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ABSTRACT 

Malaria is a preventable and treatable infection, yet every two minutes a child dies from 

the disease. As resistance to existing therapies continues to spread, it is essential to 

efficiently develop new therapeutics to eradicate malaria. This thesis develops a framework 

for the application of quantitative sciences to analyze data generated from induced blood

stage malaria (IBSM) trials for antimalarial therapies . The successful implementation of 

pharmacometric methods resulted in the creation of model-informed approaches for 

clinical trial study design and dose selection. 

Population pharmacokinetic and pharmacodynamic (PK/PD) models were coded to 

characterize the time course of drug concentrations and parasitemia profiles in patients 

from IBSM studies. Nonlinear mixed effects modeling and both deterministic and 

stochastic simulations were conducted using the computer programs NONMEM and R. 

Comparisons of the simulations from the PK/PD models to the observed clinical trial data 

were used to establish the validity of these models and the value of pharmacometric 

methods. 

This dissertation aimed to strengthen the use of the data generated from the IBSM studies 

and generate a quantitative link between IBSM studies and phase 2 trials. This thesis 

represents the first formal investigation of best practices for the PK/PD analysis of this 

data. In Part 1 of this dissertation, the predictability of PK/PD models which were 

historically used to characterize IBSM data was evaluated and a framework to evaluate the 

PK/PD data on a cohort-by-cohort basis was created. The results of this work demonstrated 
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the traditional pharmacodynamic model was not predictive of phase 2 trial data. The 

predictive assessment prompted the hypothesis that an adaptive IBSM study design could 

minimize the number ofpatients receiving inefficacious dioses and establish a useful dose

response relationship earlier in development. 

Part 2 of this dissertation investigated alternative pharmacodynamic models which were 

more representative of the parasite biology, and showed these models were identifiable and 

able to characterize the parasitemia profiles of IBSM patients. Additional analyses and 

gaps in knowledge were identified for future work to create a mechanistic 

pharmacodynamic model. An adaptive study design allowed for the characterization of a 

dose-response relationship after administering drug to only eight patients in a single cohort, 

and showed that through stochastic simulations, the population PK/PD model generated 

from this data was able to capture the parasitemia profiles of patients in a phase 2 trial. 

The final part of this dissertation established an overarching strategy for model-informed 

drug development for malaria therapeutics. The efforts of this dissertation culminate as 

recommendations for the use of pharmacometric techniques for malaria therapeutics; and 

were submitted to the United States Food and Drug Administration with the goal of 

influencing the upcoming Guidance for Industry. 
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CHAPTER ONE 

INTRODUCTION 
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For at least three thousand years, smallpox terrorized humanity; the disease killed three out 

of every ten patients infected until 1977 when this deadly virus was eradicated. Ali Maow 

Maalin, the last individual known to have naturally acquired smallpox, ultimately died 

from malaria while working on a polio eradication vaccination campaign. Malaria is an 

infectious disease which disproportionately affects the poor in low-and middle-income 

countries; according to the World Health Organization's World Malaria Report, in 2016, 

there were an estimated 216 million cases of malaria, 445 ,000 of which were fatalities[!]. 

With the goal of eradication of malaria in mind, global investment grew from $ 130 

million in 2000 to $2.7 billion in 2016[1 , 2]. As a result, between the years of 2000 and 

2015 over six million lives were spared and the number of countries reporting indigenous 

malaria decreased from 109 in 2008 to 91 in 2017[1 , 3]. Exciting innovations in tools and 

technologies such as vector control efforts leveraging CRIS PR[ 4] , advances towards 

effective vaccines[5] , improved diagnostics and surveillance[!] , novel malaria 

therapeutics[6] , and inventive clinical trial designs and data analyses[7, 8] are steps 

towards eradication. However, despite the progress made, prevalence of drug and 

insecticide resistance grows, malaria persists, and approximately every 70 seconds, the 

disease claims another life. 

The integration of state-of-the-art clinical trials with the application of quantitative 

scientific methods can enable efficient drug development. Controlled human malaria 

infection (CHMI) studies are among the innovative clinical trials used in malaria drug 

development; the methods and results of which have been published in peer reviewed 

joumals[9-13]. 
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Investigators and scientists have engaged with the FDA to discuss the importance of 

CHMI studies and suggest how data can best be used from them. The FDA has released a 

formal perspective on CHMI studies[14] for vaccine development with important 

implications for applicability to the development of malaria therapeutics. In June of 2016, 

the FDA hosted a workshop, "Clinical Trial Design Considerations for Malaria Drug 

Development", which discussed the role of CHMI studies to : (1) predict the efficacy of a 

new drug; (2) assess drug effect at clinically relevant endpoints; (3) apply the 

generalizability of CHMI study findings across different species and strains of parasites; 

and (4) inform the design of a clinical study. This workshop initiated important dialog 

between scientists from FDA, industry, academia, and invested sponsors. The workshop 

discussions highlighted the importance of the deliberate and planned use of data from these 

studies, particularly, the application of quantitative science methods. These discussions, 

and the importance clinical applications of efficient drug development for malaria, 

provided the inspiration for the work encompassed in this dissertation. 

Pharmacometrics, Nonlinear Mixed Effects Modeling 

Pharmacometrics is the science of the use of mathematical models to analyze and 

interpret biologic, pharmacologic, pathophysiologic information and data in the 

pharmaceutical sciences and often employs population pharmacokinetic, 

pharmacodynamic (PK/PD) and disease modeling and simulation techniques. 

Pharmacokinetics refers to the time course of drug in the body, and how the body effects 

the drug through processes of absorption, metabolism, distribution and excretion. 

Pharmacodynamics represents the pharmacologic effect the drug has on the body and is 

characterized through measurements ofbiomarkers or effects over time. In this dissertation, 
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the time course of PK profiles are measured as drug concentrations and PD profiles are 

measured as parasite counts. Mathematical modeling of PK/PD data in clinical trials can 

be conducted for each individual separately or for the entire population simultaneously. 

Methodologies for population modeling include na'ive averaging of pooled data, two-stage 

methods (modeling individual patients- followed by summary statistics of the individual 

parameters) versus population methods (simultaneously fitting the data of multiple 

subjects). There are important disadvantages associated with na'ive pooling and two stage 

methods and consequently nonlinear mixed effect modeling has emerged as a prominent 

approach to performing modeling and simulation in pharmaceutical research and 

development. There are many packages to perform nonlinear mixed effects modeling 

including but not limited to Phoenix, WinBugs, Monolix, RStan, NLMIXED, NLME, R, 

and NONMEM, which allow for analysis of sparse data and identification of covariates, 

which may help explain inter-individual variability of PK/PD parameters and residual 

variably in outcome measurements. The modeling work included in this dissertation was 

performed using NONMEM, and R. 

Population nonlinear mixed effects modeling allows for the estimation of fixed effects 

(8), and nested random effects (Level I : 11 , and Level 2: E) where each individual can have 

an eta (11) for each structural parameter and residual error (E) is calculated for each 

individual (i) at each observation (j). Equation 1 describes how the data (Y) are modeled, 

for the ith individual at time j as a function of the PK/PD model (g) which contains 

structural parameters (8), dose, time, and covariate information ( x ) , interindividual 

variability ( 11) and residual error (E). 

Equation 1: Y,1 = g(0,xiJ, '7;) + &iJ 
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The NONMEM approach finds parameter estimates that decrease the difference in the 

observed data points and model predictions using complex nonlinear regression analyses 

and an approximate maximum likelihood approach. During estimation, the systems of 

mathematical equations ( structural model, statistical model, and estimation method) being 

solved do not generally have a closed-form solution, therefore numerical approximations 

are required. Under certain assumptions, the maximum likelihood approach yields the 

highest likelihood of the dataset given the specified model and the estimated parameters. 

The probability of the data given the model is written as a function of the model parameters 

and parameter estimates chosen to maximize the probability where Y is the data, 8 is the 

model parameter and Lis the likelihood (Equation 2). 

Equation 2: P(Y) = L (Yl0) 

The maximum likelihood of the data is calculated taking into account each structural 

model parameter (i.e. theta, 8) as well as for the variance ofIIV ( omega matrix ofetas) and 

the variance of the RV (sigma matrix of epsilons). The maximum likelihood parameter 

estimates are obtained by regression analyses which approximate a solution to the system 

of the equations at the point at which the derivative is equal to zero, through minimizing 

the square of the difference between the observed data and the calculated model predictions 

(in this dissertation, the method of extended least squares (ELS) are used) . The minimum 

value of the objective function (MVOF) represents a global measure of goodness of fit of 

a model to the data (Equation 3). The MVOF is proportional to minus twice the log

likelihood of the data, given the MLE parameter estimates. The log of the ratio of the 

likelihoods from two competing models is the difference between the two log-likelihoods 

and can be computed as the difference between the two MVOF values. This difference is 

assumed to be asymptotically Chi-square distributed with o degrees of freedom. The 
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MVOFs resultant from hierarchical models with the same data can be compared during 

model discrimination, with the lower chi-square p-value indicative of a better model fit. 

obs ·-pred · )1Equation 3: MVOFELs = E ( 
1 + In VUTj

varj 

Several approximation methods are available in NONMEM. In this dissertation, the 

first order approximation with conditional estimation and interaction (FOCEi) and the 

Laplacian methods are used. The FOCEi method is a linearization method, which uses a 

first-order Taylor series expansion and integrates the system of equations at the point x=a 

where a= the conditional estimates or the individual empiric Bayesian estimate of the 

interindividual variability parameters (i.e. 11). The "i" in FOCEi allows for interaction 

between 11 and E during estimation and is used because it can reduce the bias of the 

estimation of E. The Laplacian estimation method utilizes a second-order Taylor series 

expansion of the maximum likelihood estimate function. 

After a model is developed to characterize data, the model can be utilized to make 

deterministic or stochastic simulations. Deterministic simulations can allow for the 

prediction of the outcomes of a trial (albeit, in the absence of natural variation in 

observations (Ll or L2 random effects)), they are useful to give an idea of what the typical 

outcome may be for a subject or a population. Stochastic simulations allow for discernment 

of the distribution of expected outcomes based on the random variability in model 

parameters (IIV) and observations (RV). The outcomes of stochastic simulations are 

therefore not expected to be identical between any two replicates of the simulation. 

Deterministic and stochastic simulations along with other predictive performance 

assessments such as diagnostic plots and visual predictive checks can be used to evaluate 

the performance of a model in its ability to predict pharmacokinetic and pharmacodynamic 

6 



data. The process ofmodel development and model discrimination is detailed in Appendix 

2 in an exemplary modeling analysis plan relevant to Chapter 2 and Chapter 3. 

Malaria 

Malaria is a disease caused by the protozoan parasite, Plasmodium, whereby the parasite 

traverses two hosts: the human and the mosquito. There are five species of the parasite, 

which can infect humans with malaria, each with a slightly different physiological disease 

course, consequential to the unique aspects of the species' life cycle. For instance, infected 

hepatocytes containing P. vivax or P. ovale can become "dormant" for extended periods of 

time (hypnozoites ), causing relapsing-remitting malaria; whereas the other parasite species 

(P. knowlesi, P. malariae, and P. falciparum) do not have hypnozoites. 

Of the five species, P. falciparum is the deadliest. The high risk of morbidity and 

mortality is a consequence of cytoadherence of infected erythrocytes to the endothelium of 

capillaries and obstruction ofblood flow. Depending on the affected organ, this obstruction 

can cause renal failure, gastrointestinal bleeding due to ulcers, or even cerebral malaria[ 15] . 

The data used in the analyses in this dissertation are patients infected with P. falciparum 

parasitized erythrocytes deriving both from natural infection as well as from a 

cryopreserved inocula administered in a controlled human malaria infection. 

In naturally occurring infections, all parasites enter the human host as sporozoites, 

transmitted by a female Anopheles mosquito's saliva while she takes a blood meal. These 

sporozoites travel to the liver, infect hepatocytes, and mature into schizonts (multinucleate 

infected hepatocytes), which ultimately rupture, releasing approximately 30,000 

merozoites per infected hepatocyte into the blood stream. Merozoites infect erythrocytes 

and either develop into gametocytes or enter the erythrocytic asexual replication cycle 
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maturing into schizonts, which rupture and release merozoites again into the circulation. 

Parasitized erythrocytes can also sequester in the capillaries, evading detection in the 

blood; patterns of cyclical schizogony and sequestration characterize the parasite growth 

observed in the human host. 

Malaria Therapeutics 

The diverse pharmacologic profiles of antimalarials suggest activity of a drug against 

different stages of the parasite's life cycle (i.e. stage specificity) and mechanism of action 

are important characteristics of drugs[16]. Molecular mechanisms of action are often not 

well defined; however, antimalarials can be classified according to critical attributes. Drugs 

are often stratified as fast acting drugs (e.g. arteminisins) and slow acting drugs (e.g. 

chloroquine). The ability of a drug to kill gametocytes (gametocytocidal) and hypnozoites 

(hypnozoticidal) is also a common method of classification [ 17]. 

Arteminisn combination therapy is the gold standard and first-line treatment for 

uncomplicated P. falciparum malaria, however, these therapies are given once or twice 

daily for three days. The ideal target product profile set forth by Medicines for Malaria 

Venture (MMV) emphasizes efficacy associated with a single exposure, radical cure (i.e. 

complete elimination of parasites from the human host)[l 7]. Ideally, treatment with new 

chemical entities would be single dose therapy. For this reason, all studies included in this 

dissertation have been conducted as single dose administration studies for the drugs of 

interest, OZ439 and DSM265. 

The two drugs investigated in this dissertation are both currently in development 

programs by MMV and have distinct mechanisms ofaction. Data from clinical trials which 
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OZ439 was administered are utilized in Chapters 2, 3, and 4. Data from a CHMI study 

where DSM265 was administered is used in a case study in Chapter 5. 

OZ439 was developed as a synthetic ozonide based upon the pharmacophore of 

artemisinins which have a peroxide bond in the 1,2,4-trioxane heterocycle[18]. OZ439 is 

believed to have a mechanism of action whereby the peroxide bond undergoes activation 

to produce radicals that alkylate heme and other parasite proteins critical to parasite 

survival [18]. OZ439 has demonstrated activity against all asexual erythrocytic stages of 

the parasite (including young rings, trophozoites, and schizonts). A first-in-human (FiH) 

study demonstrated good safety and tolerability of doses from 50mg - 1600mg, favorable 

PK profiles with the oral dispersion formulation as compared to a capsule, and revealed a 

significant food effect with exposures increasing in the presence of food[ 19]. Of the three 

principle metabolites of OZ439, none are thought to contribute to in vivo parasite activity; 

and renal excretion of the parent and metabolites is minimal. Following oral dosing in rats, 

OZ439 was found to have a long half-life in preclinical studies (20 hours)[18]; this was re

confirmed in the FiH study where OZ439 exhibited a half life of 25-30 hours. This 

dissertation uses data for retrospective analyses of two previously conducted and published 

trials with OZ439: one CHMI study and one Phase 2 trial for a retrospective analysis. The 

data from these two studies used a formulation of OZ439 which is no longer being pursued 

due to irregularities in absorption profiles; efforts for optimizing a new formulation are 

underway. Data from the FiH study was not available for analysis. 

DSM265 is an optimized analog ofdihydroorotate dehydrogenase (DHODH) inhibitors 

developed by Professor Margaret Phillips[20]. DHODH catalyzes a key step in nucleotide 

biosynthesis, and Plasmodium parasites rely entirely on de nova pathways for pyrimidines 

for DNA/RNA synthesis. DSM265 is a low solubility, high permeability drug and has 
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therefore been formulated as a spray dried dispersion to increase solubility. DSM265 

previously was shown to have approximately dose-proportional exposures (AUCo-co) in a 

two-part study, which included a single ascending dose in healthy volunteers (25mg -

1200mg) and a single cohort controlled human malaria infection (CHMI) study where 

patients received 150mg. The two-part study demonstrated DSM265 to have a long half 

life (86-11 Sh); the PK data was modeled as a two compartment model with zero-order 

absorption, dose-dependent bioavailability and absorption and linear elimination[21]. 

DSM265 is metabolized through mono-oxidation followed by glucuronidation into five 

metabolites, none ofwhich are expected to contribute to in vivo parasite killing. Preclinical 

studies in dogs revealed evidence of enterohepatic recirculation, which may occur with the 

glucuronidated metabolites. The study analyzed in this dissertation which utilizes 

DSM265 , is a single cohort CHMI study of which the results have not yet been published. 

Consideration of a drug 's mechanism of action, disposition, stage specificity, and 

gametocytocidal and hypnozoticidal properties requires that we re-examine the current 

PK/PD model in an effort to make it more reflective of drug pharmacology and parasite 

biology. Additionally, the pharmacokinetic profiles of antimalarials can be altered by the 

pathophysiology of the disease ( e.g. mefloquine and quinine are significantly altered by 

malaria, and there is a controversial gender effect on primaquine [16]). Together, these 

factors present a compelling opportunity for the evaluation of the PK/PD models used for 

malaria therapeutics. 

Advances in Experimental Methods for Antimalarial Drug Development: CHMI 

Studies 
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Controlled human malaria infection (CHMI) studies have been used for over 90 years, 

dating back to Julius Wagner-Jauregg who was awarded the Nobel Prize for his work in 

cunng patients with neurosyphilis through fever induced by intentional 

malariotherapy[22]. Following the first deliberate infection of humans with malaria, and 

the successful cultivation ofP.falciparum in vitro, CHMI studies progressed over the years 

and evolved into three distinct trial designs: induced blood-stage malaria (IBSM), 

sporozoite-induced malaria (SIM) via injection and SIM via Anopheles bites to human 

volunteers. The measure of parasite counts over time before and after drug administration 

and the absence of many confounding factors typically present in clinical trials provides 

rich data to enable the estimation of the dose-response relationship that is unaffected by 

immune responses and other factors that can affect efficacy in clinical studies in malaria 

endemic areas . 

Until recently, CHMI studies were widely regarded as an integral part of vaccine and 

chemo-preventative development rather than a critical part of the development of malaria 

therapeutics. The licensure of Vaxchora, a vaccine for adults in regions where cholera is 

endemic, was supported primarily by data from controlled human infection studies, 

demonstrating the value of data generated from CHMI studies to provide substantial 

evidence of efficacy. Recent perspectives shared by the FDA chronicle challenges, 

recommendations, and successes of the use of CHMI studies in malaria vaccine 

development[ 14]; these concepts provide the impetus for the application of a similar 

approach for CHMI studies as part of the development of malaria therapeutics. 

Standardized methodological protocols for CHMI studies are essential for reproducible, 

consistent results. Similar to the recommendations outlined by the FDA for the use of 

CHMI studies for vaccines, good manufacturing practices to ensure consistency and quality 
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of infection as well as ensuring volunteer safety is paramount[ 14]. The use of established 

standard requirements for the study protocol and implementation, and careful review by an 

institutional review board or independent ethics committee helps to ensure volunteer 

safety. 

Parasite detection methods in CHMI studies include the use of microscopy to examine 

blood smears, and the detection of Plasmodium through nucleic acid assays such as 

quantitative (real time) polymerase chain reactions (q(RT)-PCR) measuring DNA or RNA. 

The use ofnucleic acid assays for CHMI studies is increasingly popular, especially as new 

biomarkers to discriminate between various stages of the parasite life cycle become 

available [23]. The use of measuring RNA rather than DNA can be argued to be more 

accurate since RNA degrades faster in the blood as compared to DNA, resulting in less 

false positives from the measurement ofdead parasites. Microscopic methods have a lower 

limit of detection of around 10,000 parasites/mL whereas qPCR has a detection threshold 

of about 10 parasites/mL[24] - 20 parasites/mL[25]. Subjects typically become 

symptomatic when parasitemia reaches the limit of microscopic detection. Because of the 

lower threshold for detection, when patency (i.e. period of time when parasites are detected 

in blood) is determined by qPCR rather than microscopy, patients can be treated with 

rescue medicine at an earlier time, limiting morbidity and increasing safety for the subject 

[25-27]. 

Sporozoite Induced Malaria 

In 1985, the United States Army, Navy, and National Institutes of Health conducted the 

first CHMI study using Anopheles mosquitoes infected by cultured gametocytes of P. 

falciparum parasites[28]; to date, more than 1000 volunteers have been infected in these 

studies[29]. A majority of these studies have been conducted at the Walter Reed Army 
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Institute of Research and the Naval Medical Research Center, and a growing number of 

institutions worldwide now have the expertise to conduct these studies. Unlike IBSM 

studies, SIM experiments include the exo-erythrocytic stages of the parasites life cycle and 

are particularly useful for the investigation of pre-erythrocytic activity. 

