and volume of distribution parameters were
allometrically scaled for body weight (BW) and centred to the median BW.
The scaling factor was fixed at ¾ and 1 for clearance parameters and volumes, respectively. The potential malaria disease effects on absorption parameters (mean transit time and relative bioavailability) were evaluated using observed parasite density as a continued time-dependent covariate using
both linear and nonlinear relationships. The Emax relationship was implemented according to Eq.11 for mean transit time (MTT) and as seen in Eq.
12 for relative bioavailability (F).
=
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=
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]

Eq. 12

The individual PK parameter estimates from the final PK model were used
to develop the PK-PD model. Parasite densities were transformed to their
logarithmic form and modelled using a delayed Emax model in addition to a
mixture model implemented on Emax and/or EC50 to distinguish artemisinin
resistance and artemisinin sensitive infection.
The parasite multiplication rate was assumed approximately a 10-fold multiplication per asexual cycle of 48 hours. The predicted DHA concentration
modulates the drug-dependent killing of the parasite (KKILL) as in Eq.13.
=

×

Eq. 13

where Ce is the DHA concentration in the effect compartment, Emax is the
maximum parasite kill rate and EC50 is the concentration that produces 50%
maximum killing rate.
The probability of having a resistant infection was estimated for each site
separately, (i.e. Thailand and Cambodia) and potential covariates (i.e., site
and study arm) were evaluated. The individual Emax values of the two mixture populations, one with low parasite killing rate (resistant infections;
EmaxR) and one with high/normal parasite killing rate (sensitive infections;
EmaxS) were parameterized as in Eq.14 and Eq.15.
=

×

=

+(

ᶯ

Eq. 14
−

)×

ᶯ

Eq. 15
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In Paper III, the final model from Paper II was used as the starting point.
Due to the lack of subsequent concentration measurements after the first
dose, the malaria disease effect as a covariate on absorption parameters was
implemented as a priori from Paper II. This was also in accordance with the
assumption that malaria infection from close regional proximity should have
a similar effect. A frequentist prior functionality was implemented as a priori to support the estimation of EC50 (EC50:34.9 nM [31.7% RSE]) and
Emax (Emax: 0.273 h-1[6.25% RSE]) in patients with artemisinin sensitive
infections.

Nomogram development (Paper II) and validation (Paper III)
The final PK-PD model was used to simulate data for the development of a
static nomogram to identify patients with artemisinin-resistant Plasmodium
falciparum infections. It is based on the hypothesis that the ratio between
baseline parasite density at enrolment and the parasite density at a later time
point could be a more sensitive approach in identifying patients with “slow”
parasite clearance, compared to the traditionally used microscopy based day
3 positivity test. Initially, the nomogram was developed without taking into
consideration the baseline parasite density (static nomogram). The static
nomogram involved obtaining the individual parasite density ratio (Ratioi)
for time point j, i.e. 24, 48, and 72 hours post first dose (Eq.16).
Ratio , (

,

,

)

= Log (PARA) , − Log (PARA) , (

,

,

)

Eq. 16

The calculated median ratio at each time point (i.e. 24, 48 or 72 hours) was
regarded as the resistant/sensitive “cut-off” value and the Ratioi was compared to the “cut-off” values at each time point to categorize them as having
a resistant or sensitive malaria infection (e.g. the 48 hour time point calculation shown in Eq.17). If the simulated parasite density was below the lower
limit of quantification (LLOQ) at the evaluated time point, the ratio calculation was not performed and the patient was categorized as having a sensitive
infection.
Category

=

Resistant, Ratio ,
Sensitive, Ratio ,

< Median of ratio
> Median of ratio

Eq. 17

The category outcome was compared to the simulated patient´s known classification and a sensitivity analysis was performed according to the statistical
metrics in Table 1.
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Table 1. Statistical metrics used in the sensitivity analysis.
Metric
Interpretation
The nomogram predicts the patient to have a sensitive
Negative results (N)
infection (i.e. the individual parasite density ratio
(Ratioi) is above the average ratio / “Cut-off” value)
The nomogram predicts the patient to have a resistant
Positive results (P)
infection (i.e. the individual parasite density ratio
(Ratioi) is below the average ratio / “Cut-off” value)
The nomogram predicts correctly the patient to have
True negative (TN)
a sensitive infection
The nomogram predicts correctly the patient to have
True positive (TP)
a resistant infection
The nomogram predicts incorrectly the patient to
False negative (FN)
have a sensitive infection
The nomogram predicts incorrectly the patient to
False positive (FP)
have a resistant infection
Probability of identifying correctly patients with
resistant infections

Sensitivity
Specificity

=

Probability of identifying correctly patients with
sensitive infections

Accuracy

=

Proportion of all correctly predicted observations

Negative
=
predictive
value (NPV)

Probability of a patient identified as having a
sensitive infection to be true

Positive
predictive
value (PPV)

Probability of a patient identified as having a resistant
infection to be true

=
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A schematic overview of the aforementioned approach is presented in Figure 7.
The absolute parasite clearance is directly proportional to the initial parasite density. The performance of the nomogram dependence to initial parasite densities was explored further (baseline adaptive nomogram) to avoid
bias similar to the above for each baseline parasite density distribution (i.e.,
10,000 hypothetical patients were simulated for each baseline parasite density of 108 up to 1013 with an integral of a half log). From this, a general “cutoff” value with baseline parasite density dependence was obtained for baseline adaptive nomogram.

Figure 7. Schematic representation of the development of the resistant nomogram.

38

The data from the simulated hypothetical patients with artemisinin-resistant
and artemisinin-sensitive infections (i.e., 1010 up to 1012.5 baseline parasite
density distribution) were used to evaluate the artemisinin resistance identification performance utilising: (1) developed nomograms (static and baseline
adaptive nomogram), (2) a pure PK-PD model-based and (3) the commonly
used day 3 positivity test as internal validation.
In addition to this, the developed baseline-adapted nomogram was applied
to the parasite density observations of the Myanmar patients in Paper III as
external validation. Patients who were identified by the nomogram to have an
artemisinin resistant infection were labelled as positive. The categorizations
were compared to the patient’s known classification (i.e., model assignment
from mixture model probability estimations) and finally analysed using sensitivity analysis as mentioned in Table 1. The outcome was compared to the
day 3 positivity test.

Alternative dosing for patients with artemisinin resistance
(Paper II)
The final PK-PD model was used to simulate different dosing scenarios to
evaluate possible alternative dosing regimens to treat patients with artemisinin resistant infections. The following were evaluated:
i. Increased frequency of dosing
(2mg/kg of artesunate administered twice daily for 3 days)
ii. Increased dosage
(8mg/kg of artesunate administered once daily for 3 days)
iii. Increased treatment duration
(4mg/kg of artesunate administered once daily for 5 days)
All simulations assumed a total baseline parasite density of 1011. The simulated residual parasite burden was evaluated 24 hours post last dose for each
of the evaluated dosing regimens.

Exposure of artemether-lumefantrine (Paper IV)
Clinical data and study design
The study was conducted in the obstetrics and gynaecology ward of Rwamagana district hospital in Rwanda, where the study took place from June 2007
until July 2009. The Rwanda National Ethics Committee (study number IRB
00001497) approved the study.95 Twenty-two eligible pregnant women (1534 weeks gestation) older than 18 years with uncomplicated Plasmodium
falciparum malaria, confirmed by light microscopy, were recruited.
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All received four tablets of ARM-LF fixed combination for 3 days (at 0 hour
[initial dose], 8, 24, 36, 48 and 60 hours) with a glass of milk and/or a small
cake (a fat meal). Blood samples were taken prior to the first dose (time<0
hour) and thereafter at 2 and 4 hours post each dose and just before dosage 2,
3, 4, 5, 6; at 0.25 hours post dose 1 and 2; at 6, 8, 12 and 16 hours post last
dose, in addition to other opportunistic sparse samplings throughout the
study.

Population pharmacokinetic model development
The LF, ARM, and DHA concentrations were transformed to their natural
logarithms for the modelling analysis. Due to the sparse nature of the samples for LF, a prior approach was implemented. The a priori model chosen
was developed by Frank et al.96 PK model building was conducted by taking
into account all the general components of the NLME model.
ARM has been reported to exhibit time dependent pharmacokinetics in
increasing its own clearance. The ARM-DHA was modelled using a turnover
model, to describe the enzyme kinetics while one distribution compartment
models were used for the ARM and DHA respectively. During the stochastic
model development, implementation of BSV on F, was described using a
Box-Cox transformation distribution.
In addition to the usual covariate (i.e. covariate expected gestational age,
observed baseline parasitemia density, observed baseline and time-varying
parasitemia density, temperature and dosing occasion) analysis, implementation of the body size (which is more mechanistic) was also explored: allometric scaling using total body weight, ideal body weight, fat free mass and
normal fat mass with the Ffat parameter representing the contribution of fatfree mass estimated on disposition parameters. All size descriptors were
scaled to their respective median on PK parameters using an allometrically
powered exponent of 0.75 for clearance and 1 for the volume of distribution.
The final separate LF and ARM-DHA PK models were subsequently
evaluated as a combined model in a simultaneous fit to explore correlations
between the PK parameters of both drugs (in particular, bioavailability and
absorption rate).

Simulation
Monte Carlo simulations (n=2,200) were performed using the final LF population PK model to generate a PK profile for up to 15 days post the first dose.
It was used to assess and compare the PK target attainment (LF day 7 concentration) after a standard dosing regimen (80 mg ARM/480 mg LF twice
daily for 3 days) and an alternative dosing regimen (80 mg ARM/480 mg LF
twice daily for 5 days) for this particular population.
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Results

Dihydroartemisinin-piperaquine chemoprevention dosing regimen
When patients were assumed to have complete adherence, the predicted average malaria incidence was around 0.2% to 0.3% per year for the three tablets weekly dosing regimen and 0.3% to 0.7% for the two tablets weekly
dosing regimen. As for the standard monthly dosing regimen, the malaria
incidence was 2.1% to 2.6%. It was assumed that each dose of the three doses in a month for monthly dosing regimen was independent of each other.
The weekly dosing regimen of three tables was more forgiving against
poor adherence, compared to the monthly dosing regimen. The two tablets
weekly dosing showed modest improvement in efficacy. The complete malaria incidence results for both dosing regimens, tested against different levels of adherence (scenarios A, B, C, D), is summarized in Table 2. A graphical representation of the simulated fraction of malaria-free subjects during 1
year of treatment is presented in Figure 8.

Figure 8. Simulated fraction of malaria-free subjects under the assumption of 100%
adherence (solid lines) and 60% adherences with 35% interindividual variability (dashed lines), for monthly dosing (red line), three tablets weekly dosing (green line), and
two tablets weekly dosing (blue line) over a total treatment period of 1 year.
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Table 2. Predicted mean malaria incidence per year for each dosing scenario at
different adherence levels.
Yearly malaria incidence (%)
Dosing
Adherence level
Scenario
schedule a
A:
B:
C:
D:
1 : No loading dose
2 : One loading dose
3 : Two loading doses
4
5
6
7
8

: No loading dose
: One loading dose
: Two loading doses
: Three loading doses
: Four loading doses

9 : No loading dose
10: One loading dose
11: Two loading doses
12: Three loading doses
13: Four loading doses

Monthly
maintenance
Weekly
maintenance
(three tablets)

Weekly
maintenance
(two tablets)