In traditional SIM studies, Anopheles mosquitoes are infected through membrane 

feeding ofblood with Plasmodium cultured gametocytes. Post-infection, some mosquitoes 

are sacrificed after two to three weeks and their salivary glands are dissected and examined 

to determine the sporozoite density to assess likely infectivity. Once the salivary glands 

have sufficient sporozoite density, five infected mosquitoes are placed in a small screened 

container that is placed on skin and the mosquitoes are allowed to feed on a healthy 

volunteer. Subjects are subsequently monitored for parasitemia and treated with drug. 

Detailed methodology and safety information are chronicled elsewhere[29]. 

SIM studies have evolved to the use of c-GMP aseptically-raised Anopheles 

mosquitoes[26] . Patients inoculated via Anopheles bites have shown reproducible parasite 

growth rates and consistent safety profiles [30]. The use ofAnopheles mosquitoes preserves 

the natural course of infection, and successful infectivity of volunteers using only 3 

mosquitoes rather than 5 has been proven to be safe and well tolerated in recent 

experiments[26]. In an effort to control the quantity of sporozoites inoculated in the 

volunteer, SIM studies have also been further optimized to employ cryopreserved 

sporozoites administered by needle and syringe. The use of cryopreserved inocula in SIM 

and IBSM studies obviates the need for an insectary and allows for a more accurate 

estimate of the number ofparasites in the inoculum as compared to the number ofparasites 

transmitted from Anopheles bites. The P. falciparum sporozoites (PfSPZ) have been 

administered intravenously, intradermally, subcutaneously as well as intramuscularly in 
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SIM studies [31]; the methods of these studies are currently being optimized. SIM study 

data are not analyzed as part of this dissertation but are crucial to understanding the breadth 

and history of CHMI studies in antimalarial drug development. 

Induced Blood-Stage Malaria 

This dissertation focuses on the data generated from induced blood-stage malaria (IBSM) 

CHMI studies. Allan Saul pioneered the revival ofIBSM studies in the 1990s[32]. Thirty 

years later, technological advances and the dedicated expertise of scientists and healthcare 

professionals have led to a high-quality and reproducible paradigm for IBSM CHMI 

studies as implemented at the Queensland Institute of Medical Research (QIMR), where 

over 25 studies have been conducted to date. Thawed parasites from cryopreserved aliquots 

are intravenously injected into healthy volunteers in IBSM studies. Because these aliquots 

are frozen, all stages of parasite except ring stages die, resulting in consistent and 

synchronous inocula[32]. Subjects are injected with a small volume ofhuman donor blood 

containing the parasitized erythrocytes; however this blood has been leukocyte depleted 

and confirmed to be free of any blood borne viral pathogens[33]. 

Total parasite counts in the blood are measured by qPCR using the 18s gene. Both 

female and male gametocytes can be measured by marker genes: pfs25 identifies late stage 

female gametocytes, gexp5 measures ring-stage gametocytes, sbp 1 measures asexual and 

gametocyte rings, and pfs230 identifies male gametocytes[34]; additional gene transcripts 

for detection are in development. The detection of gametocytes is important because 

gametocytemia can occur in IBSM studies and therefore enable transmission blocking 

studies. 

The IBSM studies have used varying inocula sizes and three different Plasmodium 

falciparum strains (3D7, NF54 and 7G8), as well as inocula of Plasmodium vivax[35]; 
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however, mixed infections have not yet been tested. Detailed methodology and safety 

precautions are chronicled elsewhere[33]. One of the inocula used in IBSM studies at 

QIMR was derived from an infected subject studied over twenty years ago[36]; more than 

260 volunteers have subsequently been administered this inoculum to date[33]. As 

compared to SIM studies, IBSM studies enable the growth ofparasite to be measured more 

consistently because roughly all viable injected parasites are synchronized at the ring stage. 

Statistical models have been applied to the data from inoculation to just prior to dose for 

the IBSM studies conducted at QIMR, and show a similar growth rate for P. falciparum 

parasite across studies, despite the known biological differences in these subjects which 

can influence the rate of growth[3 7]. 

Because IBSM studies use blood-stage malaria, the exo-erythrocytic stages of the 

parasites ' life cycle therefore cannot be studied, this removes the risk of hypnozoites 

reactivating and causing relapsing-remitting malaria for studies which use Plasmodium 

vivax. SIM studies will continue to be useful to investigate drug activity on hypnozoites. 

QIMR has recently developed a methodology to generate GMP-grade P. falciparum 

malaria cell banks using a culture-based approach for the use in CHMI studies[38]; the 

culture-based approach provides a methodology to use culture-based inocula to perform 

IBSM CHMI studies with different Plasmodium species and strains in the future. This will 

become increasingly important for understanding drug effect amongst strains of 

Plasmodium from varying geographic areas. 

Innovative Applications of CHMI Study Designs 

The development ofmalaria therapeutics is potentially greatly enhanced by the ability to 

establish a useful dose-response relationship from CHMI studies prior to designing pivotal 
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phase 2 trials. The IBSM CHMI studies provide the opportunity to understand critical 

aspects of pharmacology through the use of novel biomarkers which are being used to 

measure drug action on various stages of the parasite ' s life cycle as well as to establish 

potency against various strains of parasite. 

The design ofa CHMI study is versatile and the goals ofa specific study can vary based 

on the patient population of interest, drug-specific questions regarding mechanism of 

action, and parasite characteristics. For Example, CHMI studies can be tailored to address 

specific questions regarding efficacy against male or female gametocytes, or to distinguish 

gametocytaemia from recrudescence. Patient populations can be specifically targeted to 

better understand host immunity by recruiting subjects from endemic versus non-endemic 

areas. The activity of a drug against various strains ofparasites (i.e. resistant parasites) can 

be investigated in a CHMI study successfully through careful consideration of the number 

and rationale of the isolates used for the inocula prior to the execution of the study. DNA 

sequencing analyses of malaria parasites from various regions can facilitate the selection 

of genotypes to be used in a targeted CHMI study. The outcomes of targeted CHMI studies 

can allow for specific patient populations and genotypes to be investigated in a small scale 

study, de-risking or obviating phase 2 trials. 

The usefulness of the data generated from these studies depends principally on three 

factors: 1) the design of the study; 2) the mathematical constructs used to characterize the 

data; and 3) the accuracy of the simulations predicting outcome from scenarios of interest. 

The design (i.e. number and type of subjects enrolled, range of doses administered) 

determines the efficiency of the trial and the utility of the data. 

In order to exploit the wealth of data produced from the CHMI studies ( e.g. stage 

specificity, differences in efficacy due to resistance patterns, hypotheses for combination) 
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the mathematical models used to characterize CHMI study data must be able to adequately 

represent these dynamics. 

This dissertation therefore evaluates the traditional PK/PD model used to characterize 

CHMI study data and its ability to predict 1) subsequent cohorts within a CHMI study and 

2) Phase 2a trial data. This dissertation also explores additional pharmacodynamic models 

which can be used to characterize CHMI study data and provide a basis for selecting the 

best performing models. 

While model-based analyses CHMI studies have immense potential to accelerate drug 

development, this data has never before been used in a submission of a new drug 

application to the FDA. Best practices for the use and PK/PD analysis of this data have not 

yet been formally discussed and are therefore investigated in this dissertation. It is 

anticipated that an integrated modeling and simulation approach to the design and use of 

CHMI studies will generate a basis for best practices for the analyses of this data and 

therefore streamline antimalarial drug development. 
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Dissertation Overview 

The goal of this dissertation is to develop and demonstrate a formal strategy for how 

modeling and simulation can be integrated into the design and analysis of CHMI studies to 

optimize the value of the data generated. 

With an overall aim of contributing to a better understanding of how IBSM CHMI study 

data can be used to best support study design and dose selection for future antimalarial 

drug development programs, the specific goals and objectives of this dissertation are 

organized in three parts: 

• Part 1: The Predictability Assessment 

o Evaluate the predictive performance of the traditional maximum 

pharmacologic effect pharmacodynamic model used to characterize 

pharmacometric data from IBSM studies across cohorts of a CHMI study 

(Chapter 2) 

o Create a framework for pharmacokinetic/pharmacodynamic (PK/PD) 

modeling on a cohort-by-cohort basis for a CHMI trial (Chapter 2) 

o Investigate the predictive performance of a PK/PD model developed from 

a completed CHMI study to predict PK and PD behavior in a Phase 2a trial 

(Chapter 3) 

• Part 2: An Investigation of Pharmacodynamic Models and Study Designs 

o Develop and test an alternative design to the multi-cohort single ascending 

dose CHMI study (Chapter 4) 
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o Explore candidate pharmacodynamic models with a second drug, DSM265 

(Chapter 5) 

o Investigate the structural and data-driven identifiability of candidate 

pharmacodynamic models used to characterize pharmacometric data from 

IBSM studies (Chapter 6) 

• Part 3: Lessons Learned for Model Driven Malaria Therapeutics 

Development 

o Create an overarching strategy for model-informed drug development for 

malaria therapeutics (Chapter 7) 

o Develop pharmacometric recommendations to enable model informed 

antimalarial drug development for the upcoming Guidance for Industry to 

the United States Food and Drug Administration (Chapter 8) 

o Summarize implications of model-informed drug development for malaria 

therapeutics for the Global Health Community and Global Regulatory 

Agencies (Chapter 9- Conclusions) 
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ABSTRACT 

Background: The aims of this work were to: 1) evaluate the predictive performance of a 

pharmacodynamic (PD) model across cohorts of a dose-ranging controlled human 

malaria infection (CHMI) study and 2) pilot test a framework for 

pharmacokinetic/pharmacodynamic (PK/PD) modeling on a cohort-by-cohort basis for a 

CHMI trial. 

Methods: Parasite count and drug concentration data over time from a 3-cohort dose

ranging CHMI study were used in a series of retrospective modeling and simulation 

exercises. This study was an open-label, single-center, controlled study conducted using a 

human induced blood-stage malaria (IBSM) model with Plasmodium falciparum to 

investigate the efficacy of OZ439 in 3 sequential cohorts. Subjects received a single oral 

dose of either 100, 200, or 500 mg of OZ439 in a dose-escalation design. The 

retrospective analysis used nonlinear mixed-effects modeling techniques to develop a 

population pharmacokinetic (PK) and PK/PD model after data from each cohort of the 

CHMI study were obtained, as though the study was conducted in real time. The models 

were used to predict OZ439 concentration-time profiles and parasite-count over time 

profiles for each subsequent cohort; these predictions were then compared to the 

observed data once the next cohort 's data were obtained. After all cohorts of the CHMI 

study were complete, all data were pooled and the final PK and PK/PD models were 

refined and evaluated. 

Results: Utilizing data from the CHMI study alone, the PK/PD models generated at each 

stage of the analysis were able to characterize the data upon which the models were built. 

However, the models were unable to predict the PK or PD profiles when subsequent 

cohorts were administered at higher dose levels. 

27 



Conclusions: A maximum pharmacologic effect PD model was evaluated to create a new 

process for analyzing the data coming from CHMI studies on a cohort-by-cohort basis. 

Low doses of antimalarials that showed little or no pharmacologic effect are not 

informative of dose-response relationships. Adaptive study designs which minimize the 

number of patients receiving these doses may be more informative. 

Keywords: Population pharmacokinetics, Pharmacodynamics, Plasmodium falciparum , 

Malaria, Controlled human malaria infection 
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Background 

In its World Malaria Report, the World Health Organization reported 216 million new 

cases of malaria and 445 ,000 malaria-attributed mortalities in 2016 [1]. As drug 

resistance becomes more prevalent, the need for effective treatments is of increasing 

importance. Accordingly, efficient use of data for informed decision-making during drug 

development can help facilitate new therapeutics to be brought to the market faster. This 

retrospective analysis evaluates the predictive performance of a traditional maximum 

pharmacologic effect pharmacodynamic (PD) model, used to characterize controlled 

human malaria infection (CHMI) data. This analysis also serves as a pilot test for the use 

of an integrated modeling and simulation (M&S) strategy for analyzing data on a cohort

by-cohort basis for a CHMI trial. 

Controlled human malaria infection studies, in particular the induced blood-stage 

malaria, (IBSM) model are novel early studies in which healthy volunteers are 

intravenously inoculated with Plasmodium parasites and, subsequently, administered an 

experimental drug [2]. The sequential nature of the cohort-by-cohort design as such studies 

provide an opportunity to assess the performance of the 

pharmacokinetic/pharmacodynamic (PK/PD) model typically used to analyze parasite 

count over time data and examine the impact of model refinement over the course of the 

CHMI study. To date, PK/PD data from CHMI IBSM studies have been modeled using 

nonlinear mixed-effects modeling only after all cohorts of the trial are complete [3- 6]. A 

maximum pharmacologic effect model is used to characterize the parasitemia over time 

data. The predictive performance of this PD model executed on a cohort-by-cohort basis 

has not been previously evaluated for any antimalarial drug. 
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The goal of this work is to create a new process for analyzing data coming from a CHMI 

study and enable a framework to assess the predictive performance of candidate PK/PD 

models used to characterize pharmacometric data from such studies. The analyses 

described herein were conducted on a previously published study which was already 

complete prior to the start of the analyses [ 4]. However, the present modeling and 

simulation work was conducted as though data were received on a cohort-by-cohort basis. 

This work, therefore, provides a template for real-time pharmacometric analyses for future 

CHMI studies to help guide dose selection and study design. 

Methods 

Study designs and source data 

The methodology of the study design has been previously described [2], and the results 

have been published [ 4]. In brief, healthy volunteers with no prior malaria infection were 

inoculated intravenously with 1,800 viable Plasmodium falciparum (P. falciparum) 

parasites in an open-label, single-center study. Twenty-four patients were included in the 

study with 8 patients per cohort. Post inoculation, patients were monitored for parasitemia 

and safety. Shortly after subjects exceeded a threshold of around 1000 parasites/mL in 

plasma as measured real-time by sensitive quantitative polymerase chain reaction ( qPCR), 

the experimental drug, OZ439, was orally administered. The first cohort received 100 mg, 

the second received 200 mg, and the third received 500 mg. After the administration of 

OZ439, plasma concentration and parasite counts were measured for up to 17 days before 

administration of the definitive treatment, artemether/lumefantrine. Definitive treatment 

was given 2 days after the dose of OZ439 in Cohort 1, 4 days after the dose of OZ439 in 

Cohort 2, and between 10 to 17 days after the dose of OZ439 in Cohort 3. Parasite counts 
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and OZ439 plasma concentrations were measured over time. Nominal 

pharmacokinetic (PK) sampling times (hours) from drug administration were: 0.5 , 1, 2, 3, 

4, 6, 8, 12, 24, 36, 48, 72, 96, 120, 144, and 288. Nominal PD sampling times (hours) from 

the time of OZ439 postdose were: 0, 2, 4, 8, 12, 24, 30, 36, 48, 60, 72, 84, 96, 120, 144, 

336, 360, 384, 432, and 456. Baseline parasite count was defined as the parasite count in 

the patient just prior to dose. Aside from the inclusion of the baseline parasite count, only 

parasite counts measured after drug administration were ultimately used in the analysis. 

Plasma OZ439 concentrations were measured using ultra performance liquid 

chromatography with tandem mass spectrometry (UPLC-MS/MS) with validated assay 

with a lower limit of quantification (LLOQ) of 0.01 ng/mL [7]. Parasite counts were 

measured via qPCR with an LLOQ of 236 parasites/mL [8] and a limit of detection of 64 

parasites/mL [9]; the LLOQ was used in this analysis to define samples below the limit of 

quantification. The qPCR assay measured all stages of parasites, and did not enable 

discrimination between asexual and sexual stages. For the purposes of these analyses, 

OZ439 concentrations were analyzed and are reported in nanogram per milliliter (ng/mL) 

units, and parasite counts are reported as parasites/mL. The study was conducted in 

accordance with the principles of the Declaration of Helsinki and registered on 

anzctr.org.au (registration number ACTRN12612000814875). 

Software and modeling methodology 

All exploratory data analyses and presentations of data were performed using SAS® 

Version 9.4 [10] and KIWI™ Version 1.6 [11 ]. KIWI is a validated, cloud-based platform 

for M&S and is a shared workspace which provides a standardized environment to establish 

repetitive workflows for M&S processes. 
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Population modeling was performed using the computer program NONMEM, Version 

7.3.0 [12]. NONMEM analyses were performed on an Intel cluster with the Linux 

operating system. The first-order conditional estimation method with interaction was used 

to approximate the maximum likelihood estimation of the nonlinear mixed effects models 

used to characterize the data. 

Data assembly and exploratory data analysis 

For the PK analyses, a time-ordered sequence of dosing event and measured OZ439 

concentrations was constructed for each subject from time of dose until time of last blood 

sampling. For the PK/PD analyses, a time-ordered sequence of parasite counts was 

constructed for each subject from inoculation of the parasite or first parasitemia sample 

until time of the last parasitemia sample or end of study. Prior to modeling, exploratory 

data analysis (EDA) was used to assess trends in data, identify potential outliers, and verify 

model assumptions. 

Modeling and simulation worliflow 

The workflow of the predictability assessment for sequential cohorts of patients enrolled 

in the CHMI study allowed for a staged learning about the PK and PD of OZ439, and is 

shown in Fig. 1. The goal of this exercise was to evaluate the candidate structural PD 

model ' s ability to predict parasite counts over time for subsequent cohorts. Consequently, 

the structural PD model did not change over the course of the analyses. Micro-dosing 

studies to learn more about OZ439 absorption, distribution, metabolism, and excretion 

properties were underway while this work was conducted and the results were not yet 

available. Consequently, the PK models were developed only on the data from the CHMI 

study. The parameters of the initial population PK and PK/PD models were estimated using 
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the data from the first cohort of the study. As each cohort finished, the data from that cohort 

were added to the dataset and the model parameters were re-estimated. Predictions of PK 

exposures and PD effect were then generated for the planned dose of the next cohort. 

PK model development 

Based upon the exploratory data analysis (EDA), an initial model was applied to the data 

at the start of modeling for each cohort. The mean parameter estimates, magnitude of 

residual variability (RV) and magnitude of interindividual variability (IIV) were examined 

for their ability to sufficiently represent the PK data. A series of goodness-of-fit (GOF) 

plots was also generated and evaluated for each model. Hypotheses surrounding the reasons 

for model misfit were generated and subsequent models were evaluated until a final base 

PK model was chosen for each cohort. In total, 367 OZ439 concentration samples from all 

3 cohorts were ultimately included in the PK analyses. In accordance with the predefined 

modeling analysis plan, because the samples below the LLOQ represented < 5% of the 

total samples in the dataset at each stage, they were removed prior to analysis (Ml method) 

[13]. 

PD model refinement 

A variety ofdisease-drug models have been created for antimalarial drugs at various stages 

in development. The ability of any model to predict within-cohort parasite counts over time 

has not been systematically examined. Sequential assessment of the predictive 

performance of these PK/PD models is warranted to examine model strengths and 

weaknesses and guide further development efforts. The PK/PD model (Eq. 1) typically 

used to characterize CHMI study data has been presented as the standard model used in 

antimalarial drug development in the literature, as well as workshops held at both the World 
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Pharmacometrics Conference and United States Food and Drug Administration (FDA) [ 4, 

14-16]. The analyses reported in this paper use the model described in Eq. 1 to evaluate 

this novel framework of analyzing data from CHMI studies on a cohort-by-cohort basis. 

The PD model describes the change in parasite count over time with the initial parasite 

count (Po) as the parasite count at the time of inoculation. Net parasite growth is represented 

by a first-order growth rate (knet). Parasite death is represented by a first-order death rate 

as part of a maximum pharmacologic effect model where kct is the maximum rate for 

parasite death and ECso is the concentration at which 50% of the maximum rate ofparasite 

death occurs. They parameter (Hill coefficient) allows for nonlinearity and describes the 

steepness of the slope of the concentration-effect curve. The net change in parasite count 

is described by the difference in parasite growth and parasite death; knet was the estimated 

parameter and kg is shown in the equation for explanatory purposes only. In accordance 

with the equation, in the absence of drug, there is no death of parasite. Further, the model 

assumes all parasites are available and able to be cleared through the pharmacologic 

influence of the drug. 

fuLl 

dP = P(k - k x e r J 
dt net d e r + Ee{o 

Where: 

P is parasite count; 

k ne, is the first-order rate constant for net growth of parasite (kg-kct); 

kd is maximum first-order rate constant for death of parasite; 

k g is first-order rate constant for growth of parasite; 
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Y is Hill coefficient; and 

EC50 is concentration at which 50% of the maximum rate of parasite death occurs. 

The PK and PD were modeled sequentially. During PD model development, the PK 

parameters were fixed to the individual Bayesian values estimated from the concentration

time data obtained during PK model development. During PD model development, the 

structure of the PD portion of the model (Eq. 1) was not altered; each PD parameter was 

estimated, IIV on each structural PD parameter was evaluated, and various RV models 

were tested. Initial modeling efforts included parasite counts prior to and post treatment, 

but the parasite growth data from inoculation until treatment with drug were subsequently 

removed from the analysis due to the inability of the model to minimize successfully in the 

absence of drug effect. After removing these data, the model was restructured to initialize 

the parasite count to the measured parasite count from the predose sample, i.e. the baseline 

parasite count. In total, 370 parasite count samples from all 3 cohorts were ultimately 

included in the PK/PD analysis. The samples below the LLOQ constituted < 5% of the 

total samples at each stage and, in accordance with the predefined modeling analysis plan, 

these samples were censored by using the M3 method [13]. 

Across-cohort PK and PK/PD predictions 

After a base PK model was chosen for each cohort, all parameters were fixed to the typical 

values and OZ439 concentrations over time were predicted using planned sample times 

from the study protocol. The same process was followed for the PK/PD model to predict 

parasite counts over time. One single deterministic prediction was generated for each 

subsequent cohort. This process, as shown in Fig. 1, was repeated until the data from all 3 
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cohorts were incorporated and final PK and PK/PD models were identified based on the 

full study dataset. 

Covariate analysis 

After all cohorts were complete and the base PK and PK/PD models incorporating data 

from all 3 cohorts were established, a covariate analysis was performed using a stepwise 

forward selection followed by backward elimination approach. All covariates evaluated 

were stationary. For the PK covariate analysis, gender and body weight were evaluated on 

clearance (CL), duration of absorption, and volumes of distribution. Age was also 

evaluated as a predictor of CL. During the PD covariate analysis, age and body weight 

were evaluated on baseline parasite count, kct, and knet. Gender was also evaluated as a 

predictor of baseline parasite count. The evaluation of covariates was dependent, in part, 

upon the demography of the analysis population. 

The effect of each respective covariate on the model parameter was tested by adding 1 

covariate at a time. The functional form evaluated for covariate relationships for continuous 

variables was the power function, whereas dichotomous and categorical variables were 

evaluated as a proportional shift in the parameter. During the covariate analysis, Wilks ' 

likelihood ratio statistic [17] was used to compare the minimum value of the objective 

function for nested models. All covariates were centered in order to improve the precision 

of parameter estimates. After each covariate was tested, the resultant change in objective 

function value was recorded and the most significant covariate was added to the model, 

becoming the new base model. Covariates were considered significant if they produced a 

change in the objective function of at least 6.64 (a= 0.01 , 1 degree of freedom [df]) and 

resulted in a decrease of at least 5% in IIV in the parameter to which the covariate effect 
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was added. The process of testing and adding the covariates univariately was repeated until 

no significant covariates remained, yielding the multivariable model. Next, the IIV and RV 

models were evaluated for bias and alternative models were evaluated as necessary. 

Subsequently, the backward elimination process began where each covariate was fixed to 

the null hypothesis value 1 at a time, the model was run, and the resulting objective function 

was recorded. The least significant covariate was removed from the model to form a new 

base model, with this process repeating until all remaining covariates were significant. A 

covariate was considered significant during backward elimination if it resulted in a change 

of the objective function value of 10.83 (a= 0.001 , 1 df) when removed from the model. 

After the covariate analysis was performed, final model refinement began with the goal of 

parsimony, and the appropriateness of the IIV and RV models was re-evaluated. 

Model evaluation 

After the final PK and PK/PD models were chosen, simulation-based diagnostics were 

utilized to evaluate the model. Visual predictive checks (VPCs) were performed to 

graphically compare the observed data and simulated predictions from the final CHMI PK 

and PK/PD models. The VPCs were prediction corrected (pc) in order to adjust for 

differences in covariates and dose [18]. The pcVPCs allowed for assessment of the 

structural components and variability of the model to determine if the observed median, 

20th, and 80th percentiles were within the 95% confidence interval (CI) of the model

predicted median, 20th, and 80th percentiles. 
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Results 

For the CHMI study, summary statistics of subject characteristics were generated 

(Additional file 1: Table Sl). Using data from all 3 cohorts, the overall mean (standard 

deviation [SD]) age was 25.5 (3.7 years), and there were 12 male and 12 female patients in 

total. Fig. 2 shows individual profiles ofparasite counts post-inoculation stratified by dose; 

time zero indicates the time at which OZ439 was administered. Parasite counts measured 

prior to dose typically exhibit a saw-tooth growth pattern reflective of the parasite lifecycle. 

Additional details about decision-making processes for model fit during the PK model 

development and the PD model refinement are provided in the Supplemental Text 

( Additional file 1). 

Cohort 1 structural PK model development and prediction ofCohort 2 

Based upon a review of the individual plasma concentration-time curves, the initial PK 

model evaluated was a 2-compartment model with linear elimination and a constant 

coefficient of variation (CCV) RV model. Due to the delay in observed maximal plasma 

concentrations, delayed absorption was modeled with a lag time and also as simultaneous 

zero-order input to a depot compartment with first-order absorption to the central 

compartment, i.e. sigmoid absorption model. No outlier patients or samples were identified 

in Cohort 1. The final PK model for Cohort 1 was a 2-compartment model with sigmoid 

absorption and linear elimination with IIV terms on central volume and CL with a CCV 

RV model. The individual and population predictions for this model are overlaid on the 

observed data from all 8 patients in Cohort 1 (Additional file 1: Fig. Sl). Both the 

individual and population predictions were able to capture the observed profiles of all 8 

patients with reasonable precision. 
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The final PK model for Cohort 1 was used to predict the PK of OZ439 for the 200-mg 

dose in the second cohort (Fig. 3). The OZ439 concentrations were generally 

underpredicted for the first 40 hours. After 40 hours, the prediction consistently fell within 

the 10th and 90th percentiles of the observed data. 

Cohort 1 PD model estimation and prediction ofCohort 2 

The 100-mg dose of OZ439 did not result in an observable effect and all patients required 

definitive treatment after 48 hours. Therefore, it was not possible to differentiate and 

estimate parameters characterizing parasite death (kct) and net parasite growth (knet). This 

model was used to predict parasite counts over time for Cohort 2 (Fig. 4). The lack of drug 

effect observed in Cohort 1 and the subsequent inability to estimate PD parameters resulted 

in poor predictions of parasite count in Cohort 2. 

Cohort 1 + Cohort 2 structural PK model development and prediction ofCohort 3 

The PK model created from Cohort 1 was re-estimated using the combined data from 

Cohort 1 + Cohort 2 and showed dose-related biases in model fit. Exploratory plots of the 

data from Cohort 2 identified 2 outlier observations which were excluded from the dataset 

for model estimation. Two- and 3-compartment models with relative bioavailability terms, 

nonlinear alternatives to linear elimination, and absorption modeled as rate instead of 

duration of input to the depot compartment were evaluated. 

The final PK model which best characterized the data from Cohort 1 + Cohort 2 was a 2-

compartment model with linear elimination and absorption modeled as rate with IIV on 

central volume and CL with a CCV RV model. As compared to the PK model based on the 

data from Cohort 1 only, the model using data from Cohort 1 + Cohort 2 had improved 

precision of the estimates for CL, volume of distribution in the central and peripheral 
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compartments, as well as for IIV on central volume of distribution (V2) and RV. In 

addition, the diagnostic plots for the model at this stage showed a more even distribution 

ofobserved data versus individual predictions as compared to the model which was created 

using data from Cohort 1 only. 

Individual and population predictions of OZ439 concentrations are plotted with the 

observed data for Cohort 1 + Cohort 2 (Additional file 1: Fig. S3). There was good 

concordance between the observed PK for both cohorts and both the individual and 

population level predictions generated from the PK model. 

This model was used to predict the concentration over time for the dose in the third cohort 

(Fig. 5). The prediction of OZ439 concentrations for Cohort 3 based on data from Cohort 

1 + Cohort 2 showed a consistent underprediction of the full profile and a delayed time of 

peak concentration. From 50 hours to 120 hours following the dose, the prediction was 

very slightly above the 10th percentile of the observed data. 

Cohort 1 + Cohort 2 PD model estimation and prediction ofCohort 3 

The structural PK/PD model was evaluated with all combinations of IIV on parameters kg, 

kct, ECso, and baseline parasite count. No outliers were found or removed from the PD 

dataset containing Cohort 1 + Cohort 2 parasite counts. The final base model had IIV on 

ECso, kg, and baseline parasite count with a log RV model. For this model, the precision of 

the parameter estimates was reasonable and the RV was 0.743 SD (log unit). 

The individual and population predictions for this model are overlaid with the observed 

data from all patients in Cohort 1 + Cohort 2 (Additional file 1: Fig. S4). The individual 

predictions for all patient profiles were in reasonably good agreement with the observed 

data. However, the population predictions for Cohort 1 overpredicted the decline in 
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parasitemia likely due to the addition of Cohort 2 data where the decline in parasite counts 

was much more pronounced due to increased drug effect. 

This model was used to predict the parasite count over time for the dose in the third 

cohort (Fig. 6). The deterministic prediction of parasite counts for Cohort 3 using the 

PK/PD model from Cohort 1 + Cohort 2 was able to predict both a decline in parasitemia 

as well as the recrudescence patterns in the observed data. However, the decline in parasite 

count was underpredicted, and the rate of recrudescence was overpredicted. As compared 

to the PK/PD model generated from Cohort 1, the parameter estimate of ECso increased in 

the model using data from Cohort 1 + Cohort 2, while the estimates of knet and kct both 

decreased (Additional file 1: Table S2). 

Cohort 1 + Cohort 2 + Cohort 3 structural PK model development 

During model development, 2- and 3-compartment models with combinations of various 

IIV terms were evaluated. No additional PK outliers were identified in Cohort 3. 

Absorption into the depot compartment was estimated as both rate and duration of 

absorption, and relative bioavailability terms were also tested. The final base PK model at 

this stage was a 3-compartment model with sigmoid first-order absorption modeled as 

duration, with linear elimination, and a proportional shift in relative bioavailability for the 

200- and 500-mg dose cohorts using the 100-mg dose cohort as the reference comparator 

and a log RV model. This model had IIV parameters on CL, volume of distribution in the 

central and peripheral compartments, and duration of absorption, with a CCV error model. 

As compared to the final base PK model from Cohort 1 + Cohort 2, the final base PK model 

using data from all 3 cohorts had a slight decrease in RV, and the diagnostic plots indicated 

improved model fit. 
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The individual and population predictions from the model are shown with the observed 

data from all 3 cohorts (Additional file 1: Fig. S5). Both the individual and population 

predictions for all 3 cohorts were in good congruence with the observed data for all 3 

cohorts. 

Cohort 1 + Cohort 2 + Cohort 3 PD model estimation 

After the addition of parasite count data from Cohort 3, EDA was performed and 3 outlier 

patients were identified. These patients had very high parasite counts and very different 

profiles from the remaining patients in their respective dose groups; therefore, these 

patients were excluded from analyses (Additional file 1: Fig. S 10). The base PD model 

from Cohort 1 + Cohort 2 with various combinations of IIV on parameters was evaluated. 

The best model included IIV on knet, kct, and ECso; all parameters were well estimated. 

Upon examination of the observed versus population predicted GOF plots, 3 additional 

parasite count samples were identified as outliers in the 500-mg dose cohort (Additional 

file 1: Fig. S 11 ). After the outlier observations were removed, the base PK/PD model with 

various combinations of IIV on parameters was re-evaluated. Given the drug was non

efficacious for the 100-mg dose group, the data governing the estimate of the individual 

values for ECso were not informative for this cohort of patients. Therefore, excluding the 

100-mg dose patients from the calculation ofIIV on ECso was explored. Additionally, due 

to the large differences in observed efficacy, models evaluating the exclusion of the 100-

mg dose and/or 200-mg dose cohorts from the calculation ofIIV on kct were also evaluated. 

The final base model at this stage included IIV on baseline parasite count, knet, and kct 

with only the 500-mg dose contributing to the calculation of IIV on kct. All core PD 

parameters were well estimated, but the precision of the estimates for IIV on knet and 
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baseline parasite count were weak (¾SEM of 89% and 77%, respectively, where ¾SEM 

is the standard error of the mean expressed as a percentage). The EC so estimate for the final 

base model increased from 0.60 ng/mL from the base model created from Cohort 1 + 

Cohort 2 to 2.98 ng/mL in the model using data from all 3 cohorts (Additional file 1: Table 

S2). 

The individual and population predictions from the model are shown with the observed 

data from all 3 cohorts (Additional file 1: Fig. S6). The model was generally able to capture 

the lack ofdrug effect in Cohort 1 with the individual predictions. However, the population 

predictions showed a decline in parasite count despite the increase in observed parasite 

counts. Generally, for Cohort 2, both the individual and population predictions were in 

agreement with the observed data. Two patients (ID #1017 and 1024) experienced a decline 

in parasitemia, however, at the last measurement, recrudescence was observed. The 

individual predicted profiles were able to capture this phenomenon, but the population 

predictions failed to do so. 

PK covariate analysis and model refinement 

The stepwise forward selection process was comprised of 3 steps. During the first step, 

gender was found to be significant on CL (P value = 5.335E-04) with the IIV in CL 

decreased 8.8 %CV (coefficient of variation expressed as a percentage) relative to the 

reference model. In the second step, gender was found to be a statistically significant 

predictor of peripheral volume of distribution (V3) (P value= 9.81 lE-03) with the IIV in 

V3 decreased 14.7 %CV relative to the reference model. In the third step, for all of the 

univariate models evaluated, none of the covariates were statistically significant at a = 

0.01 . For the full multi variable model, the removal ofIIV on V3 and duration ofabsorption 
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(Dl) was tested, and other RV models were evaluated (i.e. additive+ CCV and log error 

model). Of these, the best model had IIV removed from V3 and Dl and had RV modeled 

as a log error model. This model had reasonable parameter estimates and no correlations 

and was used for backward elimination. In the first step ofbackward elimination, removing 

gender from V3 yielded a P value= 6.59E-02 and, therefore, this effect was removed from 

the model. In the second step, all of the remaining covariates were statistically significant 

at a= 0.001. 

PK/PD covariate analysis and model refinement 

During forward selection, none of the covariates were statistically significant at a= 0.01. 

Different RV models were evaluated (CCV, additive+ CCV). The alternative RV models 

minimized successfully but did not result in a successful covariance step, and did not show 

a significant improvement in the goodness of fit, so the models were rejected. Off-diagonal 

elements of the $OMEGA matrix were also tested, specifically between baseline parasite 

count and kct. However, the condition number (ratio of largest to smallest eigenvalue) for 

this model was greater than 20,000 and, therefore, the addition of off-diagonal elements 

was also rejected. Since there were no statistically significant covariates and other changes 

to the model were rejected, model refinement was not necessary. Thus, the PK/PD base 

model was accepted as the final PK/PD model. 

Final PK model and evaluation 

The final PK model was a 3-compartment model with sigmoid absorption and linear 

elimination with a relative bioavailability for the 200- and 500-mg doses as compared to 

the 100-mg dose level. This model had IIV on CL and V2 with %CV of 36% and 34%, 

respectively. The RV was estimated by a log error model to be O. 414 SD (log-concentration 
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units). Males had a 58.7% higher estimate for CL than females. The overall goodness of fit 

from the final PK model was found to be reasonable (Additional file 1: Fig. S7). 

For model evaluation, pcVPCs of the final PK model were generated; these are shown 

stratified by dose in Fig. 7, a-c. The median observed concentration ( solid red line) is within 

the 95% CI of the simulated median for the full profile for all 3 dose levels. Overall, there 

was good agreement of the observed and predicted medians in all 3 dose groups. The 10th 

and 90th percentiles of the observed data fell within the 95% CI about the 10th and 90th 

percentiles of the predicted data for the 100- and 200-mg dose groups. The 500-mg dose 

group had an underprediction of the median and the 10th and 90th percentiles as compared 

to the observed data for the full profile. 

Final PK/PD model and evaluation 

The PK/PD structural model as shown in Eq. 1 remained unchanged, however, refinements 

included the incorporation of IIV on knet, kct, and baseline parasite count. The observed 

versus individual predicted plots showed a fairly uniform scatter about the line of identity 

with a moderate degree ofvariability. However, the observed versus population predictions 

showed an underprediction as most of the points were above the line of identity (Additional 

file 1: Fig. S8). 

For model evaluation, a pcVPC of the final PK/PD model including data from all 3 

cohorts was generated (Fig. 8). The pcVPC ofthe final PK/PD model showed a high degree 

of variability with the 95% Cis of the 10th percentile and the 90th percentile overlapping 

with the 95% CI of the median. The sampling size after 36 hours was very small and, thus, 

is not shown. The pc VPC also showed a consistent underprediction bias of the median 
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parasite count across the full time profile. However, the median of the observed data was 

within the 95% CI of the simulated median before 4 hours and after 24 hours postdose. 

Discussion 

To the best of our knowledge, this is the first analysis which evaluates the predictions of 

drug concentrations and parasite counts over time on a cohort-by-cohort basis for CHMI 

IBSM studies. 

The data from the 8 patients in the 100-mg dose cohort were non-informative of a dose

response relationship. The 200-mg dose provided partial information for the dose-response 

relationship; when all data were pooled, the parameters governing the dose-response 

relationship were refined. 

Model results and implications 

In general, the PK/PD models developed after each cohort were not able to predict future 

dosing outcomes across cohorts of the CHMI study. The discrepancy between predicted 

and observed parasite counts for the across-cohort predictions could be due to several 

factors. First, this could be an indication that the structure of the PK/PD model is not fully 

adequate to accurately describe the behavior of parasite counts over time in the CHMI 

study. Second, the underpredicted exposures of the PK profiles may have contributed to 

the discrepancy between the observed and predicted parasite counts for the across-cohort 

predictions. Third, the traditional single ascending dose cohort design of the CHMI study 

limits the usefulness of the dose-response relationship derived at low doses. 

While Fig. 4 and Fig. 6 demonstrate the difficulty in extrapolating the PK/PD model to 

the subsequent cohort at a higher dose level, the final base models from each cohort were 

able to predict the typical value of parasite count over time consistent with the observed 
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profiles in each cohort. Predictions from each of the final base PK/PD models are plotted 

against individual observed parasite counts versus time for the 100-, 200-, and 500-mg 

dose groups (Additional file 1: Figs. S2, S4, and S6, respectively). This shows the ability 

of the model to characterize the parasite count over time data postdose contrasted with the 

inability of the model to extrapolate to higher dose levels on a cohort-by-cohort schedule. 

Accordingly, these results suggest the mathematical constructs characterizing the data are 

adequate, but in order to make predictions, the mathematical models and/or study design 

may need to be re-examined. 

Pharmacokinetic results 

For the across-cohort predictions, the concentrations of OZ439 were underpredicted for 

both Cohort 2 and Cohort 3. The final base PK models for each cohort were able to capture 

the observed data well (Additional file 1: Figs. S 1, S3 , and S5), however, the systematic 

underprediction of subsequent cohorts is likely due to the lack of dose proportionality of 

OZ439. Additional file 1: Fig. S9 shows dose-normalized concentrations of OZ439 for all 

3 dose groups; the drug concentrations associated with the 200- and 500-mg doses are 

suggestive of more than dose proportionality. As described, nonlinear PK models were 

evaluated, but the sample size and range ofconcentration for the analysis was not sufficient 

to estimate parameters related to nonlinear PK and, therefore, differences were addressed 

with simple shifts in relative bioavailability. As data from micro-dosing studies become 

available, a more mechanistic PK model can be evaluated. In future analyses, if available, 

the inclusion of preclinical and first-in-human data combined with physiologically based 

PK modeling prior to a predictability assessment for CHMI studies may enable the 

prediction of exposures to elicit the desired PD effect. This methodology of cumulative 
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and integrated M&S is currently being pursued by the authors at Medicines for Malaria 

Venture. 