100%
2.6
2.4
2.1
0.3
0.2
0.2
0.2
0.2
0.7
0.6
0.6
0.3
0.3

80%
5.4
4.8
4.5
1.2
1.1
0.9
0.8
0.8
3.2
2.5
2.2
1.3
1.2

60%
10.4
9.4
10.4
4.5
3.7
3.2
2.8
3.1
8.4
7.7
7.6
3.8
4.5

60%+ 30% IIV
10.1
10.2
9.4
4.7
4.3
3.9
3.7
3.4
9.3
8.4
7.8
4.2
4.0

The predicted steady-state peak concentrations (Cmax) were lower for the two
tablets weekly and the three tablets weekly dosing regimens compared to the
monthly dosing. The predicted trough concentration was higher but only the
weekly dosing regimen with three tablets had predicted a steady state trough
concentration above 20 ng/ml (95% inhibitory concentration for PQ) at all
adherence levels evaluated (Table 3; Figure 9). As for the monthly dosing,
only perfect dosing adherence resulted in the predicted steady state trough
concentration above 20 ng/ml, compared to all other dosing scenarios.
The addition of a loading dose to the standard monthly dosing regimen as
intended was able to increase the concentration prior to the next dose (i.e.
day 28-trough concentration) from 14.0 ng/ml (scenario 1A) to 18.3 ng/ml
and 22.7 ng/ml for scenarios 2 and 3 respectively. This increase did not decrease the yearly malaria incidence significantly compared to the standard
monthly dosing regimen without a loading dose. The two tablets weekly
(scenario 4) and three tablets weekly (scenario 9) dosing regimens without
any loading doses predicted low initial trough concentration 9.7-9.9 ng/ml
and 5.6-5.9 ng/ml respectively. The trough concentration increases quickly
to >20 ng/ml due to frequent dosing.
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adherences with 35% between subject variability (d to f). Predicted median plasma concentrations (red lines) and 2.5th and
97.5th percentiles (grey lines) are presented for the monthly dosing (a and d), three tablets weekly dosing with two loading
doses (b and e), and the two tablets weekly dosing with two loading doses (c and f). The dashed horizontal line represents a
previously presented IC95 value of 20 ng/ml.77

Figure 9. Simulated piperaquine plasma concentration-time profiles when assuming 100% adherence (a to c) and 60%
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(two tablets)
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47.9
48.4
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47.9
48.8
31.7
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32.9
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146.8
147.7
144.9

27.5

Cmin,ss

231.5
238.1
218.5
219.8
215.1
221.1
218.3

236.3

Cmax,ss

(A: 100%)

5.9
11.8
19.3
28.3
40.1

18.3
22.7
9.7
20.7
33.6
51.5
73.1

14.0

Cmin,1

137.8
136.8
136.8
128.3
135.1

215.1
208.2
208.2
203.5
201.6
204.5
202.8

214.6

Cmax,ss

24.6
24.2
23.9
24.5
24.1

20.8
20.6
37.3
35.9
34.5
36.9
35.9

20.8

Cmin,ss

(B: 80%)

5.6
12.3
18.2
20.9
32.5

15.9
19.8
9.9
20.8
31.2
45.9
63.4

12.5

Cmin,1

125.8
125.4
125.9
129.7
128.6

188.8
188.4
185.4
190.0
186.1
188.8
190.2

186.7

Cmax,ss

16.8
16.6
16.2
17.2
17.0

15.6
14.7
25.8
24.3
26.1
26.2
25.4

15.4

Cmin,ss

(C: 60%)

Piperaquine concentration (ng/ml)

5.7
11.9
15.7
20.8
26.9

14.3
17.1
9.7
20.8
28.6
39.3
52.1

11.1

Cmin,1

124.9
124.8
124.6
129.7
127.2

190.4
190.2
189.9
188.5
189.4
203.1
188.6

192.7

Cmax,ss

16.5
16.6
16.9
17.1
16.9

15.0
15.9
25.1
25.0
25.3
27.9
25.3

14.8

Cmin,ss

5.7
12.0
16.4
20.8
27.4

13.8
16.7
9.8
20.9
28.2
38.4
50.5

11.6

Cmin,1

(D: 60% + 30% IIV)

Table 3. Predicted median piperaquine trough (Cmin,ss) and peak (Cmax,ss) plasma concentrations at steady state and the first trough
concentration (Cmin,1) for each dosing scenario at different adherence levels.

Power analysis
From the power analysis performed, 474 patients (237 patients in each arm)
value of 2.7 correare required to attain 80% power with a corrected
sponding to 1 degree of freedom, to conclude that a weekly dosing regimen
is not inferior to a monthly dosing regimen. For testing superiority, almost
double the sample size was required for a standard two-sided test. The complete power versus the sample size curve is presented in Figure 10.

Figure 10. Power curve of the total number of subjects needed for one-sided superiority (red line), two-sided superiority (green line), and non-inferiority (blue line)
trials. The dashed red line represents the nominal power of 80% needed for a clinical
trial.
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Population pharmacokinetics-pharmacodynamics of
artesunate
The changes in ARS and its active metabolite DHA were modelled simultaneously and were described by one-compartment disposition models for both
ARS and DHA. The final model is shown in Figure 11 and the final parameter estimates for the PK model are presented in Table 4.

Figure 11. Schematic representation of the final population PK-PD model of artesunate (ARS) and its active metabolite, dihydroartemisinin (DHA), in patients with
uncomplicated malaria. Ce, predicted DHA concentration in the effect compartment;
CL, elimination clearance; EC50, the concentration which produces 50% of maximum parasite kill; Emax, maximum parasite kill rate; KE0, effect compartment rate
constant governing the delayed drug effect; KGROWTH, parasite multiplication rate,
fixed to 10-fold multiplication per 48-hour cycle; KTR, first-order transit absorption
rate constant [KTR= (n+1)/mean transit time]; V, apparent volume of distribution.
The absorption model was described using transit compartment model.
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Malaria disease was found to have a significant effect on the absorption parameters, MTT and F (the impact of parasite density on absorption parameters are demonstrated in Figure 12).

Figure 12. Illustration of covariate (parasite density) relationship on (A) relative
bioavailability (F) and (B) mean absorption transit time (MTT).

Table 4. Parameter estimates from the final population pharmacokinetic model of
Thailand-Cambodia population.
Population estimate
(% RSE)

95% CI

F

1 fixed

-

MTT (hr)

0.869 (7.94)

0.81-1.05

Parameter

CV% for BSV /
BOVa
(% RSE)

95% CI

25.8 (25.5)
43.1 (13.5) a
35.1 (35.4)
68.8 (11.0) a
62.6 (19.8)
-

19.3-46.0
19.3-46.1 a
22.5-75.1
58.7-84.7a
55.9–100
-

Artesunate

CLARS/F (L/hr)
1,890 (6.73)
1,770-2,210
VARS/F (L)
778 (9.45)
727-980
RUVARS (%)
105 (2.95)
100-110
Dihydroartemisinin
CLDHA/F (L/hr)
116 (6.15)
108-132
VDHA/F (L)
124 (6.72)
112-140
18.4 (18.3)
10.1-20.8
RUVDHA (%)
59.1 (2.31)
57.0-61.0
Covariate effects
PARAMTT
0.09460.115 (9.11)
(/Log10 parasite)
0.130
PARAmaxF
1.76 (11.7)
1.55-2.27
PARA50F
8.69 (9.44)
7.87-10.5
(Log10 parasite)
ARS, artesunate; DHA, dihydroartemisinin; F, bioavailability; MTT, mean transit time CL, clearance; V,
volume of distribution; RUV, unexplained residual variability; PARAMTT, estimated linear effect of
parasite density on MTT; PARAmaxF, maximum effect of parasite density on F; PARA50F, parasite
density which produces 50% of the maximum covariate response.
Coefficient of variation (%CV) for between subject variability (BSV) and between occasion variability
(BOV) was calculated as 100× (evariance-1)1/2. Relative standard errors (% RSE) were calculated as 100 ×
(standard deviation/mean). The 95% confidence intervals (95% CI) of parameter estimates were obtained
with the sampling importance resampling (SIR).
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A delayed concentration-response model (i.e. hysteresis model), showed a
significantly better model fit compared to the direct concentration-response
model. The implementation of a mixture model on Emax alone gave a significant model improvement compared to the implementation on EC50 and on
both Emax and EC50. Site was found to be correlated with the bimodal distribution and it significantly improved the model when it was introduced as a
categorical covariate to the mixture probability. It was estimated that 84% of
the Pailin, Cambodia population were artemisinin-resistant infection patients
while only 16% in Wang Pha, Thailand. The final PK-PD model demonstrated a reasonable parameter precision (Table 5) and a good predictive
performance (Figure 13).
For the data from Myanmar (Paper III), the developed PK-PD model
structure was somewhat similar to the data from Thailand and Cambodia.
The simulation-based diagnostics of the final PK-PD model (i.e. VPC)
showed satisfactory predictive performance for ARS and DHA (Figure 14).
Table 5. Parameter estimates of the final population pharmacodynamic model.
Parameter

Population
estimates
(% RSE)

95% CI

CV% for
(% RSE)

95% CI

KGROWTH (h-1)
0.0479 fixed
Parasite density at enrollment (Log10)
Pailin, Cambodia
11.4 (0.82)
11.2-11.6
5.20 (17.1)
4.91-8.19
Wang Pha, Thailand 11.0 (1.01)
10.8-11.2
6.20 (15.5)
4.91-8.19
KE0 (h-1)
0.0717 (15.3)
0.0566-0.0918
EmaxR (h-1)
0.187 (4.88)
0.172-0.202
10.1 (40.7)
5.43-18.1
EmaxS (h-1)
0.273 (6.25)
0.247-0.303
31.5a (34.9)
18.6-57.2
EC50 (nM)
34.9 (31.7)
16.2-51.7
RUV (%)
35.2 (2.39)
33.9-36.7
Probability of of having an artemisinin resistant infection (%)
Pailin, Cambodia
83.6 (9.74)
67.3-93.7
Wang Pha, Thailand 15.9 (52.4)
5.20-33.8
EC50, DHA concentration lowering its parasite killing by 50%; EmaxR, maximum parasite killing rate
for resistant infection population; EmaxS, maximum parasite killing rate for sensitive infection population; KE0, rate constant of effect compartment.
Coefficient of variation (%CV) for between subject variability (BSV) and between occasion variability
(BOV) was calculated as 100× (evariance-1)1/2. Relative standard errors (% RSE) were calculated as 100
× (standard deviation/mean). The 95% confidence intervals (95% CI) of parameter estimates were
obtained with sampling importance resampling (SIR).
a
BSV (%CV) of EmaxS was calculated based on simulations (10,000 patients) with an estimated
variance of 0.552 and the applied transformation presented in Eq. 15.
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Figure 13. Visual predictive check of final population pharmacokinetic model of
artesunate (A) and its active metabolite dihydroartemisinin (B), and population
pharmacodynamic model stratified on site (C; Pailin, Cambodia, and D; Wang Pha,
Thailand), in patients with uncomplicated Plasmodium falciparum malaria. The
open circles are observed data; solid red lines represent the 50th percentiles of observed data; dashed red lines represent the 5th and 95th percentiles of observed data
for the pharmacokinetic model (A and B) and the pharmacodynamic model (C and
D); shaded areas are the 95% confidence intervals of the simulated percentiles; vertical grey lines represent the lower limit of quantification (LLOQ) for ARS (1.2
ng/ml), DHA (2.0 ng/ml), and parasite density (107.93 [maximum parasite biomass
for 16 parasite/μL]). The lower panels show the fraction of observed data below the
LLOQ (open circles) overlaid with the 95% prediction interval of the fraction of
simulated data below the LLOQ (shaded area).

49

Figure 14. Visual predictive check of final population pharmacokinetic model of
artesunate (A) and dihydroartemisinin (B), and population pharmacodynamic model
(C), in patients with uncomplicated Plasmodium falciparum malaria. Open circles
are observed data points, the solid red line represents 50th percentile of observed
data; dashed red lines represents 5th and 95th percentile (for the pharmacokinetic
model) and 10th and 90th percentiles (for the pharmacodynamic model) of observed
data; shaded areas are the model predicted 95% confidence interval for the 5th, median and 90th simulated data of respective percentile; vertical grey lines represent the
lower limit of quantification (LLOQ) for artesunate (3.12 nM), dihydroartemisinin
(7.02 nM) and parasite density (107.73). The lower panels represent the fraction of
observations below LLOQ.
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For the PK model, allometric scaling of all disposition parameters, centred
by the median weight of 50 kg improved the model fit. Malaria disease was
implemented a priori as a time-varying covariate on MTT and F, which resulted in a decreased MTT and increased F with increasing parasite counts.
No other covariates had any significant impact on the PK parameters in the
final model. The half-life of the effect delay was 5.64 hours. Sensitive infections were characterized by an Emax estimate of 0.268 h-1 (5.89% RSE)
compared to 0.155 h-1(6.08% RSE) for the resistant infections, with an estimated 56% of patients having a resistant infection. EC50 was estimated to
8.64 ng/ml (30.4 nM). The final PK-PD model parameters for Myanmar
population are presented in Table 6.