Pharmacodynamic results 

The in vitro estimate of concentration required to achieve 50% of the maximum inhibition 

(ICso) for OZ439 was 1.9 ng/mL using the chloroquine sensitive strain of P. falciparum 

[19]. This value was used as the initial estimate during the modeling work for Cohort 1, 

but is notably 3 times higher than the ECso value that was estimated for the first cohort. It 

is unknown exactly how the in vitro estimate of ICso of a drug relates to the ECso in vivo 

[20], however, allometric scaling and modeling techniques could be utilized to enable this 

translation. Using the minimum inhibitory concentration value based on visual inspection 

of data and PK/PD modeling, the literature has shown ICso values in mice and CHMI 

studies to be similar for mefloquine [ 17]. It is unclear if this relationship holds for drugs 

with different mechanisms of action, but if it does, and the information is available, ICso 

values could be used to inform first predictions of parasite counts in the CHMI study. This 

could possibly decrease the number of cohorts required to accurately assess the 

pharmacologic effect of drugs; in this study, perhaps the first dose which was inefficacious 

could have been avoided. This work is currently being explored by the authors . 

Conclusions 

The PD model commonly used to characterize parasite counts over time from a CHMI 

study demonstrated that the model did an adequate job of characterizing the data upon 

which it was estimated, but it was unable to successfully predict drug effect at higher dose 

levels. The iterative approach of model refinement across the cohorts provides an 

expanding knowledge base for model definition and predictions for subsequent cohorts of 
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the CHMI study. The ability to predict PK and PD profiles of future cohorts or studies will 

continue to be useful in model-informed drug development; therefore, this work prompts a 

re-evaluation of both the PD model used to characterize the CHMI study data and the 

CHMI study design. Clinical trial simulations using the final PK and PK/PD models 

developed from this work to predict the outcomes of a Phase 2 study design are underway. 

These simulations will assess the predictive ability of the PK/PD model in patients with 

endemic malaria infection and provide information about the implications of the structural 

model assumptions. Exploration of alternative study designs to reduce the number of 

patients exposed to non-informative doses and enable the identification of a useful dose

response relationship early on in a CHMI study is warranted. 
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Figure 7a: Cohort 1 
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Figure 7b: Cohort 2 
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Figure 7c: Cohort 3 
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Supplemental Tables and Figures 
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Table S1 Controlled human malaria infection study patient demographics 

Subject Statistic 100mg 200mg 500 mg Overall 
characteristic 

Age (y) Mean (SD) 26.3 (4.3) 26.0 (4.2) 24.3 (2.6) 25 .5 (3 .7) 

Median 25 .5 26.5 24.5 25 .0 

Min, Max 22, 33 20, 34 20, 28 20, 34 

n 8 8 8 24 

Baseline Mean (SD) 73 .61 (12.81) 74.89 (12 .80) 70.90 (10.80) 73 .13 (11.75) 
weight (kg) 

Median 75 .80 72.45 68.20 73 .65 

Min, Max 53 .9, 89.4 58.6, 97.6 58.6, 90.7 53 .9, 97.6 

n 8 8 8 24 

Baseline Mean (SD) 176.9 (10.5) 175.3 (8.3) 172.3 (10.0) 174.8 (9.4) 
height (cm) 

Median 178.5 174.0 170.5 173.0 

Min, Max 162, 188 162, 186 160, 192 160, 192 

n 8 8 8 24 

Gender, n (%) Male 4 (50.0) 6 (75 .0) 2 (25.0) 12 (50.0) 

Female 4 (50.0) 2 (25 .0) 6 (75.0) 12 (50.0) 
Max maximum; Min minimum; n number ofpatients ; SD standard deviation 
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Table S2 Comparison of Pharmacodynamic Parameter Estimates 

Final estimate comparison 

Value of objective function 

Gamma: steepness parameter for dose-
response relationship (unitless) 

Knet: first-order net growth rate of parasite 
(1/h) 
KJ: first-order death rate of parasite (1/h) 

ECso: concentration of OZ439 at which 50% 
of maximum parasite killing (ng/mL) 

IIV on baseline parasite count (parasites/mL) 

IIV onknet 

IIV on ECso 

IIV onki 

PD RV SD (log unit) 

Cohort 1 Cohorts 1 + 2 Cohorts 1 + 2 + 3 

344.111 1182.136 -79.707 

8.3 lE-09 1.435 1.79 

3.44 0.134 0.0774 

6.87 0.2027 0.157 

0.146 0.5998 2.98 

0.133 0.4396 0.52 

0.1146 0.376 

0.7433 

8.29E-05 0.258 

0.165 0.5521 0.509 

IIV interindividual variability; PD pharmacodynamic; RV residual variability; SD standard deviation 
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Supplemental Text 

The following details reflect the critical path of the model development for each cohort. 

Not all models which were tested are described in detail. 

Cohort 1 structural PK model development 

No outliers in this cohort were identified. The initial pharmacokinetic (PK) model 

evaluated was a 2-compartment model with an absorption lag time (ALAG) and linear 

elimination with a constant coefficient of variation (CCV) residual error model; 

combinations of interindividual variability (IIV) parameters were tested and the best model 

had IIV on clearance and volume of distribution. The estimate of central volume for this 

model was poor (¾SEM> 500, where ¾SEM is the standard error of the mean expressed 

as a percentage), and the IIV in central volume had a high correlation to ALAG. The 

conditional weighted residuals versus time goodness-of-fit (GOF) plot, specifically for the 

first 8 hours, showed a possible model misfit. To correct for the model misfit during the 

first 8 hours, a sigmoid absorption model was evaluated. 

Sigmoid absorption (zero-order input to the depot compartment with first-order 

absorption from the depot to central compartment) was added to the previous model and 

the ALAG parameter was removed. Compared to Model 1, the residual variability (RV) 

was lower (37.8% versus 44.7%). The conditional weighted residuals (CWRES) versus 

time plot was more evenly distributed about zero for Model 2, as compared to Model 1. 

The model with sigmoid absorption was deemed superior to Model 1 and was selected to 

explore the estimation of additional IIV terms. Different models with the base structure of 

2 compartments, sequential zero- and first-order absorption, linear elimination, and a CCV 

error model with different IIV terms were evaluated. Other models were evaluated and 
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either did not achieve a successful covariance or did not improve model fit , as compared 

to Model 2; therefore, Model 2 was chosen as the final model for this cohort. 

Cohort 1 PD model refinement 

The drug was not efficacious for this cohort and all patients received definitive treatment 

after 48 hours. Therefore, it was difficult to differentiate and estimate parameters 

characterizing parasite death (kct) and parasite growth (knet). A log residual error model was 

most appropriate for the data. The pharmacodynamic (PD) model was evaluated with IIV 

terms on various combinations of parameters (knet, kct, gamma, and concentration at which 

50% of the maximum rate of parasite death occurs [ECso]). The first model which 

minimized successfully had IIV on knet and kct, however, the estimate of gamma was close 

to zero, reducing the drug effect portion of the parasite death equation to a value of 1, 

indicating no drug effect. The estimate ofECso and the IIV on knet was also estimated near 

zero. Both parameters were poorly estimated with ¾SEM values greater than 1.5 x 108
. 

Therefore, models with IIV on baseline parasite count and other IIV combinations were 

tested. The final PK/PD model chosen for Cohort 1 had an IIV term on both baseline 

parasite count and maximum first-order parasite death rate (kct). This model estimated the 

gamma value to be near zero, indicating that the drug did not have an effect on the 

maximum death rate of parasite as anticipated, based upon the lack of observed effect in 

this cohort. The individual and population predictions for this model are overlaid with the 

observed data from all 8 patients in Cohort 1 (Additional file 1: Fig. S2). The individual 

predictions were generally able to characterize the overall trend of the profiles of all 8 

patients. The population prediction showed little to no change in parasite count over time. 
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Cohort 1 + Cohort 2 structural PK model development 

There were 2 outlier observations that had concentrations increase, whereas the rest of the 

patients ' concentrations decreased; therefore, the 2 outlier observations were removed. 

First, the final model created from Cohort 1 was evaluated; the results of the model fit 

showed IIV on volume to be close to zero with very poor precision (¾SEM > 6000), 

suggesting this eta could not be estimated. Further, the GOF plots showed the 100-mg dose 

group had an overprediction bias and the 200-mg dose group had an underprediction bias. 

Next, models with different types of absorption, relative bioavailability, and elimination 

were explored. 

Changing the way sigmoid absorption was modeled (from rate to duration) improved 

model fit. All parameters were well estimated indicating an improvement as compared to 

modeling the sigmoid absorption as duration. The RV also decreased to 39.7 from 41.8 

%CV (coefficient of variation expressed as a percentage). However, upon examination of 

the GOF plots for this model, the observed versus population predicted plot still showed 

an overprediction for the 100-mg dose group and an underprediction for the 200-mg dose 

group. Due to the dose-related biases in predictions, adding relative bioavailability to the 

model was investigated. 

Adding a relative bioavailability term as a proportional shift for the 200-mg dose group 

with the 100-mg dose group as the comparator did not improve model fit and the ¾SEM 

of the relative bioavailability parameter was > 100%. There was also a high correlation 

between the proportional shift in bioavailability term and the rate of absorption. 

Alternative elimination models were evaluated but did not improve model fit. 

Examination of the GOF plots showed the CWRES versus population predictions to be 
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unevenly distributed about zero; therefore, a third compartment was added. The addition 

of the third compartment did not result in any notable improvements in the diagnostic plots. 

The estimates of the first peripheral volume of distribution (V3) and intercompartmental 

clearance between the central and second peripheral compartment (Q4) were highly 

correlated, indicating a possible overparameterization of the model. 

Because none of the alterations to the model improved model fit, the 2-compartment 

model with sigmoid absorption and linear elimination, IIV on clearance and volume of 

distribution in the central compartment, and a CCV RV model was selected as the final PK 

model for Cohort 1 + Cohort 2. 

Cohort 1 + Cohort 2 PD model refinement 

The base structural model without IIV was tested but did not have a successful covariance. 

A log residual error model was most appropriate for the data. All combinations of IIV were 

tested. The model with IIV on ECso, knet, and baseline parasite count had reasonably 

estimated parameter estimates and did not have any correlated parameters. This model was 

chosen as the final PD model for Cohort 1 + Cohort 2. 

Cohort 1 + Cohort 2 + Cohort 3 structural PK model development 

The final model developed using data from Cohort 1 + Cohort 2 was tested, and dose

dependent biases were apparent in the observed versus population predicted plots. The 

observed versus population predictions showed an overprediction for the 100-mg dose 

group, a uniform prediction for the 200-mg dose group, and an underprediction for the 500-

mg dose group. 

Because of the dose-dependent biases in the GOF plots, relative bioavailability terms for 

the 100- and 200-mg dose groups were evaluated as proportional shifts in bioavailability 
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with the 100-mg dose group as the reference. Of the combinations tried, the best model had 

1 proportional shift in bioavailability in the 200- and 500-mg dose cohorts, however, the 

GOF plots did not show any notable improvement. Because the addition of relative 

bioavailability did not improve model fit, sigmoid absorption modeled with duration of 

input instead of rate of input was evaluated. All parameters were well estimated in this 

model, with the exception ofIIV on central volume of distribution (V2) (¾SEM = 75 .5). 

The delta plot ( delta = individual Bayesian parameter - typical value) indicated a 

relationship between V2 and dose; the addition of relative bioavailability was then tested 

on the new model where sigmoid absorption was modeled with duration of input. 

The resultant model was 2 compartments with sigmoid absorption modeled as duration 

of input to the depot compartment, linear elimination, relative bioavailability modeled as a 

proportional shift for 200- and 500-mg dose with the 100-mg dose as the comparator, IIV 

on clearance (CL) and V2, and a CCV RV model. All parameters were well estimated with 

the exception ofIIV on V2 (¾SEM = 89.9). The delta plot ofV2 versus dose for this model 

was now symmetrical about zero (V2 was no longer dose dependent) . The observed versus 

population prediction showed notable improvement with uniform scatter about the line of 

identity for all 3 doses. Although the ¾SEM for V2 was weaker for this model as compared 

to the previous model, the model with relative bioavailability was considered superior 

based upon the correction of dose-dependent bias in the GOF plots. This model was 

evaluated with various combinations of IIV terms. The individual CWRES versus 

population prediction plots showed an inconsistent distribution about zero and had a pattern 

indicating the possible need for a third compartment. When a third compartment was 

added, all parameters were well estimated and the GOF plots improved. The evaluation of 
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combinations ofIIV on parameters indicated the best fit included IIV on CL, V2, V3 , and 

duration of input. 

Cohort 1 + Cohort 2 + Cohort 3 PD model refinement 

The final model developed using data from Cohort 1 + Cohort 2 was tested, however, this 

model had 14 correlations. Models with different IIV combinations were tested. Re

examination of the exploratory data analysis plots identified 3 outlier patients (Fig. S10). 

The patients had very high parasite counts and very different profiles from the remaining 

patients in their respective dose groups. After the patients were removed, models with 

different IIV combinations were tested. In the 500-mg dose cohort, 3 additional parasite 

count samples were identified as outliers in the observed versus population predicted GOF 

plots (Fig. S 11 ). These 3 samples were causing difficulties in model minimization and were 

removed and subsequent models tested. The precision of the PD parameters were not good 

among all of the combinations of IIV tested. Due to the difference in efficacy between the 

100-, 200-, and 500-mg dose groups, the exclusion of data from the 100- and 200-mg dose 

groups on estimation of IIV for the PD parameters was investigated in order to improve 

precision of the estimate. The model with the best fit had IIV on baseline parasite count, 

knet, and kct, with only the 500-mg dose group contributing to the calculation of IIV on kct. 

All main effect parameters were well estimated and the model had zero correlations. 
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ABSTRACT 

Background: The ability to leverage the results from a clinical trial to make predictions 

for subsequent trials increases the efficiency of drug development programs by facilitating 

data-driven decision-making. As innovative experiments and sophisticated analysis 

methods develop, assessments to evaluate the usefulness of the modeling and simulation 

activities to make informed predictions and decisions are warranted. The predictive 

performance of a population pharmacodynamic (PD) model developed from a Phase lb 

controlled human malaria infection (CHMI) study was evaluated through simulation 

methods. 

Methods and Results: A previously developed PD model, based upon data from a CHMI 

study, was used to simulate the outcome of a planned Phase 2a trial. The concentration

time profiles from the individual patients enrolled in the Phase 2a trial were used to drive 

the exposures to enable the simulations of the parasite counts in the Phase 2a trial. The 

mean of the simulated medians from 500 trials overpredicted the observed data at each of 

the 4 dose levels in the Phase 2a trial. 

Conclusions: Limitations in the CHMI study design, including the range of doses used as 

well as the duration ofsampling, limited the ability of the pharmacometric data from IBSM 

studies to inform predictions of the Phase 2a trial. The assumptions of the PD model are 

discussed; suggested improvements of the mathematical construct which was used to 

characterize the PD of the antimalarial therapy are described. 

Keywords: simulation, pharmacodynamics, parasitemia, controlled human malaria 

infection 
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Background 

Despite the decline of malaria-attributed mortalities over the last 2 decades, malaria 

remains the most important parasitic disease affecting humans. Among the 5 species of 

Plasmodium parasite that infect humans, Plasmodium falciparum (P. falciparum) is the 

deadliest. Artemisinin-based combination therapies are recommended for treatment of P. 

falciparum by the World Health Organization. Drug resistance to these current standard

of-care artemisinin-based therapies is emerging, and the ability to develop new therapies 

efficiently and effectively is essential [ 1, 2]. 

Artemisinin therapies are the gold standard because oftheir potency and ability to rapidly 

reduce the parasite burden through action on all erythrocytic parasites. Artemisinin 

therapies are short-acting, therefore necessitating multiple doses for effective therapy. The 

development of a long-acting potent antimalarial therapy would potentially decrease 

adherence issues associated with multiple-dose regimens. 

Efforts to develop novel antimalarial therapies which preserve the potency ofartemisinin 

through retaining its pharmacophore, while prolonging the half-life and avoiding emerging 

mechanisms of resistance, are underway. Antimalarial therapies for treatment of acute 

malaria are given in combination to reduce the development of resistance. During 

development, drugs are first studied as monotherapy in first-in-human studies, dose

ranging Phase 1 safety studies, and Phase 2a trials. One of the novel experiments employed 

in antimalarial drug development is the controlled human malaria infection (CHMI) study 

in which healthy volunteers are inoculated with the Plasmodium parasite and, 

subsequently, administered an experimental drug; this study produces rich 

pharmacokinetic (PK) and pharmacodynamic (PD) data prior to designing and executing 
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Phase 2a dose-response trials in patients [3]. Pharmacometric modeling techniques provide 

the opportunity to utilize pharmacometric data from IBSM studies to perform clinical trial 

simulations in support of the design of the Phase 2 clinical trials. 

The goal of this retrospective analysis is to investigate the predictive performance of a 

pharmacokinetic/pharmacodynamic (PK/PD) model developed from a completed CHMI 

study to predict PK and PD behavior in a Phase 2a trial. Based on the results from this 

analysis, a strategy is suggested for improving the predictive performance of the model. 

Methods 

Previously developed PK/PD models, based upon data from a CHMI study, were used to 

simulate the outcome ofa planned Phase 2a trial [ 4]. All simulations were performed using 

the computer program NONMEM, Version 7.3 .0 [5]. NONMEM analyses were performed 

on an Intel cluster with the Linux operating system and graphical presentations ofdata were 

generated using SAS Version 9 .4 [ 6]. 

Study designs, source data, and PK/PD model 

CHM! study and PK/PD models used for simulations 

The investigational drug used in this analysis (OZ439) is a compound in early Phase 2 

development as combination treatment with ferroquine for asexual blood-stage 

P. falciparum malaria and transmission reduction. The PK/PD models used for simulation 

were previously developed based upon data from a single-dose CHMI study of OZ439 [ 4] . 

The CHMI study was comprised of a single dose administration of OZ439 with 3 cohorts, 

each with 8 patients (100-, 200-, and 500-mg doses). The induced blood-stage 

malaria (IBSM) CHMI study design [3] and the results of the CHMI study for OZ439 are 

published elsewhere [7] . 
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The PK model for OZ439 was a 3-compartment model with sigmoid absorption (zero

order input to the depot compartment followed by first-order absorption to the central 

compartment), linear elimination, and relative bioavailability for doses 2: 200 mg, as 

compared to the 100-mg dose level. Sex was a predictor of clearance (CL) (males had a 

58.7% higher estimate). The model incorporated interindividual variability (IIV) on 

apparent clearance (CL/F) and apparent volume ofdistribution for the central compartment 

(Vc/F) and used a log error residual variability (RV). 

The base structure of the PD model is shown in Eq. 1. The assay used for the CHMI study 

measured the sum of the asexual and sexual stage parasites, thus, the CHMI PK/PD model 

predicts the total parasite counts. Based upon this model, the change ofparasite count over 

time is governed by the difference in parasite growth and parasite death with net growth 

described using a first-order process and the rate of death described as a maximum 

pharmacologic effect as a function of OZ439 concentration. The parameters of the base 

structural model were estimated using data from the CHMI study incorporating IIV on 

first-order rate constant for net growth ofparasite (knet), maximum first-order rate constant 

for death of parasite (kct), and baseline parasite count. A log error model was used to 

estimate RV. Due to the lack of efficacy of the lower doses in the CHMI study, IIV in kct 

was estimated for the 500-mg dose cohort only. A plot of the observed and individual 

model-predicted parasite counts versus time profiles for the CHMI study are shown in 

Additional file 1: Fig. S 1. 

fuLl 

dP =P(k - k X e r J 
dt net d e r + Ee[o 

Where: 
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P is parasite count; 

k ner is the first-order rate constant for net growth of parasite (kg - kct) (estimated typical 

value of 0.774 h-1) ; 

k g is first-order rate constant for growth of parasite (not estimated); 

kd is maximum first-order rate constant for death of parasite ( estimated typical value 

Y is Hill coefficient ( estimated typical value of 1. 79); and 

is concentration at which 50% of the maximum rate of parasite death occursEC50 

(estimated typical value 2.98 ng/mL). 