The nomogram development and validation
The evaluation of the developed static nomogram showed that the ratio between the baseline parasite density and the parasite density on day two postdose (i.e., 48 hours post-dose) performed better than when using the parasite
density measurements on day 1 or day 3 post-dose. The sensitivity was
~70% with a type II error rate (i.e., resistance incorrectly identified) of
~29%) (Table 7).
Table 7. Predictive property of the developed resistance nomogram.
Metric

Model-based
approach

Predictive properties (%)
Baseline-adapted Static
nomogram
nomogram

Day 3 positivity
rate test

Sensitivity

98

80

71

27

Specificity

82

81

90

99

Accuracy

90

80

80

63

Negative
predictive value

84

81

75

57

Positive
predictive value

97

81

87

97
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EmaxR (h )
PMIX,resistant (%)
RUV (%)

-1

EmaxS (h-1)

a

)

EC50 (nM)

k

a

-1
e0 (h

0.155 (6.08)
56.1 (20.9)
33.3 (5.91)

0.268 (5.89 )

30.4 (34.2)

0.123 (33.1)

11.0 (0.704)

0.142-0.172
39.1-73.8
30.5-37.1

0.242-0.295

13.5-46.1

0.0584-0.188

10.8-11.1

0.121-0.156
1.35-2.02
8.19-9.21

0.115 (8.88)
1.51 (11.9)
8.32 (3.58)

10 fix

69.9-87.8
89.5-119.0
56.6-63.4

76.7 (6.99)
102.0 (8.95)
58.5 (3.34)

BASEPARA (Log10)

1.04-1.96
1570-2090
1110-1660
69.3-78.7

95% CI

100 fix
1.34 (18.8)
1750 (8.55)
1300 (12.6)
73.2 (3.95)

Estimates (% RSE)

KGROWTH (48 hr-1)

Pharmacokinetics
Artesunate
F (%)
MTT (h)
CLARS/F (L/hr)
VARS (L)
RUV (%)
Dihydroartemisinin
CLDHA/F (L/hr)
VDHA (L)
RUV (%)
Covariate effects
a
PARAMTT (Log10 parasitemia-1)
a
PARAmaxF
a
PARA50F (Log10 parasitemia)
Pharmacodynamics

Parameter

49.0(22.4)

12.2 (45.5)
-

b

-

-

4.4 (19.6)

-

-

21.3(30.3)
31.6 (40.5)
-

31.2 (29.4)
85.3 (24.9)
26.8 (44.3)
74.7 (27.3)
-

%CV BSV (% RSE)

6.54-35.8

34.3-70.1

3.13-5.78

-

13.3-88.1
21.3-131.0
-

19.3-50.8
65.7-133.0
11.9-39.1
57.8-129
-

95% CI

ARS, artesunate; BASEPARA, baseline parasitemia; CL,
clearance; DHA, dihydroartemisinin; F, bioavailability;
KGROWTH, parasite multiplication per 48 hours parasite cycle; MTT, mean transit time; PARAMTT, estimated linear effect of parasite density on MTT; PARAmaxF, maximum
effect of parasite density on F; PARA50F, parasite density
which produces 50% of the maximum covariate response;
PMIX,resistant, probability of having an artemisinin-resistant infection; V, volume of distribution; EC50, the DHA concentration which produces 50% of maximum parasite killing
effect; EmaxR, maximum parasite killing effect of a resistant parasite population; EmaxS, maximum parasite killing
effect of a sensitive parasite population; ke0, effect compartment rate constant governing the delayed drug effect; RUV,
unexplained residual variability. Coefficient of variation
(%CV) of between subject variability (BSV) was calculated
as 100 × (exp (variance)-1)1/2.Relative standard errors (%
RSE) were calculated as 100×(standard deviation/mean).
The 95% confidence intervals (95% CI) of parameter estimates were obtained with the Sampling Importance
Resampling (SIR) approach.
a
Estimation of these parameters were obtained by applying
a frequentist prior approach using a previously published
PK/PD model developed on data from Thailand and Cambodia97.
b
BSV (%CV) of EmaxS was calculated based on simulations (10,000 patients) with an estimated variance of
0.430 and the applied transformation presented in Eq. 15

Table 6. Parameter estimates from the final population pharmacokinetic-pharmacodynamic model of Southern Myanmar population

From further exploration, for optimal performance, the nomogram should be
performed on day 1 (24 hours post dose) for patients with baseline densities
of 109 to 1010.5 (“cut-off” value of 1.46; sensitivity of 62.6% to 74.7%). For
baseline densities of 1011 to 1012, optimal performance was found on day 2
(“cut-off” value of 2.93; sensitivity of 80.7% to 84.1%). The performance
for patients with hyperparasitemia (i.e., baseline parasite density ≥1012) was
optimal when performed on day 3 (“cut-off” value of 4.34; sensitivity >
85%). The nomogram performance for low baseline density of <109 was not
satisfactory with a sensitivity below 30%.
The overall sensitivities of the developed predictive tools were 98%,
80%, 71% and 27% applying the model-based analysis, baseline-adapted
nomogram, static nomogram, and day-3 positivity rate test, respectively (Table 7). Consistent with this, when the developed baseline-adapted nomogram
was applied on the observed parasite-density measurements from the clinical
trial, sensitivity was predicted at 83% with an accuracy and specificity of
81% and 87%, respectively. In the external validation, i.e., using Myanmar
data, the sensitivity from baseline-adapted nomogram was 90% compared to
55% from day-3 positivity test.
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The alternative dosing regimen exploration
The outcome of the alternative dosing exploration to treat patients with artemisinin-resistant infections is presented in Table 8. Only a standard dosing
regimen of ARS administered once daily for 5 days was able to reduce substantial residual parasite density in an artemisinin resistant malaria infection
population, compared to the reduction by standard 3 days once daily ARS in
sensitive malaria infection population.
Table 8. Predicted mean residual parasite density for simulation of alternative
dosing regimens for patients with resistant infections.
Simulation scenarios
Standard treatment
4mg/kg of artesunate administered
once daily for 3 days
Increased frequency of dosing
2mg/kg of artesunate administered
twice a day for 3 days
Increased dosage
8mg/kg of artesunate administered
once a daily for 3 days
Increased treatment duration
4mg/kg of artesunate administered
once daily for 5 days