Phase 2a study 

The Phase 2a trial was an exploratory open-label trial conducted in Mae Sot, Tak, Thailand, 

through Mahidol University [8]. Patients with symptomatic malaria and 5000 - 50,000 

parasites/µL (P. falciparum or P. vivax monoinfection confirmed via microscopy) were 

included. Patients with severe malaria or mixed infections were excluded from the trial. 

Further details regarding inclusion and exclusion criteria are published elsewhere [8]. Per 

the protocol, up to 5 cohorts of 20 patients were to be included, half with P. vivax 

monoinfection and half with P. falciparum monoinfection. For the purpose of this analysis, 

because the subjects in the CHMI study upon which the PK/PD model was developed were 

inoculated with only P. falciparum , only patients with P. falciparum in the Phase 2a trial 

were included in this analysis. 

The first cohort was to receive 800 mg ofOZ439 and subsequent cohort dose assignments 

included a range of doses from 100 to 1600 mg. Plasma concentrations and parasite counts 

were to be measured until the end of the study, which was 7 days postdose of OZ439. 
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Definitive treatment (rescue medication) was to be administered between 36 and 72 hours 

postdose of OZ439. If a patient met 1 of the 2 criteria for early treatment failure, definitive 

treatment would be given earlier than 36 hours: 1) at 12 hours postdose if parasite count 

was 2: baseline or 2) at 24 hours postdose if parasite count had not fallen by 2: 75% from 

baseline. After 36 hours, if the patient made a "symptomatic recovery" and parasitemia 

was still detectable, parasitemia was monitored every 6 hours, and the Principal 

Investigator and sponsor determined the time ofdefinitive treatment administration up until 

72 hours postdose. 

Clinical endpoints included parasite counts and OZ439 plasma concentrations measured 

over time. Planned nominal PK sampling times were: 0.5 , 1, 2, 3, 4, 6, 8, 12, 18, 24, 36, 

48, 72, and 96 hours postdose and end of study (Day 7). Nominal PD sampling times were 

scheduled to be every 4 hours until 24 hours postdose. After 24 hours postdose, parasite 

samples were obtained every 6 hours until at least 72 hours or until 2 consecutive negative 

readings were obtained within an interval of6 to 12 hours. Thereafter, parasite counts were 

obtained on Days 3, 4, 5, 6, and 7 and whenever required as determined by the Study 

Investigator. Plasma OZ439 concentration (ng/mL) was measured using ultra performance 

liquid chromatography with tandem mass spectrometry with a lower limit of quantification 

(LLOQ) of 1 ng/mL. Parasite counts (parasites/mL) were detected with microscopy by 2 

different qualified microscopists; the value reported was the arithmetic mean of the 2 

counts. The total parasite count was calculated as the sum of the asexual and sexual stage 

parasites in accordance with the parasite count modeled for the CHMI study [7]. Therefore, 

for this analysis, an LLOQ of4500 parasites/mL was used as this was one-halfof the value 

of lowest observed sum of the asexual and sexual stage parasites. The study was conducted 
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in accordance with Good Clinical Practice, as required by the International Conference on 

Harmonisation guidelines [9]. 

Simulation 

A series ofclinical trial simulations were performed to evaluate the predictive performance 

of the PK/PD model developed from the CHMI study, as compared to the observed data 

from the Phase 2a trial with OZ439. Each simulated Phase 2a trial included 4 treatment 

cohorts (200, 400, 800, and 1200 mg) with 10 patients per cohort. A total of 500 Phase 2a 

trials were simulated. 

A distribution ofbaseline parasite counts in patients with endemic malaria infection was 

constructed using baseline parasite counts from the Phase 2a trial of interest, as well as 

another Phase 2a trial which met the inclusion and exclusion criteria [8 , 1O]. This 

distribution was used to assign the baseline parasite counts for the virtual patient population 

of each simulated Phase 2a trial, as described below. 

The distribution of the baseline parasite counts for the historical population (85% male) 

was examined and determined to be log-normal with a mean log baseline parasite count of 

16.5 and a standard deviation (SD) of 0.566. This mean and SD were used to randomly 

generate 500 baseline parasite counts representing a hypothetical patient population. For 

the simulation of each Phase 2a trial, 40 baseline parasite counts were randomly selected 

with replacement from the hypothetical patient population and randomly assigned to a 

subject in each dose cohort. Because sex was a statistically significant predictor ofapparent 

oral clearance for OZ439, 85% of subjects in each cohort were then randomly assigned to 

be male. 

Using the PK and PK/PD models, OZ439 concentrations and parasite counts were 

simulated according to the planned sampling times from the protocol. The simulated 
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parasite count reported is the sum of the asexual and sexual stage parasites in accordance 

with parasite count modeled for the CHMI study. Following the simulation of each trial, 

the resultant simulated parasite counts were used to determine the time at which definitive 

treatment would have been administered and samples following that time were deleted 

from the simulated data. If the simulated parasite count was less than 4500 parasites/mL, 

the data were considered below LLOQ and removed from the simulated dataset. 

To assess the performance of the CHMI PK model to predict the Phase 2a data, plots of 

the median of the observed OZ439 concentrations overlaid with the mean and 95% 

confidence interval (CI) of the simulated medians versus sampling time were constructed. 

Similarly, plots of the median of the observed parasite counts overlaid with the mean and 

95% CI of the simulated medians versus sampling time were constructed for comparisons. 

Results 

Simulation 

The simulated OZ439 concentration-versus-time profiles were similar to the observed data 

from the 200- and 400-mg dose cohorts, but were not reflective of the observed data from 

the 800- and 1200-mg dose levels (Additional file 1: Figure S2). Observed OZ439 

concentrations at the 800- and 1200-mg doses exceeded those predicted by the CHMI PK 

model. Because of the small number of patients and limited dose range (100, 200, and 

500 mg), the PK data from the CHMI study could only support the estimation of an 

empirical shift in relative bioavailability for doses 2 200 mg instead of a more continuous 

nonlinear mechanism to describe the observed lack of dose proportionality. Given the 

empirical nature of the CHMI PK model and the limited dose range, the inability of the 
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CHMI PK model to extrapolate to the higher doses (800 and 1200 mg) utilized in the Phase 

2a trial was anticipated. 

In order to assess whether the PD model could accurately simulate the parasite counts for 

a Phase 2a trial with adequately predicted concentration-time profiles, the PK portion of 

the model was updated and the PK/PD simulations were repeated. The historical patient 

population was discarded, and a new simulation based on the real patients enrolled in the 

Phase 2a study was conducted. To ensure the best prediction of the PK, the revised PK 

model was developed using the observed concentration data for each patient enrolled in the 

Phase 2a study (n = 39). One patient was excluded because samples prior to the peak 

concentration were not collected. A 2-compartment PK model with sigmoid absorption and 

first-order elimination with a log error RV model fit to each patient separately was found 

to reasonably describe the concentration-time profiles for each patient. The plot of the 

simulated median concentration-time curve using the revised 39 individual PK models, as 

compared to the observed median concentration-time profile, is shown in Additional file 

1: Figure S3. As expected for this modeling approach, the plots show good correspondence 

for all 4 dose groups. The summary statistics of the individual Bayesian parameter 

estimates, stratified by treatment cohort, are presented in Additional file 1: Table S 1. 

The Bayesian PK parameter estimates for each individual along with the observed 

baseline parasite counts (predose) for the 39 patients in the Phase 2a trial were used as 

input for the PD simulations. For these simulations, the PK portion of the model was not 

simulated; rather, the individual Bayesian PK parameters were used to generate the same 

39 individual predicted concentration-time profiles (excluding RV) for each of the 500 

replicates. This strategy accounted for the differences in PK profiles across patients and 

did not introduce bias in the PD simulations attributed to a poorly performing PK model. 
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Thus, the new simulations assessed the ability of the PD model to simulate the parasite 

outcome of the observed Phase 2a patient population. 

To assess the performance ofthe PD model developed from the CHMI study in predicting 

the outcome of the Phase 2a trial, the median simulated parasite count stratified by trial 

replicate, dosing cohort, and sampling time was calculated. The mean of the 500 simulated 

median parasite count-time profiles and the 95% CI of the mean were calculated. Plots of 

the median of the observed parasite count overlaid with the mean and 95% CI of the mean 

of the simulated medians versus sampling time are displayed stratified by treatment (Fig. 

1 through Fig. 4). As per the protocol, definitive treatment was administered between 36 

and 72 hours unless early treatment failure was observed. The 36-hour mark is indicated 

as a green line on the plots and the mean time of the observed administration of definitive 

treatment in the Phase 2a trial is also indicated as a red line on the plots. The summary 

statistics of the observed time of rescue medication administration, stratified by dosing 

cohort, are shown in Table 1. 

For all 4 dose groups, the mean of the simulated medians was generally above the 

observed median parasite count starting at approximately 10 hours postdose, and remained 

above for the remainder of the profile. The plots also indicate that there is a large degree 

of uncertainty in the model-predicted median parasite count-time profile. 

Discussion 

The goal of this analysis was to evaluate the predictive performance of the PK/PD model 

developed from a CHMI study to predict the results of a Phase 2a trial. The PK model 

developed from the CHMI study data was unable to predict OZ439 concentrations in the 

Phase 2a trial due to a lack of dose proportionality. The PD model developed from the 
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CHMI study overpredicted parasite count, i.e. underpredicted pharmacologic effect, even 

after controlling for differences in PK. 

PK model considerations 

The PK model failed to predict the higher than expected concentrations observed for doses 

outside the range upon which the model was developed (Additional file 1: Figure S2). The 

observed lack of dose proportionality could be due to physicochemical or formulation 

properties of the drug, or to malaria-related alterations in absorption, distribution, 

metabolism, and excretion (ADME) properties of the drug. Recently, the lack of dose 

proportionality was found to be due to a formulation issue which is currently being 

investigated (unpublished data). 

In addition to known formulation issues, disease pathophysiology may need to be 

considered for future translational analyses between phases of drug development. 

Pharmacokinetic profiles are governed by ADME processes, which can be altered by the 

disease state. The PK profiles of many antimalarial drugs are altered in patients with 

malaria, as compared to healthy volunteers, due to their site of pharmacologic action [ 11 , 

12]. It is possible parasite burden may influence the PK of OZ439. A comparison of mean 

PK parameters (maximum observed drug concentration, half-life, and area under the 

concentration-time curve from the time of drug administration [time zero] extrapolated to 

infinity) for OZ439 concentrations from first-in-human, CHMI, and Phase 2a trials are 

shown in Additional file 1: Table S2 [7, 8, 13]. The first-in-human study was conducted in 

healthy volunteers without a parasite burden, patients in the CHMI study achieved 

maximum parasite counts of ~195,000 parasites/mL, whereas patients in the Phase 2a trial 

had parasite counts as high as ~290,000,000 parasites/mL. For the 800-mg dose, the 

exposures for patients with endemic malaria were lower than those of the healthy 
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volunteers suggesting that parasite burden may have influenced the PK of OZ439. For the 

200-mg dose, the exposures for the CHMI subjects and the patients with endemic malaria 

were more similar with slightly lower exposures in the Phase 2a patients. Despite the high 

%CV ( coefficient of variation expressed as a percentage) in these data, this pattern of a 

decrease in exposures with higher parasite burdens follows that of another synthetic 

ozonide, OZ277. In vitro exposures showed a partitioning of OZ277 to be 1.5 for 

uninfected erythrocytes, as compared to up to 270 for infected erythrocytes [14]; intra

erythrocytic accumulation results in a decrease in plasma concentrations. A similar pattern 

was observed in Phase 2 trials for OZ277 in which exposures were reduced in patients as 

compared to healthy volunteers [15]. Preclinical studies demonstrated OZ439 has 

improved PK and PD profiles, as compared to OZ277 [16] , however, further studies may 

be warranted to investigate the influence ofparasite burden on exposures. This incongruity 

highlights one of the challenges in the translation of preclinical, first-in-human, and, 

potentially, CHMI study results to dose-response studies in patients with endemic malaria. 

PD model considerations 

Even after correcting for any PK differences observed in this patient population, the PD 

model was unable to accurately predict the parasite counts over time in the Phase 2a trial, 

and the predictions had a large amount of variability. There are several possible 

explanations for this failure to predict drug effect, 3 of which are discussed below. 

The first potential reason for the lack of predictability of the Phase 2a parasite counts 

using the traditional PD model could be related to the model assumption that any presence 

of drug allows for parasite death. The CHMI study included 3 doses (100, 200, and 500 

mg), the first of which was not effective in lowering the parasite counts. Because of the 

model assumption that the presence of drug must increase the death rate of parasites, data 
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from a dose not eliciting an effect would most likely result in an underprediction of kct. To 

account for the observed decrease in parasite count in the higher doses, the model would 

most likely estimate a lower ECso than would be predicted with the 100-mg dose group 

excluded. 

For the doses utilized in the Phase 2a trial, on average, concentrations remain above 

19 ng/mL (approximately the concentration which elicits 95% of maximum drug 

effect [EC9s] value) for the first 20, 33 , 80, and 95 hours postdose for the 200-, 400-, 800-

' and 1200-mg dose groups, respectively (Fig. 5). Thus, the traditional PD model predicts 

all doses to yield concentrations eliciting greater than 95% of the maximum rate ofparasite 

death for the first 20 hours postdose. Because all of the concentrations in each dose group 

in the Phase 2a trial are above this threshold for a substantial time period and because of 

the probable underprediction of kct, the model-predicted nadir of the parasite count will 

generally be higher than observed in the Phase 2a data. Further, the differences in model

predicted parasite counts for the dose groups would only appear in the time of 

recrudescence ( correlated to time at which concentrations return to < 19 ng/mL). 

Second, there are other assumptions made to simplify the PD model which do not capture 

the mechanism of drug effect in the context of malaria pathophysiologic processes. The 

lifecycle of the parasite in the human host starting from transmission of sporozoites to 

human and ending with transmission of gametocytes to mosquito is shown in Fig. 6. The 

total parasite burden in the human host is the sum of parasites, indiscriminate of stage or 

sex, residing in the liver, blood, and any parasitized erythrocytes cytoadhered to venules or 

capillaries. The measurement of parasite burden in clinical trials quantifies blood-stage 

parasites (red box, Fig. 6) through the use of quantitative polymerase chain 

reaction ( qPCR) or microscopy; therefore, all exo-erythrocytic parasites are not included 
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in this parasite measure. Dormant blood-stage parasites, sequestered parasites which 

cytoadhere to the vascular endothelium, and Stage IV-V gametocytes are not circulating in 

the plasma and, therefore, are not detected by either method of measurement. However, 

microscopic detection allows for differentiation between trophozoite and schizont blood

stage parasites, as well as gametocytes. The CHMI-induced blood-stage malaria studies 

have traditionally used the standard 18s qPCR which does not discriminate between any 

parasite life stages or sex [ 17]. Recently, qPCR methods to discriminate between female 

and male gametocytes have been developed using the Pfs25 RT-qPCR and Pfs230p RT

qPCR methods, respectively [18] . 

The first-order net growth rate (knet) used in the PD model represents the sum of all 

parasite growth in the human host minus the sum of all natural parasite death rates in the 

human host, and is informed by measured blood-stage parasite counts. A knet greatly 

simplifies the net change in parasite count which fluctuates due to the rupture of hepatic 

schizonts releasing thousands of merozoites into the blood stream (schizogony), and the 

blood-stage parasites which enter and re-emerge from dormancy and sequestration. In 

CHMI studies, the pretreatment parasite count data (parasite inoculation to prior to first 

dose) can be used to create a more mechanistic growth component to the PD model relative 

to a knet. 

Marquart and colleagues have modeled the parasite count data from inoculation to prior 

to dose with statistical models that incorporate a sine wave to estimate the parasite 

multiplication rate for P. falciparum . These models mimic the periodicity of the parasite 

growth pattern which is observed in parasite growth data and resultant of the combination 

of schizogony and sequestration/dormancy of the blood-stage parasites [19]. 
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The first-order death rate parameterization used in the PD model implies that the drug 

acts on all measured erythrocytic parasites (with the exception of dormant or sequestered 

parasites), without specificity. Malaria therapeutics can target specific stages ofthe parasite 

lifecycle and may also have differing potency depending on the species and strain of 

parasite and mechanism of action of the drug [20]. The simplification of a single, common 

death rate on the collective pool of parasites ignores the fact that some antimalarial drugs 

are more efficacious on ring-stage parasites, as compared to trophozoites or schizonts, and 

are more potent on male gametocytes, as compared to female gametocytes. Collapsing 

these lifecycle-specific potencies into a single, common death rate could yield inaccurate 

predictions of parasite counts. 

Parasite death can be mediated by splenic removal of infected erythrocytes through 

splenic pitting, mechanical filtration, and antibody-mediated CL; these efforts are 

complemented by the liver, bone marrow, and other lymphoid tissue. Splenic CL can 

increase in acute malaria and immunity can accelerate parasite CL [21]. Splenic pitting is 

the process by which the parasite is removed from the erythrocyte and the erythrocyte 

returns to the circulation, whereas the entire erythrocyte is removed during mechanical 

filtration. Antibody-mediated CL is typically slower than mechanical filtration and pitting 

and occurs when natural antibodies can bind to erythrocytes and facilitate removal. These 

physiological removal systems are expected to complement the pharmacologic effects of 

antimalarial therapies, but are not considered in the traditional PD model. 

A PD model with components representative of the stages of parasite lifecycle and 

processes could allow for incorporation of stage-specific drug effects in describing 

mechanisms ofparasite death. Additionally, physiologic effects could be incorporated into 

these mechanistic models ( e.g. a decrease in rate of schizogony when a patient has a fever) , 
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allowing for a more accurate representation of the disease and drug effects. The creation 

of a more mechanistic model may also allow for a potential decrease in variability in the 

predictions. 

Finally, a third reason for the lack ofthis model's predictability in translating IBSM study 

data to Phase 2a data could be due to study design. The CHMI trial included 3 doses, the 

first of which, because of its lack of effect, was not informative of a dose/exposure

response relationship. Exploring alternative study designs for CHMI studies to enable the 

selection ofdoses which would be most informative to elucidating dose/exposure-response 

could help improve the predictive performance of the model. The Phase 2a trial only 

observed patients up until 72 hours, when rescue medication was given. An extension of 

the duration ofobservation in Phase 2a trials would also allow for a more direct comparison 

between CHMI study data and Phase 2a data, however, safety and efficacy implications 

would have to be considered. 

Conclusions 

The data from the IBSM CHMI studies represent an opportunity to help inform the study 

design and dose selection for subsequent dose-response Phase 2a trials. This retrospective 

analysis used a PK model and a PD model developed from a CHMI study for OZ439 to 

evaluate the ability of the information from the CHMI study to predict drug concentrations 

and parasite counts in Phase 2a trials. This analysis underscored the importance of a 

continuous pooled population PK analysis leveraging all data as drug development 

progresses. These results also suggest that exploration of alternative CHMI study designs, 

as well as testing other PD models in an effort to generate more accurate predictions, is 

warranted. 
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Tables 

d .. t fTable 1 S ummary staff1s 1cs of observedf1mes of rescue med"1caf100 a mm1s ra 100 

Subject Statistic 200mg 400mg 800mg 1200 mg Overall 

characteristic 

Time of rescue Mean 47.91 72.05 64.19 72.04 64.24 

medication (SD) (26.82) (0.13) (15 .99) (0.05) (17.88) 

administration (h) 
Median 54.00 72.00 72.00 72.00 72.00 

Minimum, 6.9, 72.0, 72.4 36.0, 73.2 72.0, 72.1 6.9, 

Maximum 72.0 73.2 

n 10 10 9 11 40 

n number ofpatients; SD standard deviation 
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Figures 
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Fig. 1 Simulation of parasite counts using the CHMI PD model and revised individual PK 

models for patients administered 200 mg in Phase 2a trial versus observed data 
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Treatment = 400 mg 
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Fig. 2 Simulation of parasite counts using the CHMI PD model and revised individual PK 

models for patients administered 400 mg in Phase 2a trial versus observed data 
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Treatment = 800 mg 
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Fig. 3 Simulation of parasite counts using the CHMI PD model and revised individual PK 

models for patients administered 800 mg in Phase 2a trial versus observed data 
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Treatment = 1200 mg 
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Fig. 4 Simulation of parasite counts using the CHMI PD model and revised individual PK 

models for patients administered 1200 mg in Phase 2a trial versus observed data 
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Table S1 Summary statistics of Bayesian PK parameter estimates of the individual 
models for the ~base 2a subjects 

Parameter Statistic 200 400 800 1200 Overall 

Estimate 

Duration of zero- Mean 2.8101 2.3802 1.6419 2.8906 2.4509 

order input (h) (SD) (1. 7628) (1.3490) (0.6160) (2 .5016) (1.7234) 

Median 2.4139 2.0643 1.8747 1.9812 1.9768 

Min, 1.609, 0.891 , 0.558, 0.071 , 0.071 , 

Max 7.660 5.738 2.393 8.002 8.002 

n 10 10 9 10 39 

Apparent absorption Mean 0.2482 0.1928 0.4664 0.1753 0.2657 

rate constant (1/h) (SD) (0.0377) (0.0507) (0.4735) (0.1265) (0.2552) 

Median 0.2490 0.1725 0.2050 0.1350 0.2040 

Min, 0.190, 0.138, 0.107, 0.066, 0.066, 

Max 0.319 0.301 1.380 0.514 1.380 

n 10 10 9 10 39 

Apparent clearance Mean 75.12 78.96 49.03 83.41 72.21 

(L/h) (SD) (27.23) (20.87) (22.55) (112.16) (59.49) 

Median 69.20 77.00 39.50 45 .00 62.10 

Min, 38.5, 122.0 44.0, 111 .0 20.2, 23 .7, 398.0 20.2, 398.0 

Max 83 .2 

n 10 10 9 10 39 

Apparent central Mean 189.8 120.1 170.8 241.3 180.7 

volume of (SD) (120.3) (105 .5) (108.2) (281.7) (171.2) 

distribution (L) 
Median 132.0 88.4 126.0 107.9 125.0 

Min, Max 82, 492 27, 369 57, 345 1, 816 1, 816 

n 10 10 9 10 39 

Apparent Mean 9.923 11.619 130.903 16.329 39.919 

intercompartmental (SD) (4.484) (3 .211) (359.711) (15.522) (172.798) 

clearance (L/h) 
Median 8.875 11.050 8.930 13.500 10.700 
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Min, 5.13, 8.32, 4.42, 4.79, 4.42, 

Max 19.60 18.60 1090.00 58.00 1090.00 

n 10 10 9 10 39 

Apparent peripheral Mean 559.3 797.1 804.7 1358.0 881.7 

volume of (SD) (256.4) (344.2) (668.1) (1675 .9) (945 .1) 

distribution (L) 
Median 498.5 650.5 617.0 707.5 602.0 

Min, Max 245, 1020 488, 1360 248, 2430 294, 5740 245, 5740 

n 10 10 9 10 39 

Max maximum; Min minimum; n number of subjects; SD standard deviation 
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Table S2 mean OZ439 exposures, stratified by dose and study 

Dose Phase Cmax (ng/mL) t½ (h) AUCo-inf (h x ng/mL) 

200 mg fed CHMP 448 (33) 51 (84) 3286 (21) 

Phase 2b 339 (90) 46.3 (54) 3180 (37) 

800 mg fed First-in-human° 2220(52.6) 31.7(30.1) 23900( 49 .0) 

Phase 2b 1710(38) 58(34) 19700(50) 

AUCo-inf area under the concentration-time curve from the time of drug administration (time zero) extrapolated to 
infinity; CHM! controlled human malaria infection; Cmax maximum observed drug concentration; f½ half-life 
a Geometric mean (coefficient ofvariation) from: McCarthy JS, Baker M, O'Rourke P, Marquart L, Griffin P, Hooft 

van Huijsduijnen R, et al. Efficacy of OZ439 (artefenomel) against early Plasmodium falciparum blood-stage 
malaria infection in healthy volunteers . J Antimicrob Chemother. 2016; 71:2620-7. 

b Geometric mean ( coefficient of variation) from: Moehrle JJ, Duparc S, Siethoff C, van Giersbergen PL, Craft JC, 
Arbe-Bames S, et al. First-in-man safety and pharmacokinetics of synthetic ozonide OZ439 demonstrates an 
improved exposure profile relative to other peroxide antimalarials . Br J Clin Pharmacol. 2013 ;75:524-37. 
Geometric mean (coefficient ofvariation) from: Phyo AP, Jittamala P, Nosten FH, Pukrittayakamee S, Imwong M, 
White NJ, et al. Antimalarial activity of artefenomel (OZ439), a novel synthetic antimalarial endoperoxide, in 
patients with Plasmodium falciparum and Plasmodium vivax malaria: an open-label Phase 2 trial. Lancet Infect 
Dis. 2016;16:61-9. 
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ABSTRACT 

Background: Optimization of the design and analysis of induced blood-stage controlled 

human malaria infection (CHMI) studies is important for the selection of doses that are 

informative of the dose-response relationship for parasitemia. Induced blood-stage CHMI 

studies traditionally have a single ascending dose design for 3 cohorts. A retrospective 

analysis ofa novel adaptive design (3 dose levels ofOZ439 with limited number ofsubjects 

at each level were included in the initial cohort of an induced blood-stage malaria (IBSM) 

study) was performed with the goal of establishing a useful 

pharmacokinetic/pharmacodynamic (PK/PD) model after initial cohort, and used 

simulations to guide dose selection for subsequent studies. 

Methods and Results: In this proof-of-concept work, a PK/PD model was developed from 

initial-cohort data (n=2 on 100mg, 2 on 200mg, and 4 on 500mg). A 3-compartment model 

described OZ439 pharmacokinetics. Net growth of parasites was modeled using a 

Gompertz function and drug-induced parasite death using a Hill function. Simulations 

using this model reasonably described the parasitemia of the remaining patients in the 

IBSM study and a Phase 2 trial. 

Conclusions: The novel design allows for the establishment ofa useful PK/PD relationship 

in the initial cohort, providing a basis for rational dose selection for subsequent studies. 

Keywords: population pharmacokinetics, pharmacodynamics, controlled human malaria 

infection (CHMI), nonlinear mixed effects modeling, malaria, induced blood-stage malaria 
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Background 

Controlled human malaria infection (CHMI) studies allow the pharmacologic properties of 

drugs to be studied in a controlled environment in otherwise healthy volunteers. The 

induced blood-stage malaria (IBSM) subset of CHMI studies follows a protocol in which 

healthy volunteers are intravenously inoculated with a known amount ofPlasmodium (P.) 

parasite and their drug concentrations and parasitemia are measured from inoculation 

through the treatment period [ 1]. These studies are conducted prior to Phase 2 dose

response (D-R) trials and can be initiated as an integrated part of a first-in-human study 

protocol, or after completion of first-in-human studies. Induced blood-stage malaria CHMI 

studies are comprised of either multiple (e.g. , 3) cohorts with a single ascending dose 

(SAD) design [2-5], or a single-cohort-single-dose design [6,7]. 

For the multiple-cohort SAD design of the CHMI study, a low dose is typically used in 

the initial cohort with 8-10 subjects for safety reasons and also to ensure the range of 

pharmacodynamic (PD) response is explored. In reality, safety and pharmacokinetic 

information are available after a Phase 1 SAD study in healthy subjects. Using one low 

dose in all subjects ofthe initial cohort runs into the risks ofobserving no efficacy or having 

a limited dynamic range of exposure-response relationship. As such, findings become 

uninformative for decisions on dose selection of subsequent CHMI cohorts. 

Alternatively, one can spread a range of doses to smaller number of subjects within the 

initial cohort, and use PK/PD models developed based on data from this cohort to support 

dose selections of subsequent cohorts and studies. The present work investigated an 

adaptive CHMI study design in an effort to reduce the number of patients exposed to 

inefficacious doses and to establish a D-R relationship earlier in a CHMI study. This 
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adaptive study design, referred to as the "2-2-4" design, is contrasted with the traditional 

CHMI study design in Fig. 1 

The objectives of this retrospective analysis were to : 1) compare 

pharmacokinetic/pharmacodynamic (PK/PD) parameter estimates from the initial cohort 

of the 2-2-4 study design with the prior results from the data of the full CHMI study, 2) 

simulate parasitemia for a range of doses using the PK/PD model developed from the 

initial cohort and compare these simulations to observed data from a Phase 2 trial, and 3) 

propose a preliminary workflow to establish D-R early in a CHMI study and use modeling 

and simulation (M&S) to support dose selections for subsequent CHMI cohorts and clinical 

trials . 

Methods 

Hypothetical 2-2-4 cohort creation 

The CHMI study that served as a basis for this work was conducted using the IBSM model 

with P. falciparum to investigate the efficacy of a drug, OZ439, in 3 sequential ascending 

dose cohorts. Eight patients in each cohort received a single dose administration of 100, 

200, or 500 mg of OZ439, 168 hours after inoculation with P.falciparum. The results of 

this study are published elsewhere [2]. The 100-mg dose cohort did not result in an 

observable drug effect, and parasitemia continued to rise in all patients, therefore all 

patients required rescue medication after 48 hours . The second dose level exhibited some 

pharmacologic effect, and the 500-mg dose level exhibited the greatest effect. 

Data from 8 of the 24 patients in the CHMI study trial were randomly selected to build 

a cohort consisting of 2 patients from the 100-mg dose group, 2 patients from the 200-mg 

dose group, and 4 patients from the 500-mg dose group. Because a typical CHMI study has 
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8 patients per cohort, and the increased drug efficacy with increasing doses was known, 

the 2-2-4 design was selected for this proof-of-concept work. In order to obviate any sex

related biases, half of the patients were male and half were female, at each dose level. No 

outlier samples or patients were excluded from the analyses. 

Software 

All exploratory data analyses and presentations of data were performed using SAS® 

Version 9.4 and KIWI™ Version 2.0 [11 ,12]. Population modeling and stochastic 

simulations were performed using the computer program NONMEM, Version 7.3.0 [13]. 

NONMEM analyses were performed on an Intel cluster with the Linux operating system. 

The first-order conditional estimation method with interaction was used to approximate the 

maximum likelihood estimation of the nonlinear mixed effects models used to characterize 

the pharmacokinetic (PK) and PD data. 

Model evaluation and diagnostics 

Prior to model development, an exploratory data analysis was performed. Summary 

statistics of patient characteristics were calculated (Additional file 1: Table S 1 ). Mean 

parameter estimates and their standard errors, the minimum value of the objective function 

(for hierarchical models), magnitude of residual variability (RV) and magnitude of 

interindividual variability (IIV) were compared between models. A series of goodness-of

fit (GOF) diagnostic plots, as well as an overlay plot of individual observed data with 

population predictions and individual predictions, were generated and evaluated for each 

model. 

Pharmacokinetic model development 

In accordance with the Ml method, 3 samples that were below the lower limit of 

quantification (LLOQ; 0 .1 ng/mL) were removed prior to analysis [ 14]. The data from the 
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2-2-4 cohort were used to develop a PK model; 2- and 3-compartment models were tested 

with allometric functions of body weight on clearance and volume parameters. 

Interindividual variability on all PK parameters was evaluated by testing various 

combinations of random effect terms on different parameters. The PK and PD were 

modeled sequentially whereby each patient's empirical Bayesian estimates of PK 

parameters were used to fit the PD data [15]. 

Pharmacodynamic model development 

Of the 132 parasite samples included in the dataset, 20 samples were below the LLOQ (10 

parasites/mL); these were set to half the LLOQ and were retained in the dataset in 

accordance with the M5 method [14]. During model development, the Ml , M3 , and the 

M5 methods were tested; the M5 method yielded the best model fit. Parasite growth and 

net parasite growth were evaluated with linear, logistic, and Gompertz-type functions . 

Drug effect was evaluated with a maximum pharmacologic effect model, as well as with a 

maximum pharmacologic effect model with an indirect response component. 

Model comparison 2-2-4 versus full study 

Using the final PK/PD model developed from the 2-2-4 cohort, the data from the full CHMI 

study was fit and the PD model parameters were re-estimated. Additionally, a prediction

corrected visual predictive check (pc VPC) of the final PK/PD model generated from the 2-

2-4 cohort was plotted with the observed data from the full study. 

Simulations using 2-2-4 PK/PD model 

Using the final PK/PD model developed from the 2-2-4 cohort, a prospective simulation 

study was conducted with 500 replicates of a CHMI study with 10 single dose cohorts (i.e. 

100, 200, 400, 500, 600, 800, 1000, 1200, 1400, and 1600 mg), with 8 patients per cohort. 

All PK and PD parameters, along with the random error parameters included in the model, 
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were fixed to their final parameter estimates from the final 2-2-4 PK/PD model. Weight 

values were simulated based on the mean and standard deviation (SD) in the full CHMI 

study in NONMEM, ofwhich each patient received a random draw for body weight which 

was used in the allometric function for the clearance calculation. A unique baseline parasite 

count ( defined as the parasite count prior to dosing) was assigned to each patient ID by 

randomly selecting from a distribution of baseline parasite counts from 2 Phase 2 trials 

where patients presented with endemic malaria infection [8,10]. This distribution was 

found to be log-normal with a mean (SD) log baseline parasite count of 16.5 (0.566). 

Empiric Bayesian estimates ofclearance and peripheral volume from the 2-2-4 cohort were 

randomly assigned as pairs. Random draws from the PD variances were conducted at the 

level of each individual within every replicate simulation to produce unique PD profiles. 

The simulated data were censored where if a patient's individual predicted parasite count 

was :S0.003 parasites/mL, the patient was considered to be "cured;" if patients were not 

cured, they were considered to have "recrudesced" and the treatment was declared a failure . 

For the 4 dose levels included in the Phase 2 trial, the observed data were plotted with the 

simulated data for comparison. 

Results 

Pharmacokinetic model 

OZ439 concentration versus time plots showed multiple log-linear phases in the decline in 

concentrations (Additional file 1: Fig. S 1 ). A plot of the dose-normalized observed 

concentration data versus time demonstrated a lack ofdose proportionality (Additional file 

1: Fig. S2). The final PK model included 3 distribution compartments with first-order 

elimination from the central compartment. Absorption was modeled as a duration of zero-
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order input into the gut compartment and first-order absorption into the central 

compartment. Relative bioavailability was estimated as a proportional shift for doses 

greater than or equal to 200 mg with the 100-mg dose group as the reference. The final PK 

model included an allometric function of weight on clearance with a fixed exponent of 

0.75. Interindividual variability was estimated on clearance and volume of the second 

peripheral compartment. All fixed effect parameter estimates were reasonable and 

estimated with good precision (Table 1). No trends or patterns were observed in the GOF 

diagnostic plots (Additional file 1: Fig. S3), and the population and individual model 

predictions overlaid with the observed data demonstrated good agreement (Additional file 

1: Fig. S4). 

Pharmacodynamic model 

Spaghetti plots of parasite count versus time by dose group showed great variation in 

parasite count (Fig. 2). Parasite counts and drug concentrations versus time were overlaid 

in order to approximate the initial estimate for concentration at which 50% of maximum 

rate of parasite death occurs (ECso), and values between 5 - 20 ng/mL were tested 

(Additional file 1: Fig. S5a and Fig. S5b ). 

The final PK/PD model using initial cohort data and its equations are shown in Fig. 3. 

The final PD model had net growth expressed as a Gompertz-type function and drug effect 

characterized with a Hill function for pharmacologic effect. To allow flexibility in the 

model, a Hill coefficient (gamma) was used which represents the steepness parameter for 

the concentration-response relationship; however, this parameter was not estimable with 

the data from the 2-2-4 cohort. During model development, gamma values between 1 and 

4 were tested; the value of 1 ultimately provided the best model fit. Residual variability 

was best described by a log-error model. Given the many-fold range of the parasite count 
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data, the selection of a log error model was anticipated. The final model had reasonable 

parameter estimates with acceptable precision on fixed effect terms (Table 2). 

Overall, the model showed a good fit between the observed data and the individual 

model predictions; plots of individual weighted residuals versus individual predictions did 

not show any biases and plots of the conditional weighted residuals versus time showed 

stationarity (Additional file 1: Fig. S6). There was large IIV on baseline parasite count, 

which was expected due to the small number of patients as well as the physiological 

differences between patients which may cause parasites to grow at varying rates [16]. Plots 

of the observed data versus individual and population predictions for each patient 

demonstrated the model ' s ability to capture recrudescence accurately (Additional file 1: 

Fig. S7). 

Given that the goal of the initial cohort is to define a D-R relationship for planning 

future cohorts, model evaluation included a comparison of the fit of the model developed 

from the 2-2-4 cohort to the full study data as well as pcVPCs. A pcVPC of the model 

developed from the CHMI study overlaid with the observed data from the full study shows 

most of the observed data falls within the 80% confidence interval of the 2-2-4 cohort 

model predictions (Additional file 1: Fig. S8). Table 3 shows a comparison ofthe parameter 

estimates generated from fitting the model to the full study data versus the estimates from 

the 2-2-4 cohort; confidence intervals about the parameters as well as relative standard 

errors are found in Additional file 1: Tables S2-S4. Of note, the standard errors of the PD 

parameters from the model developed from the 2-2-4 exercise were not unreasonable, but 

it is anticipated that as more cohorts complete, these standard errors will become smaller, 

yielding even more confidence in the PD model parameters. When the 2-2-4 model was fit 

to the full study data, the values for first-order net growth of parasite (Kg) and maximum 
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drug effect (Emax) were very similar (Table 3). The ECso value obtained from the 2-2-4 

cohort (8.22 ng/mL) was lower than that obtained from the full dataset (21.2 ng/mL), 

however, the estimate from the full dataset is only slightly higher than the upper bound of 

the 95% confidence interval from the 2-2-4 cohort. Given the total range of concentrations 

from the study, these values are relatively close. Ofnote, the percent relative standard error 

(¾RSE) of the EC so value increased by 20% when the model was estimated with the data 

from the full CHMI dataset. 

Simulations 

The PK/PD model developed from the 2-2-4 cohort was combined with observed baseline 

parasite counts for Phase 2a trials and used to simulate parasite counts following doses of 

200 mg, 400 mg, 800 mg, and 1200 mg (Supplementary File S1). As shown in Fig. 4, the 

simulations were able to reasonably characterize the observed profiles of the Phase 2 data. 

Discussion 

Adaptive approaches for clinical trials--whereby particular design details ofthe trial change 

as the study progresses--have been discussed extensively in the literature [8,9]; and 

regulatory officials have also recognized their value and efficiency [ 1 O]. We propose a new 

CHMI study design with an initial cohort made up of 3 dose levels, paired with M&S to 

guide subsequent cohorts in contrast with the traditional single ascending dose design with 

only 1 dose level per cohort. The 2-2-4 design allowed for the characterization of a D-R 

relationship after administering drug to only 8 patients in 1 cohort. The inclusion of3 doses 

in the first cohort allows for early estimation of the key PD parameters ( e.g. Emax and EC so) 

using data with a wider dynamic range, which would typically be impossible from one dose 

cohort in a typical CHMI study. 
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The model generated from the initial cohort resulted in the identification of 500 mg as 

the dose level at which maximum drug effect occurred amongst the 3 doses. If the doses to 

be used for the second cohort were to be selected based on these M&S results from the 2-

2-4 cohort, doses closer to 500 mg could be chosen, thereby decreasing the number of 

patients exposed to non-informative dose levels. The 2-2-4 design was arbitrary in this 

exercise as compared to a 3-3-3 design, and rules for the selection ofdoses and the number 

of patients per dose level should be discussed and ideally pre-specified in the protocol. 

Resultant of this proof-of-concept work is an alternative adaptive study design (Figure 1), 

whereby depending on the pre-specified criteria of a study, it is possible that, if the D-R 

relationship is sufficiently elucidated after the first or second cohort, the study could be 

stopped early. However, if the data is highly variable or if the D-R relationship is not clearly 

defined, continuing the 2-2-4 design for the second and third cohorts (with 3 dose levels in 

each cohort) would provide a greater number of doses overall to better inform the final 

model developed from the CHMI study. This retrospective analysis only assessed the 

model from the first cohort, but in prospective studies and future confirmatory analyses, 

subsequent cohorts could use a range of doses until the D-R relationship is adequately 

described. 

Logistically speaking, the design ofan adaptive trial presents inherent difficulties, such 

as the need for a flexible protocol, the assignment of doses, and a flexible dosage form 

which can allow a broad range of doses to be administered. Clinicians, pharmacists, and 

staff may also require additional training to become familiar with the adaptive protocols 

and establishing standard operating procedures for dosing regimens and dose 

administration. In this work, the first-in-human data was not available to inform the 

population PK model early on. However, if first-in-human SAD data and preclinical data 

137 



is available, a population PK or a physiologically-based pharmacokinetic model could be 

developed to inform the first cohort. Additionally, in this analysis, the true distributions of 

patient weights from the CHMI study as well as the true observed baseline parasite counts 

from the Phase 2 study were used to simulate values which were included in the analysis. 