Simulated residual parasite burden evaluated 24 hours
post last dose
Sensitive
Resistant
6.0×104

5.1×107
4.4×107
2.3×107
2×105

Population pharmacokinetics of artemetherlumefantrine
A two-compartment model with an absorption model consisting of five firstorder transit compartments best describes the distribution of LF. A frequentist prior approach applied to all fixed PK parameters of LF allowed the
implementation of a peripheral compartment as reported in many previous
publications.34, 96 The addition of BOV was significant on absorption parameters, i.e. MTT and F contribute to the description of highly variable absorption. The description of the outer data percentiles and the model fit was improved when a Box-Cox transformation of the distribution of the BSV for F
was applied. The final PK parameter estimates are summarized in Table 9
and the predictive performance of the LF model is depicted in the VPC in
Figure 15.
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Table 9. Parameter estimates from the final population pharmacokinetic
model.
Parameter
(Fixed effects)

Population
estimate
(%RSE)

95% CI

BSV / BOVa, CV%
(% RSE)

95% CI

Lumefantrine
F

1 fixed

Box-Cox shape
parameter for BSV
on F

-0.605 (34.9)

-0.590– -0.180

MTT (hr)

4.04 (5.16)

3.71–4.41

CL/F (L/hr)
Vc/F (L)
Q/F (L/hr)
Vp/F (L)
RUV (%)

4.49 (6.59)
139 (6.77)
0.924 (13.3)
111 (8.69)
48.7 (4.82)

4.18–5.17
119–149
0.770–1.21
96.5–129
45.8–53.5

F

1 fixed

-

MTT (hr)

0.738 (12.5)

0.569-0.840

CLARM/F (L/h)
VARM/F (L)
RUV (%)
Emax
EC50 (nM)
TIMEENZ (hr)

467 (17.9)
3000 (14.1)
98.4 (5.54)
0.986 (22.8)
9.37 (25.4)
30.4 (42.1)

298-508
2050-3180
92.0-108
0.623-1.42
6.16-14.4
7.59–41.9

144 (19.7)a

106–189a

132 (37.9)
46.0 (43.6)a
48.7 (56.8)
-

72.6–178
13.1–64.5a

57.6 (36.8)
48.2 (35.6) a
110 (32.5)
53.2 (21.6) a
27.9 (44.1)
20.5 (43.1)
-

43.2-78.8
39.1-63.9 a

17.8–77.8

Artemether

0.224-0.347
21.5-43.5
15.4-31.0
-

Dihydroartemisinin
CLDHA/F (L/h)
611 (15.4)
486-782
20.7 (50.2)
12.9-29.9
VDHA/F (L)
137 (38.9)
99.8-251
40.5 (48.9)
17.5-51.5
RUV (%)
113 (6.01)
109-129
ARM, artemether; BOV, between-occasion variability; BSV, between-subject variability; CL, clearance; DHA, dihydroartemisinin; Emax, maximum effect of autoinduction; EC50, artemether concentration for which the auto-induction effect is half of the maximum effect; F, relative bioavailability; MTT,
mean transit time; Vc, volume of distribution of central compartment of lumefantrine; Q, clearance of
peripheral compartment; RUV, residual unexplained variability; Vp, volume of distribution of peripheral compartment of lumefantrine; V, volume of distribution. RUV, residual unexplained variability;
TIMEENZ, half-life of the auto-induced enzyme. The coefficient of variation (%CV) for BSV and BOV
was calculated as 100× (exp(variance-1))1/2. Relative standard errors (% RSE) were calculated as 100 ×
(standard deviation/mean). The 95% confidence intervals (95% CI) of parameter estimates were obtained with the sampling importance resampling (SIR) routine.
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ARM-DHA concentrations were described using a one-compartment model
for both parent and metabolite with the assumption of an irreversible in vivo
conversion of ARM to DHA. The possibility of time-dependent decreases in
ARM concentrations, as reported previously was observed: the peak ARM
concentration post first dose was approximately three times higher in comparison to the peak ARM concentration post last dose. The relationship between auto-induction enzyme activity and ARM concentration (EFF), believed to represent CYP3A4, was modelled using an Emax model as described in Eq.18:
EFF = (Emax * CP) / (EC50 + CP)

Eq. 18

where Emax represents the maximal enzyme-induction/auto-induction effect,
EC50 represents the ARM concentration when the auto-induction is halfmaximal and CP is the ARM plasma concentration.
The estimated enzymatic half-life was 30.4 hours, while EC50 was
9.37nM. There has been a 1.43 fold increase in the ARM oral clearance at
occasion 6 compared to occasion 1. The pcVPC of ARM-DHA model is
presented in Figure 15. No other statistically significant covariates were
found for LF and the ARM-DHA model except weight.
Efforts were made to simultaneously estimate the PK models for LF and
ARM-DHA, exploring the correlation between these two drug’s PK parameters, particularly as an effort to describe the observed variability in the absorption parameters of both drugs. This effort was not successful and not
pursued further because:
• Adding off-diagonal correlation elements to explore MTT correlations resulted in an unstable model
• Implementation or correlations in F produced only minimal and
clinically non-significant improvements of fit.
• Simultaneous modelling substantially increased the computational
time (>18-fold increase).
The simulated median day 7 LF plasma concentration using final LF model,
after a standard dosing regimen was 709 ng/ml (1340 nM; range: 269-1940
ng/ml [509-3670 nM]). Meanwhile, for the alternative dosing regimen of 5
days dosing, was 2010 ng/ml (3801 nM; range: 769-4580 ng/ml [1450-8650
nM]) (Figure 16). In terms of PK target attainment, 11.5% of patients did not
achieve the day 7 concentration above the target for the standard dosing regimen, while this was only 0.3% for the alternative dosing regimen.