For future analyses and for the workflow outlined in Figure 1, it is recommended that a 

database of baseline parasite counts and other covariates ( e.g. parasite species, 

geographical location, weight, sex) is created which could be used for future M&S work. 

The authors plan to create this and make it publicly available for malaria researchers. 

The simulations demonstrated the ability of the model developed from the 2-2-4 cohort 

to recapitulate the profiles of observed data from a Phase 2 study. The Phase 2 study only 

lasted 72 hours before rescue medication was given, and Additional file 1: Fig. S9 shows 

the simulation extended to 18 days post first dose. If a CHMI study uses the 2-2-4 adaptive 

design and integrated M&S, it is possible that a useful D-R relationship, similar to the one 

which would be obtained from a Phase 2 trial, could be achieved. This work used an 

empirical PD model to represent parasitemia data. However, future work could investigate 

more mechanistic models. Ideally, a mechanistic function which governs the prediction of 

recrudescence could improve the predictions. The most informative PK/PD model would 

have systemic PD parameters which would stay constant across models of drug products. 

The 3 dose levels used in this analysis were the dose levels used in the CHMI study 

already conducted; in practice, these initial 3 doses would be chosen from preclinical D-R 

data and knowledge on safety and PK in healthy volunteers from Phase 1 SAD study. The 

number of patients per cohort was constructed as 2-2-4 with a greater number of patients 

assigned to the highest dose level, to allow for the highest dose to have the greatest 

information contributing to the dataset. The scope of this proof-of-concept work was not 
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to power each dose level within the cohorts, but to investigate if a multiple dose cohort 

could be useful to build a D-R relationship. Future work could include a formal statistical 

analysis for powering each dose level. The first-in-human study found doses up to 1200-

mg to be safe which allowed for a broad range of possible doses to be considered in the 2-

2-4 cohort [ 17]. As a proof of concept, we have gone through this exercise with 1 random 

draw of the 2-2-4 cohort and demonstrated the PK/PD model outcomes and selection of 

doses for the next cohort. However, this single sampling selection ofpatients is a limitation 

which needs to be addressed in subsequent work. Next steps for an evaluation of this study 

design could include Markov Chain Monte Carlo simulations of the pilot cohort design 

using an accepted model for a specific drug. Recrudescence rates at various dose levels 

would be pre-specified and these simulations would be fit with NONMEM. Criteria to 

select target doses for the subsequent simulated CHMI cohorts would be used and the 

results of the subsequent cohorts would be simulated; error rates for the conclusions of the 

simulations based on the specified parameters would then be calculated to evaluate the 

efficiency and accuracy ofresults produced from the workflow. The results of this analysis 

need to be confirmed with additional M&S exercises before recommending a defined 

workflow, however, this work provides a preliminary workflow which can be explored for 

generalization with the end goal ofusing adaptive trial designs in CHMI studies to expedite 

antimalarial drug development. 

Conclusions 

This work represents the first retrospective analysis of CHMI study data with the objective 

to optimize future study design for the development of antimalarial drugs . These analyses 

support the ongoing efforts to implement PK/PD M&S as part of antimalarial drug 
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development to enable model-driven decision-making. The 2-2-4 adaptive design ofCHMI 

study has the potential to improve dose selection process through the use of initial cohort 

data to establish a useful D-R relationship. Further exploration of these alternative adaptive 

study designs is warranted to make more efficient use of the CHMI studies by reducing the 

number of patients exposed to inefficacious doses and increasing the confidence in a D-R 

relationship created from CHMI study data which can then be leveraged for confirmation 

in Phase 2 D-R trials. 
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Figures and Tables 
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Fig. 1 Comparison of traditional CHMI design with adaptive design. A/B/C, dose levels to be selected 

during the progress of the study based on phannacokinetic/pharmacodynamic results of the initial cohort 

CHM/ controlled human malaria infection; n number of patients at each dose; D-R, dose-response 
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Fig. 2 Spaghetti plots of parasite profiles for OZ439 for 2-2-4 cohort 
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7 + C 7EC50 

P: parasrte concentration 
C: OZ439 concentration (ng/ml ) 
K,, : fi rst-order rate constant for growth of parasite (1/h) 
-y Hill coefficient 
EC50 : concentration at which 50% of maximum rate of parasite death occurs (ng/ml) 
a: asymptote for maximum parasite growth, fixed to 1,000,000 
'I': deceleration value, fixed to 0.1 
E,..,: maximum parasite death rate from drug 

A1 -A4: PK com partments 
P: parasite compartment 

NETG~[; (1<rJ 
NETD = ( EmaxC' J 

EC5/ + C 7 

dP =P x(NETG- NETD ) 
dt 

Fig. 3 OZ439 phannacokinetic/pharmacodynamic structural model of2-2-4 data 

NETD parasite death rate due to drug effect; NETG net parasite growth rate; PK pharmacokinetic 

145 



Treatment= 200 mg Treatment= 400 mg 
~ ~ 
E lOE+ 09 E 1.0E+ 09 

U) U) 
,g!_ 1.0E+ 08 ,g!_ 1.0E+ 08 
(/) (/) 

Cll Cllcil lOE+ 07 ~ -,.____ cii 1.0E+ 07 
g g 
~ 1.0E+ 06 ~ 1.0E+ 06 
C C 
::::, ::::,

8 lOE+ 05 8 1.0E+ 05 

2 1.0E+ 04 2 1.0E+ 04 
(/) "iii 
Cll Cll 
cii lOE+ 03 '-,--------~~~~~~~~~~~~ cil 1.0E+ 03 ½----~~~~~~~~~~~~ 

o_ 0 o_ 
8 16 24 32 40 48 56 64 72 0 8 16 24 32 40 48 56 64 72 

Nominal Time Since First Dose (h) Nominal Time Since First Dose (h) 

Treatment= 800 mg Treatment= 1200 mg 
~ ~ 
E 1.0E+ 09 E 1.0E+ 09 

U) U) 
,g!_ lOE+ 08 ~ 2 1.0E+ 08 
(/) "iii 
Cll Cll
cii lOE+ 07 cii 1.0E+ 07 
g g 

1.0E+ 06 1.0E+ 06 
C C 
::::, ::::,

8 lOE+ 05 8 1.0E+ 05 

2 lOE+ 04 2 1.0E+ 04
"iii "iii 
~ 1.0E+ 03 '-,---,___________..,, ~ 1.0E+ 03 '-,-___________..,, 
Cll Cll 

o_ o_ 
0 8 16 24 32 40 48 56 64 72 0 8 16 24 32 40 48 56 64 72 

Nominal Time Since First Dose (h) Nominal Time Since First Dose (h) 

--- Mean of Sim . Medians 95% Cl of the Mean of the Sim. Medians 

--- Individual Observed Phase 2 

Fig. 4 Simulated parasitemia profiles from the 2-2-4 cohort model overlaid with observed phase 2 data 

CJ confidence interval; Sim simulated 

146 



Table 1 Parameter estimates and standard errors for OZ439 final pharmacokinetic model for 2-2-4 
cohort 

Final Parameter lnterindividual Variability / 

Estimate Residual Variability 

Parameter Typical Value o/oRSE Magnitude o/oRSE 

Ka: absorption rate (1/h) 0.271 10.6 NE NA 

CL: clearance (L/h) 86.9 11.6 22.9 %CV 54.1 

CL: exponent of weight on CL 0.750 FIXED 

V2: volume of central compartment (L) 72.8 22.2 NE NA 

Q3: intercompartmental clearance 12.8 13.4 NE NA 

(central and 1st peripheral) (L/h) 

V3: volume of 1st peripheral 2530 27.2 NE NA 

compartment (L) 

Q4: intercompartmental clearance 27.6 19.7 NE NA 

(central and 2nd peripheral) (L/h) 

V4: volume of 2nd peripheral 280 18.5 52.0 %CV 67.2 

compartment (L) 

D1: duration of zero-order input (h) 3.00 10.0 NE NA 

Fl: proportional shift in relative 0.694 27.1 NE NA 

bioavailability for 200 and 500 mg 

RV: residual variability 0.0747 14.7 27.3 %CV NA 

Minimum value of the objective function= 697 .631 

%CV coefficient of variation expressed as a percent; NA not applicable; NE not estimated; %RSE relative standard 
error expressed as a percent 
The eta shrinkage was <3% for CL and V4. 
The condition number (ratio of the largest to smallest eigenvalue) was 54.9. 
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Table 2 Parameter estimates and standard errors for final OZ439 pharmacodynamic model for 2-2-4 
cohort 

Final Parameter lnterindividual Variability / 

Estimate Residual Variability 

Parameter Typical Value o/oRSE Magnitude o/oRSE 

Kg: first-order growth rate of parasite 0.00990a 25 .7 NE NA 

(1/h) 

ECso : concentration of OZ439 at 50% of 8.22 60.6 40.2 %CV 479 

maximum parasite death (ng/rnL) 

Gamma: steepness parameter for 1.00 FIXED NE NA 

concentration response (unitless) 

Emax : maximum parasite death rate from 0.183· 40.8 16.7 %CV 354 

drug (1/h) 

Parasite count at baseline NA NA 163 %CV 474 

Pharmacokinetic residual variability 0.0747 FIXED 27.3 %CV NA 

Pharmacodynamic residual variability 0.353 24.9 0.594 SD NA 

SD (log unit) 

Minimum value of the objective function= 668.3 

%CV coefficient ofvariation expressed as a percent; NA not applicable; NE not estimated; %RSE relative standard 
error expressed as a percent; SD standard deviation 
•The following parameter estimates were found to be highly correlated (r22'.0.810). 
The eta shrinkage was <36% for Kg, ECSO, and Emax. 
The condition number (ratio of the largest to smallest eigenvalue) was 179.7. 
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Table 3 Pharmacodynamic model estimate comparison 

Parameter Estimates 

Kg: first-order growth rate of parasite (1/h) 

ECso: concentration of OZ439 at 50% of maximum parasite death 

(ng/mL) 

Gamma: steepness parameter for dose response (unitless) 

Einax: maximum parasite death rate from drug ( 1/h) 

IIV on baseline parasite count 

IIV on ECso 

IIV on Emax 

Pharmacodynamic residual variability SD (log unit) 

IIV interindividual variability; SD standard deviation 

Full Study 

0.0092 

21 .2 

1 

0 .163 

3.29 

5.35 

0.0626 

0.271 

2-2-4 Cohort 

0.0099 

8.22 

1 

0.183 

2.65 

0.161 

0.0278 

0.353 
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Supplemental 

The pharmacodynamic model used follows a general growth law assuming a Gompertz 

form which imparts a degree of deceleration of growth as the population gets denser. The 

Gompertz form has a deceleration value which was fixed to O.1. This model has a 

parameter, a , which is the maximum parasite count achievable in the human host; as the 

parasite counts increase towards a , saturation is reached. This asymptote for maximum 

parasite growth was set to 1x106 parasites/mL, which is reasonable given that the maximum 

parasite count observed in the CHMI study was lx105 parasites/mL. 
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Table S1 Demographic information (2-2-4 cohort) 

Patient 
Characteristic Statistic 100mg 200 mg 500 mg Overall 

Age (y) Mean (SD) 25.0 (2.8) 25 .0 (2.8) 26.3 (1.5) 25 .6 (1.9) 

Median 25.0 25 .0 26.0 26.0 

Min, Max 23, 27 23, 27 25, 28 23, 28 

n 2 2 4 8 

Baseline body Mean 67.40 (16.83) 63 .90 73 .83 (13.55) 69.74(12.17) 
weight (kg) (SD) (7.50) 

Median 67.40 63 .90 72.50 68.10 

Min, Max 55.5, 79.3 58.6, 69.2 59.6, 90.7 55 .5, 90.7 

n 2 2 4 8 

Baseline height Mean (SD) 173.5 (16.3) 174.0 (1.4) 177.8 (11.2) 175.8 (9.8) 
(cm) Median 173.5 174.0 177.0 175.0 

Min, Max 162, 185 173, 175 165, 192 162, 192 

n 2 2 4 8 

Sex, n (%) Male 1 (50.0) 1 (50.0) 2 (50.0) 4 (50.0) 

Female 1 (50.0) 1 (50.0) 2 (50.0) 4 (50.0) 

Max maximum; Min minimum; n number ofpatients; SD standard deviation 
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Table S2 Confidence intervals of estimated pharmacodynamic parameters from 2-2-4 model 

Symmetric 95% Confidence Intervals 

Parameter 

Kg: first-order growth rate of parasite (1/h) 

ECso: concentration of OZ439 at 50% of maximum parasite death 
(ng/mL) 

Emax: maximum parasite death rate from drug (1/h) 

Parasite count at baseline 

IIV on ECso 

IIV on Emax 

Pharmacodynamic residual variability SD (log unit) 

IIV interindividual variability; SD standard deviation 

95% Confidence Interval 

Lower Bound Upper Bound 

0.00491 0.0149 

-1.54 18.0 

0.0368 0.330 

-22.0 27.3 

-1.35 1.68 

-0.165 0.221 

0.181 0.526 
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Table S3 Parameter estimates and standard errors from the 2-2-4 model fit to the full study data 

Final Parameter 
Estimate 

lnterindividual Variability / 
Residual Variability 

Parameter Typical Value o/oRSE Magnitude o/oRSE 

Kg: first-order growth rate of parasite 
(1/h) 

0.00920 7.34 NE NA 

ECso: concentration of OZ439 at 50% of 
maximum parasite death (ng/rnL) 

21.2 81 .2 231 %CV 91.0 

Gamma: steepness parameter for 
concentration response (unitless) 

1.00 FIXED NE NA 

Emax : maximum parasite death rate from 
drug (1/h) 

0.163 11.9 25 .0 %CV 134 

Parasite count at baseline NA NA 181 %CV 65 .0 

Pharmacokinetic residual variability 0.0747 FIXED 27.3 %CV NA 

Pharmacodynamic residual variability 
SD (log unit) 

0.271 9.60 0.520 SD NA 

Minimum value of the objective function= 2026.985 

%CV coefficient ofvariation expressed as a percent; NA not applicable; NE not estimated; %RSE relative standard 
error expressed as a percent; SD standard deviation 
The eta shrinkage was <36% for Kg, EC50, and Emax. 
The condition number (ratio of the largest to smallest eigenvalue) was 33 .8. 
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Table S4 Confidence intervals of estimated pharmacodynamic parameters from 2-2-4 model fit to all 
study data 

Symmetric 95% Confidence Intervals 

95% Confidence Interval 

Parameter Lower Bound Upper Bound 

Kg: first-order growth rate of parasite (1/h) 0.00787 0.0105 

ECso: concentration of OZ439 at 50% of maximum parasite death -12.6 55 .0 
(ng/mL) 

Emax : maximum parasite death rate from drug (1/h) 0.125 0.201 

Parasite count at baseline -0.903 7.48 

IIV on ECso -4.20 14.9 

IIV on Emax -0.101 0.227 

Pharmacodynamic residual variability SD (log unit) 0.220 0.321 

IIV interindividual variability; SD standard deviation 
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File S1 

;--maxlim=2 
$PROBLEM sim-gomp-224-withblq-ph2para-0 1 

" 
;; Name: /doc/gates/malaria/002523b/d3ozsim/nm/sims/sim-gomp-224-withblq-ph2para-
01.ctl 
;; Thu Jun 7 11:25:20 EDT 2018 Kayla Andrews (kandrews) 
;; Written for use with NONMEM Version 7 

" 
;; DATA: Simulated population (based on 224 Model) 
,, Single dose 
,, PK Samples per patient: 23 
,, PD Samples per patient: 23 

" 
;; MODEL: PK MODEL for each individual from 224 (see . ./nm/base) 
,, PD MODEL for each individual from 224 (see . ./nm/pd-base) 

" 
" 

See PKPD ctl stream: gomp-224-final-blq-01
" 
" 
" 
;; PURPOSE: Simulate 500 clinical trials using PKPD model from 224 
,, Using the dose administered for each patient in ten 
,, hypothetical CHMI cohorts 
,, using log 1 0dv as dv ; add bl variable 

" 
;; final PD parameter estimates from run id 201186 

" 
$INPUT ID NTSFD TIME EVID MDV CMT RATE DV AMT ORIGID ECL EV4 
DOSEPCBLPCLB3BLPCNT 

$DAT A ../. ./data/shellph2.csv 
IGNORE=@ 

$THETA 
0.271 FIX ;--thl-Ka: Absorption Rate (1/h) 
86.9 FIX ;--th2-CL: Clearance (L/h) 
72 .8 FIX ;--th3-V2: Volume of Distribution (L) 
12.8 FIX ;--th4-Q3 : Inter-compartmental Clearance (C and peril) (L/h) 
2530 FIX ;--th5-V3 : Peripheral I Volume of Distribution (L) 
27.6 FIX ;--th6-Q4: Inter-compartmental Clearance (C and peri2) (L/h) 
280 FIX ;--th7-V4: Peripheral 2 Volume of Distribution (L) 
3 FIX ;--th8-Dl: Duration of Zero-order Input (h) 
0.694 FIX ;--th9-Fl : Prop. Shift in Relative Bio for 200 mg 
0.75 FIX ;--thl0-CL: Exponent ofWTKG on CL 
0.00990 FIX ;--thl 1-Kg: First-order Growth Rate of Parasite (1/h) 
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0 FIX ;--th12-Kd: General Death Rate of Parasite - not in this model 
8.22 FIX ;--th13-EC50: Cone. of OZ439 at which 50% of Max. 