56

Figure 15. Prediction-corrected visual predictive checks (pcVPC) of artemether (A),
its active metabolite dihydroartemisinin (B) and visual predictive check for lumefantrine (C). The median (red solid line), 5th and 95th percentiles (red dashed lines) of
the observed data (blue circles) are compared to the 95% confidence intervals (shaded areas) for the respective percentiles of the simulated data (n=1,000). The horizontal grey line represents the lower limit of quantification (LLOQ); 47 nM for lumefantrine, for pcVPC, correction is performed after stratification and binning. The
lower panel shows the fraction observed data below the LLOQ (open circles) overlaid with the 95% prediction interval of the fraction of simulated data below the
LLOQ (shaded area).
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Figure 16. Simulated profiles of lumefantrine plasma concentrations for different
dosing regimens. (A) Standard treatment of four tablets of artemether-lumefantrine
(80/480 mg artemether/lumefantrine) twice a day for 3 days (0, 8, 24, 36, 48 and 60
hours) ;(B) four tablets twice a day (80/480 mg) for 5 days (0, 8, 24, 36, 48, 60, 72,
84, 96 and 108 hours); Solid grey lines represent the 5th and 95th percentiles while
the solid red line represents the median of the simulated concentrations. The dashed
lines represent the 280 ng/ml (529 nM) target day 7 LF plasma concentrations.
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Discussion

Dihydroartemisinin-piperaquine chemoprevention dosing regimen
Sulfadoxine-pyrimethamine (SP) is the most common drug used as malaria
IPT in both pregnant women and children.11, 98 Due to widespread resistance,
there has been a shift to using ACTs such as PQ-DHA (suggested to be given as a monthly dosing regimen) as an alternative. In Paper I, in silico simulations showed a more frequent DHA-PQ IPT, i.e., a weekly dosing regimen
was able to provide a better efficacy benefit compared to a monthly dosing
regimen. The malaria incidence reduction with a three tablets weekly adult
dosing was 10-fold compared to the monthly dosing and this finding was in
line with another published study advocating a weekly dosing of DHA-PQ
based on simulated PQ plasma concentration profiles in a paediatric population.32
Despite the efficacy benefit, from the more frequent dosing regimen, the
simulation exercise also explored few other concerns related to (1) safety/toxicity; where PQ has been associated with concentration dependent
electrocardiographic QT prolongation previously,99 (2) the direct cost increases due to higher total dose and (3) adherence.
The peak PQ concentrations were predicted to be lower at a weekly dosing compared to a monthly dosing and therefore predicted to cause less QTc
prolongation. A weekly dosing regimen does increase the direct cost (33%
more tablets), but not necessarily the overall cost, particularly weighing in
potential lower healthcare costs. Nevertheless, a two-tablets weekly dosing
was explored in addition to the standard three-tablet dosing. Also, the two
tablets weekly dosing was predicted to improve efficacy compared to a
monthly dosing.
Adherence to the regimen is an imperative element in assuring the success
of any treatment (particularly to ensure the success of preventive treatment).
The robustness of the different dosing strategies to decreasing levels of adherence suggests that especially the three tablets weekly dosing is more forgiving than the monthly treatment. This potentially has a larger impact on
efficacy at a wider scale and is anticipated to facilitate broad implementation
of unsupervised IPT. The two tablets only had modest improvement at a
high-level of non-adherence. Adherence explorations are always associated
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with more complex and convoluted mechanisms;100, 101 however, the simulations described here are not intended to mimic the exact biological variability perfectly for a specific population, but rather are focused on the relative
comparison between different dosing regimens with regard to malaria prevention.
In addition to the above, the increased frequency of DHA’s curative effect
in a weekly dosing might compensate for the delay in attaining PQ steadystate levels. More frequent exposure to DHA, which acts rapidly, should also
reduce the selection pressure for resistance to the partner drug (PQ).

Artesunate exposure-response in Southeast Asia
Many countries have adopted ACT as their first line of treatment against
uncomplicated malaria.1, 11 However, the recent emergence of artemisinin
resistance in the Greater Mekong Subregion49 has raised many concerns and
it seems to be spreading primarily in a western direction. Myanmar, which
stretches from the Bay of Bengal to the Himalayas in the north, will provide
a route for drug resistance to spread from the origin (Southeast Asia) to the
Indian subcontinent and then to the African region, similar to the way that
chloroquine resistance (and probably pyrimethamine resistance as well) has
spread before.102
In Paper II and III, the PK-PD characterization of ARS treatment has
identified the presence of high artemisinin resistance in Cambodia and its
subsequent spread into Myanmar. Though the resistance mechanism was not
clearly understood, the findings presented show that Emax rather than EC50
was affected. This was also in line with the recent clinical trial findings by
Das et al.103 That clinical trial showed that no clinical benefit was obtained
by increasing the dose (8mg/kg/day), which could have been expected if the
EC50 (potency) was affected through the resistance mechanism.
The presence of high artemisinin resistant patients in Cambodia (84%)
and in Myanmar (56%) was in line with the reported prevalence of artemisinin resistance in the region.49, 104 Artemisinin has been available in Cambodia and Vietnam for over 20 years and has been a breeding ground for antimalarial drug resistance development, mostly due to misuse. Artemisinin
resistance (and the related Plasmodium falciparum K13 mutation)105 is said
to have spread throughout the Greater Mekong Subregion rather than by
local emergence (so called “popping”).104, 106 Molecular genotyping to access
antimalarial drug resistance also has revealed that the majority of the recent
clinical isolates (2014-2015) are from northeastern Thailand, Laos and western Cambodia. This suggests a hard transnational selective sweep originating
from Cambodia in 2008 particularly the Plasmodium falciparum K13 C580Y
haplotype lineage (Figure 17).107
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Figure 17. A single artemisinin resistant Plasmodium falciparum K13 lineage has
spread from Cambodia to other parts of the sub-Mekong region (Thailand, Laos, and
Myanmar). Adapted with permission from Imwong et al.107

This is also evident in Paper III. A frequentist prior based on the Thailand
and Cambodia studies (Paper II) was included to support the estimation of
EC50 and Emax value of an artemisinin-sensitive infection population. A
priori was not applied to the Emax value of the artemisinin-resistant infection population, since resistance could be different between regions and over
time.108 The estimated Emax value of the artemisinin-resistant infection population from Southern Myanmar was similar to that previously estimated for
Thailand and Cambodia. This indicates that it is in fact, a spread of the same
type of resistance and that it has not progressed in severity during the time
between the two studies (2007 – 2009).
The slow parasite clearance rates are associated with artemisinin resistance and implicate more parasite biomass to be eliminated by the partner
drug, leading to higher selection pressure for the development of partner
drug resistance. The developed exposure-response model was used for simulations to demonstrate that the treatment regimen modifications could be
done to mitigate selection pressure of the partner drug towards resistance
development. The simulations indicate that extended treatment duration in
contrast to increased dose or dosing frequency could be used to decrease the
residue parasites for the partner drug to clear and hence reduce the selection
pressure for resistance development (Paper II). The duration of the treatment
up to 5 days is expected to cover up to three parasite cycles and result in
similar residue parasite density as the standard 3-day treatment in nonresistant infections. These findings are in line with the outcome of a recent
clinical trial conducted at a similar site.103
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The day-3 positivity test does not take into account the baseline parasite
density. This is suboptimal since the parasite clearance time is directly proportional to the baseline parasite density. A nomogram, which takes into
account the baseline parasite density, was developed utilizing the final model
in Paper II. The nomogram performed better than the day 3 positivity test
and could with higher sensitivity identify patients with artemisinin resistant
infections. The simplicity and high relative accuracy of this nomogram amplify the potential for it to be used in clinical field settings, particularly with
the difficulties of utilizing the molecular marker (K13 genotype) and the
requirement for more blood samples to conduct full PCT assessment.60 The
nomogram was successfully validated in the patient population from Myanmar (Paper III) where the credibility of the nomogram in identifying
artemisinin resistant patients was high, with 90% sensitivity, exceeding the
expectations of 80% sensitivity and accuracy predicted in Paper II.

Population pharmacokinetics in pregnant population
Pregnant women are vulnerable to malaria and many studies have demonstrated that the effect of pregnancy on the PK of several antimalarials.96, 109111
An ARM-LF combination is widely used and accepted for pregnant
women, primarily in their second and third trimesters.11 The pharmacometrics approach applied in Paper IV was useful and allowed PK characterization in sparse data (LF)96 and of time-dependent PK of ARM (autoinduction
of the clearance). However, due to lack of matched non-pregnancy data here,
the comparison between pregnant and non-pregnant patients could not be
performed.
The PK properties of these analytes demonstrated the rapid and erratic absorption, possibly from the variation of the food/milk intake. This has also
been observed in many previous studies involving LF and ARM.112, 113
The plasma concentration on day 7 has been used as an important PK
predictor of treatment outcome or surrogate to AUC or MIC of the partner
drug (LF) in determining the efficacy of ACT in preventing recrudescence.
The day 7 plasma concentration of 280 ng/ml was chosen as the target comparison here in line with a recent WWARN study.114
The exploration in Paper IV demonstrated that ~ 90% of the simulated patients had a day 7 concentration attainment >280 ng/ml. The relatively high
PK-target attainment and the good clinical outcome in the current pregnant
cohort from Rwanda might challenge whether there is a need to further extend the current ARM-LF treatment in pregnant women in East Africa.115, 116
There are also practical limitations associated with the 5 day treatment regimen. On the other hand, the rise of artemisinin resistance may require dose
adjustments in this vulnerable population.
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Conclusion

Newer antimalarial drugs are urgently needed for the fight against malaria.
The present drug development looks healthier and more promising. However, the importance of improving the use of existing antimalarial therapy is
still crucial. This scenario is not exclusive to malaria, but is seen also for
other infectious diseases such as tuberculosis. A pharmacometric approach
has proven to be a useful tool in these efforts.
This thesis provides examples of how the application of modelling and
simulations can be used to improve antimalarial therapy. Additionally, it
allows a better understanding of the PK-PD properties of antimalarial treatment.
Figure 18 shows a schematic illustration of how the work in this thesis
contributes to the larger picture of overcoming challenges faced in malaria
control. Malaria control strategies involve both the human host and the mosquito vector. In the human host (which is the focus of the thesis), malaria
control involves treatment and chemoprevention.

Figure 18. Schematic overview of malaria control strategies (red box) involving
both human host and vector control and the contribution of the work from this thesis
into overcoming the challenges faced (grey box) related to malaria control in human
host.117
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The specific findings were:
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•

The extensive simulations performed were able to demonstrate that
a weekly dosing regimen of dihydroartemisinin-piperaquine malaria chemoprevention would be preferred to a monthly dosing regimen. This new dosing regimen recommendation will be able to
improve malaria chemopreventive through its ability to reduce malaria incidence, reducing safety concerns and its robustness towards non-adherence.

•

The pharmacokinetic-pharmacodynamic properties of artesunate
were well characterised in the artemisinin-resistant and artemisinin-sensitive infection population. The outcome of this model predicted the presence of high-level artemisinin-resistant infection patients in both Cambodia and Southern Myanmar.

•

Model simulation suggested that extended treatment duration is
needed to treat patients with artemisinin-resistant infections rather
than increasing the dosing frequency or the dose itself to achieve
equivalent parasite density reduction, as in patients with artemisinin-sensitive infections.

•

A baseline adaptive nomogram for identification of patients with
artemisinin-resistant infections was developed. The proposed nomogram was predicted to be more accurate than the commonly used
day-3 positivity test. This was also confirmed when the nomogram
was validated in a population not used for development of the algorithm. This field-adapted, inexpensive and rather accurate diagnostic tool is thought to be valuable in identifying and treating artemisinin-resistant infections patients better in the future.

•

The developed population pharmacokinetic model demonstrated
that there were no clinically relevant pregnancy impacts on the
pharmacokinetic properties of artemether-lumefantrine (Coartem®)
in this population. The high proportion of patients with lumefantrine day seven concentrations above target (280 ng/ml) attainment
appears to reassure the adequate exposure of ACT in this region.
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