Parasite Killing (ng/mL) 
1 FIX ;--th14-Gamma: Steepness Parameter for D-R (unitless) 
0.183 FIX ;--th15-EMAX: Maximum Parasite Death Rate From Drug (1 /h) 

$OMEGA ; IIV Variance 

2.65 FIX ;--etal-IIV on PCBL [exp] 
0.161 FIX ;--eta2-IIV on EC50 [exp] 
0.0278 FIX ;--eta3-IIV on EMAX [exp] 
1 FIX ;--eta4-IIV on WTKG [exp] 

$SIGMA ; Residual Variance 
0.0747 FIX ;--epsl-PK RV [ccv] 
0.353 FIX ;--eps2-PD RV SD (log unit) [add] 

$SUBROUTINES ADVAN13 TRANSl TOL=9 

$MODEL COMP=(DEPOT,DEFDOSE) 
COMP=(CENTRAL) 
COMP=(PERil) 
COMP=(PERI2) 
COMP=(P ARA,DEFOBS) 
COMP=(PKAUC) 
COMP=(PDAUC) 

$PK 

;set median values 
MWTKG=73 

; Km <- mean wtkg= 73 .13 
; Kv <- wtkg sd/\2 = 73.13/\2 = 138.1667 
; Kphi<-sqrt(v+m/\2) = 740.176 
; Kmu <-ln(m/\2/phi) = 4.279441 
; Ksigma<-sqrt(ln(phiA2/mA2)) = 0.159985 

; Kmu = 4.279441 
; Ksig = 0.159985 

IF (ICALL.EQ.4) THEN 
KMU = 4.279441 
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KSIG = 0.159985 
WTKG = EXP(KMU+KSIG*ETA( 4)) ; body weight at one std dev above mean 

;each patient gets a unique weight 
ENDIF 

TVCL=THETA(2)*(WTKG/MWTKG)* *THET A(l 0) 
CL=TVCL *EXP(ECL) 

; where theta(l0) = 0.75 

TVFl=l 
IF(DOSE.GT.150)TVF1 =1 +THETA(9) 
Fl=TVFl 

TVD1=THETA(8) 
Dl=TVDl 

TVKA=THETA(l) 
KA=TVKA 

TVV2=THETA(3) 
V2=TVV2 

TVQ3=THETA(4) 
Q3=TVQ3 

TVV3=THETA(5) 
V3=TVV3 

TVQ4=THETA(6) 
Q4=TVQ4 

TVV 4=THET A(7) 
V 4=TVV 4 *EXP(EV 4) 

TVKG=THETA(l 1) 
KG=TVKG 

TVKD=THETA(12) 
KD=TVKD 

TVEC50=THETA(13) 
EC50=TVEC50*EXP(ETA(2)) 

TVGAM=THETA(14) 
GAM=TVGAM 
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TVEMAX=THETA(15) 
EMAX =TVEMAX*EXP(ET A(3)) 

;dose=mg, conc=ng/mL 
S2=V2/1000 
S5=1 

;define micro constants 
KE=CLN2 
K23=Q3N2 
K32=Q3N3 
K24=Q4N2 
K42=Q4N4 

;initialize the PARA cmt 
A_0( 5)=(BLPCNT)*EXP(ET A(l)) 

REP=IREP 

$DES 

C2=A(2)/S2 
IF(C2.LT.10**(-1 *8))C2=10**(-1 *8) 
A5=A(5) 

DE=( (EMAX)*(C2 * *GAM) )/(EC50* *GAM+C2 * *GAM) 

DADT(l) = -KA*A(l) 
DADT(2) = KA*A(l)- (KE+K23+K24)*A(2) + K32*A(3) + K42*A(4) 
DADT(3) = K23* A(2) - K32* A(3) 
DADT(4) = K24*A(2)- K42*A(4) 

;d/dt(y) = net_growth 
;net_growth = a*y*(l-(y/theta)"'gam) 

PHI=0.1 
ZZ=KG/PHI 

ALPHA=l000000 ;asymptote for max parasite growth 

NETG=ZZ* A(5)*(1-(A(5)/ALPHA)**PHI); this is net growth 
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;drug induced death is= DE 
NETDE=DE* A(5) 
DADT(5)=NETG-NETDE 

$ERROR 
EPl =EPS(l) 
EP2=EPS(2) 

DFLG=0 
IF(AMT.GT.0)DFLG=l 
CFLG=0 
IF(F.LT.10**(-1 *8))CFLG=10**(-1 *8) 

;PK type=0 and PD type= 1 
TYPE=0 
IF(CMT.EQ.5)TYPE=l 

;PK RV - CCV & PD RV - LOG SD 
IF(TYPE.LT.0.5)THEN 
IPRED=F + DFLG ;PK 
W=IPRED 

ELSE 
IPRED=(F+DFLG+CFLG) ;PD 
W=l 

ENDIF 

IRES=DV-IPRED 
IWRES= IRES/W 
Y=(IPRED + W*EPS(l))*(l-TYPE)+ (LOG10(IPRED)+W*EPS(2))*(TYPE) 

$SIMULATION (122117) ONLYSIM SUBPROBLEMS=500 

$TABLE ID TIME EVID MDV CMT AMT DOSE PCBL PCLB3 EPl EP2 
ETAl ETA2 ETA3 CL KA V2 Q3 V3 Q4 V4 Dl Fl KG KD EC50 
EMAX GAM REP IPRED WTKG BLPCNT 

NOPRINT ONEHEADER FILE=sim-gomp-224-withblq-ph2para-01.tbl 
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ABSTRACT 

Background 

Induced blood-stage controlled human malaria infection studies assess drug activity 

through measurement of parasite counts using quantitative PCR (qPCR). For successful 

clearance of parasites from an individual, both the sexual and asexual parasites must be 

eliminated, therefore drug activity against each stage is of interest. 

Case Description 

The objective of this case study was to assess the activity of a single dose of 400-mg of 

DSM265 to clear asexual blood-stage parasites as well as gametocytemia. Additionally, 

the aim was to define the pharmacokinetic and pharmacodynamic (PK/PD) relationship of 

a single 400-mg dose ofDSM265 in Plasmodiumfalciparum parasite clearance. 

Discussion and Evaluation 

A population PK model was developed for a single dose administration of 400-mg of 

DSM265 using one 400-mg cohort each from a first-in-human and an induced blood-stage 

malaria infection (IBSM) study. The exposures from the population PK model were used 

to drive the PD modeling of the total parasite counts in the IBSM study. The PD model 

developed was unable to characterize the pattern ofschizogony ofPlasmodiumfalciparum 

parasites; additional parasite growth data could enable the development of a mechanistic 

parasite growth model. 

Conclusions 

Measurement of total parasite count and female gametocyte counts via qPCR enabled the 

discrimination of asexual and sexual parasites and therefore differentiating asexual blood

stage recrudescence versus appearance of female gametocytes. DSM265 does not exhibit 
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activity against gametocytes and will require a partner drug for treatment of Plasmodium 

falciparum malaria. 

Keywords: induced blood-stage malaria (IBSM), gametocyte, Plasmodium falciparum , 

population pharmacokinetics, pharmacodynamics 

Background 

The progress towards eradicating malaria has stalled and the growmg resistance to 

standards of care necessitate the efficient development of malaria therapeutics. Induced 

blood-stage controlled human malaria infection (CHMI) trials are a critical part of 

antimalarial drug development. These studies allow for the pharmacology of novel 

compounds to be investigated in otherwise healthy volunteers who are inoculated with 

blood-stage malaria. Data generated from induced blood-stage malaria (IBSM) CHMI 

studies enable early understanding of the concentration-response relationship between a 

drug and clearance of asexual and sexual blood-stage parasites 

In IBSM studies, parasitemia is measured using quantitative PCR (qPCR). Historically, 

IBSM CHMI studies use qPCR targets which measure total parasite (18s ribosomal DNA). 

However, protein expression unique to stages of the parasite ' s life cycle allow stage

specific drug efficacy to be evaluated. Drugs which target the sexual and asexual stages of 

the parasite 's life cycle are critical to achieve total clearance ofparasites from the body[6]. 

Gametocytocidal activity (the ability to clear gametocytes) for antimalarial compounds 

can be evaluated in vitro, preclinical studies, and was most recently evaluated in the IBSM 
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CHMI model using the biomarker of p/s25, a messenger RNA transcript expressed in 

female gametocytes[23]. 

The compound investigated m this work, DSM265, is currently in phase 2 

development. DSM265 is a low solubility, high permeability drug and is formulated as a 

spray dried dispersion to increase the drug's solubility. A phase lb first-in-human (FiH) 

study combined with a cohort of an IBSM study demonstrated DSM265 to have a low 

plasma clearance and a long half-life[12]. This study also indicated that a single dose of 

150-mg of DSM265 to cause a decline in parasitemia, but recrudescence occurred in all 

seven patients. This study predicted a single efficacious dose to be 340-mg, therefore 

leading to the 400-mg dose selected for a subsequent IBSM study, which is evaluated in 

this work[12]. 

DSM265 is a dihydroorotate dehydrogenase (DHODH) inhibitor of Plasmodium 

falciparum (P. falciparum); DHODH catalyzes a key step in nucleotide biosynthesis. 

Parasites require extensive and rapid replication of their DNA to sustain infection. Asexual 

blood-stage parasites undergo multiple rounds of DNA replication, whereas sexual blood

stage parasites mature through differentiation of five gametocyte stages, yielding a single 

male or female gametocyte over a 10 to 12-day period. Accordingly, DSM265 has shown 

activity against asexual blood and liver stage P. falciparum parasites, but has demonstrated 

no activity on early or late-stage gametocytes in vitro[20]. 

This case study examines the results of one cohort of an IBSM CHMI study which 

investigated the efficacy of a single dose administration of 400-mg of DSM265. 

Pharmacometric modeling techniques were employed in this analysis in order to define the 

pharmacokinetic and pharmacodynamic (PK/PD) relationship ofa single oral 400-mg dose 

of DSM265 in asexual blood-stages of P. falciparum healthy participants. Further, this 
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study assessed the ability of a second single oral 400-mg dose of DSM265 to clear 

gametocytemia, as determined by PCR-demonstrated clearance of female gametocyte

specific transcripts . 

Case Description 

Study Design 

This analysis includes partial data from two studies: a published FiH study and an 

unpublished IBSM CHMI study. The 400-mg dose cohort from the FiH study was used to 

help strengthen the parameter estimation in the pharmacokinetic model. The FiH study 

design and results were previously described[12]. The 400-mg cohort from the FiH study 

consisted of five healthy volunteers who were given a single oral dose of400-mg DSM265 

in the fasting state. Unlike the patients in the IBSM study, these patients were not 

inoculated with malaria. The patients in the FiH study were all male and had similar 

weights and ages as the male patients in the IBSM study. 

The IBSM study was a phase 1 b single center study conducted at Q-Pharm in Brisbane, 

Australia (study ID: NCT02573857). The study comprised of three cohorts: two which 

assessed drug activity against Plasmodium vivax and one which assessed activity against 

Plasmodium falciparum . The cohort which investigated DSM265 in Plasmodium 

falciparum was included in this analysis. In this cohort of the IBSM study, eight healthy 

volunteers were intravenously inoculated with a single dose of 2,800 viable blood-stage P. 

falciparum parasitized erythrocytes as described previously [8]. Patients were monitored 

on an outpatient basis until patency was observed. Patients were monitored twice daily by 

quantitative PCR ( qPCR) thereafter. After parasitemia reached a threshold for treatment 

after approximately seven days, patients were administered a single dose of 400-mg of 
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DSM265 . DSM265 was supplied as a powder for suspension as a single dose after fasting 

overnight for at least eight hours. The study designs and dosing regimens as well as the PK 

and PD sampling scheme and bioanalytical methods are outlined in Tables 1-3. Total 

parasite counts were measured using qPCR targeting the 18s ribosomal DNA as previously 

described[39]. Patients were monitored for the presence of gametocytemia. If 

gametocytemia was observed, patients received an extra 400-mg ofDSM265 after 22 days . 

Gametocytemia was measured using qPCR targeting the p/s25 messenger RNA transcript 

expressed in female gametocytes as previously described[23] . All patients were to receive 

standard treatment for induced infection at the end of the study, or earlier as directed by 

the Principal Investigator, this included the standard dosing regimen of artemether

lumefantrine followed by a treatment of primaquine to ensure clearance of gametocytes. 

The pooled dataset consisted of 13 subjects; summary statistics of demographic 

information are shown in Table 4. 

Software & Model Methodology 

All exploratory data analyses and presentations of data were performed using macros in 

SAS Version 9.413 and KIWI Version 1.6. Population modeling was performed using the 

computer program NONMEM, Version 7.3.0. NONMEM analyses were performed on an 

Intel cluster with the Linux operating system. The first-order conditional estimation 

method with interaction and the Laplacian method were used to approximate the maximum 

likelihood of the parameter estimates of the nonlinear mixed effects models used to 

characterize the PK and PD data, respectively. The PK and PD data were modeled 

sequentially. 
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Model Evaluation 

Model evaluation was conducted through comparisons of mean parameter estimates and 

their relative standard errors, the minimum value of the objective function (for nested 

models), magnitude of residual variability (RV), and magnitude of interindividual 

variability (IIV) between models. A series of goodness-of-fit (GOF) plots as well as an 

overlay of individual observed data with predicted individual and predicted population 

plots were also generated and evaluated for each model. 

Dataset Assembly 

No outliers were excluded from the PK or PK/PD analyses. DSM265 concentration was 

modeled with a lower limit of quantification (LLOQ) of 1 ng/mL for the IBSM study and 

10 ng/mL for the FiH study. At the start of the PK analysis, 197 samples were included; 

thirteen of these samples were below the LLOQ, these were removed prior to analysis 

(M1)[40]. For the PD modeling, data were censored for two patients (ID 102 and ID 107) 

due to these patients exhibiting elevated levels of gametocytemia. At the start of the PD 

analysis, 207 samples were included, after the two patient's samples were censored, 187 

samples were included in the final analysis. Parasite counts were modeled with a LLOQ of 

111 parasites/mL. For PD data below the LLOQ, the probability that the data were below 

the LLOQ was modeled (M3)[ 40]. 

Results 

Of the eight subjects which were enrolled in the study, all eight were successfully 

inoculated. One patient (ID 104) dropped out of the study after receiving one dose of 

DSM265 . The drug concentration data from this patient was included in the PK analysis, 

however, data was not available from this patient for the PD analysis. 

177 



P harmacokinetics 

A population pharmacokinetic model was developed usmg a pooled dataset which 

contained drug concentrations and parasite counts from the 400-mg dose cohort of the FiH 

and IBSM studies. The pooled dataset allowed for increased confidence in the precision of 

the parameter estimates of the PK model which were then used to generate exposures for 

the pharmacodynamic model. 

Spaghetti plots of concentration versus time since previous dose were created for 

patients in the IBSM study (Figure 1) and the FiH study (Figure 2); these revealed multiple 

phases of distribution and elimination, and notably, second peaks in the data. Population 

modeling from the FiH study and the IBSM cohort of 150-mg was previously described as 

a two-compartment model with zero-order absorption, linear elimination and dose

dependent duration of absorption and bioavailability[12]. Accordingly, two and three 

compartment models with zero and first order absorption and first order elimination were 

evaluated. Combinations ofone and two etas across each of the PK parameters were tested. 

Early in model development, a scatter plot ofresiduals vs. population predictions illustrated 

a fan-shape, indicating residual variability was best described by a constant coefficient of 

variation error model. The final PK model was a two-compartment model with a shift in 

clearance and volume for the IBSM study as compared to the FiH study and a proportional 

shift in clearance for the second dose in the IBSM study. 

Diagnostic plots for this model demonstrate a very good model fit (Figure 3). There is 

an even spread ofobserved versus population model predictions, and the data points on the 

observed versus individual predictions plot show the data to be tightly distributed about 

the line of identity. The conditional weighted residuals versus population predictions also 

show an even spread over the population predictions indicating good model fit across the 
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range of drug concentrations. Overlays of individual observed data with individual and 

population model predictions show the ability of the model to capture most of the peaks in 

the data and the full profiles (Supplementary Figure 1 and Supplementary Figure 2). 

Pharmacodynamics 

The total parasite count and female gametocyte count over time measured by both the 18s 

and pft25 biomarkers were plotted by patient ID (Figure 4). Female gametocyte counts 

were present at high levels in two patients (ID 102 and 107). To investigate if these patients 

developed gametocytemia due to lower drug concentrations, plots of female gametocyte 

counts and DSM265 concentrations were generated (Supplementary Figure 3). These plots 

revealed the two patients did not have substantially lower drug concentrations. In the seven 

patients which were included in the IBSM study, the two which exhibited recrudescence 

had an increase in parasitemia due to the presence of gametocytes (Figure 4). The 

remaining five patients did not recrudesce. Because there was no observable drug effect in 

the patients who developed gametocytemia, a pharmacodynamic model was not pursued 

for this indication. In order to examine the pharmacodynamic effect of DSM265 to clear 

blood-stage parasitemia, samples after the initial decline in parasitemia in patient IDs 102 

and 107 were censored. 

A variety ofpharmacodynamic models were evaluated to characterize the parasite counts 

over time. Net growth was modeled using a linear function as well as a Gompertz-type 

function. Drug effect was modeled as a maximum pharmacologic effect model (Hill 

function). Models using a linear growth function were not able to estimate the 

pharmacodynamic parameters with reasonable precision. The Gompertz-type model was 

ultimately chosen as the final representation ofparasite growth. This model has historically 

been used to represent growth of bacteria, and was tested in an effort to more realistically 
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represent the malaria pathophysiology as compared to a linear growth model[ 41]. The 

Gompertz model has a deceleration parameter on parasite growth ('V) and an asymptotic 

parameter ( a) which represents the maximum parasite count achievable for the system. 

Values ranging from 100,000 to 10,000,000 parasites/mL were tested for a during model 

development and ultimately a value of 1,000,000. During PD model development, values 

from 0.001 to 1 were tested for \j/ and ultimately a value of 0.01 was used. Because there 

were not data to inform these parameters and the model was unable to estimate them, these 

parameters were fixed to their optimal values. During model development, the Hill 

coefficient governing the steepness of the concentration-response relationship was also 

inestimable, it was ultimately fixed to a value of2. A plot of total parasite counts is shown 

in Supplementary Figure 4, the data below the limit of quantification of 111 parasites/mL 

are shown in red; these data were evaluated in the model using the M 1, MS , and M3 

methods. Ultimately, the model performed the best when data below the LLOQ were 

estimated as the probability that the data were below the LLOQ. 

The final model used to describe the 18s parasite count data used a Gompertz-type 

growth function combined with a maximum pharmacologic drug effect model (Figure 5). 

The final parameter estimates are shown in Table 6, and the goodness of fit diagnostic plots 

are shown in Figure 6. Around time 140 hours in all patients, the conditional weighted 

residuals (CWRES) versus time show a poor model fit. The CWRES versus population 

predictions as well as the individual weighted residuals versus individual predictions 

overall show an acceptable model fit. The individual and population model predictions are 

overlaid with the observed data in Figure 7, around 140 hours the Gompertz growth model 

fails to capture the decline in parasitemia for all patients. 
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Discussion and Evaluation 

The population pharmacokinetic model developed from the 400-mg dose level data was 

able to describe the data well. The exposures were used to drive the pharmacodynamics. 

The estimates of the pharmacodynamic parameters are reasonable, but lack precision. 

The Gompertz growth function is unable to characterize the oscillations in the parasite 

counts; the oscillation in parasite count is a known phenomenon in malaria 

pathophysiology[ 42]. The schizogony from the P. falciparum in this study followed the 

same sine-wave growth pattern which has been observed in other IBSM studies[9, 1O] . The 

model misfit observed in the goodness of fit plots and the individual and population model 

predictions is reflective of the sharp decrease in parasitemia prior to drug administration. 

This sharp decline occurs when parasites sequester ( cytoadhere to the endothelium of 

capillaries). The subsequent increase that is observed in all patients after the period of 

parasite decline during the growth phase is resultant of schizogony. Schizogony occurs 

when infected erythrocytes mature and rupture during the asexual replication period and 

these infected erythrocytes release thousands of merozoites (parasites) into the blood. 

Models with a sine wave function were tested to try to capture this decrease and subsequent 

increase, but were over-parameterized and therefore not used. Additional data prior to 

growth is needed in order to accurately characterize this pattern. If enough data were used, 

a model could be applied and estimated to describe the schizogony. The pharmacodynamic 

parameters used to represent this growth phase could be fixed to the known values. This 

would enable the drug effect to be layered on top of a more realistic representation of 

parasite growth during the treatment period. 
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Most IBSM CHMI studies have used the 18s measurement of total parasite to establish 

PK/PD relationships of novel compounds. This study utilized both the 18s and the p/s25 

markers; this allowed for the assessment of the activity of DSM265 as a gametocytocidal 

agent and differentiation between asexual blood-stage recrudescence and the appearance 

of gametocytes. If the marker ofp/s25 was not used in this study, two patients (ID 102, 

107) would have falsely been identified as patients who recrudesced and it would be 

unknown if this was a true recrudescence. 

The results of the IBSM study suggest that DSM265 will require another drug to 

eliminate gametocytaemia. Because DSM265 is not an effective transmission blocking 

agent, the gametocytes are observable in all patients, especially in those with higher total 

parasite counts (patients 102 and 107). It is unknown why two patients developed 

gametocytemia and the other five did not. Due to the time it takes for gametocytes to 

mature, the gametocytes take about ten days to achieve patency ( observable 

parasitemia)[ 43]. It has been previously shown that the development of gametocytemia is 

strongly related to the levels of asexual parasitemia (Figure 3, [44]). The authors 

hypothesize that the higher the total parasitemia before treatment, the more gametocytes 

emerge, which is supported by the data from this IBSM study Additionally, the increase in 

parasite count after drug is administered could be because the parasites sense danger and 

shunt themselves into gametocytes therefore resulting in a preservation of species. These 

hypotheses will require additional data to confirm. 

Conclusions 
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This case study successfully created a population pharmacokinetic model to describe the 

pharmacokinetic profiles ofDSM265. The use of both 18s andp/s25 is recommended by 

the authors to use in all future IBSM CHMI studies with an aim to characterize the activity 

of a compound on asexual blood-stage parasites to enable the assessment ofasexual blood

stage recrudescence versus the appearance ofgametocytes. The results of the study indicate 

DSM265 is not an effective transmission blocking agent. The inability of the simple growth 

pharmacodynamic model to characterize the schizogony during the parasite growth phase 

warrants the exploration ofa more mechanistic model to describe IBSM data. If the growth 

phase data from all of the IBSM CHMI studies conducted to date were pooled, a 

physiologically based pharmacodynamic model could be created and potentially yield 

informative estimates of parasite growth upon which drug effect models could be layered. 
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Table 1 Study Designs and Dosing Regimens 

Study Type Study Title 

A Phase I/lb Study to 
Investigate the Safety, 
Tolerability and 
Pharmacokinetic Profile of 

First-in- DSM265 in Healthy Subjects 
Human Study and to Assess the Antimalarial 

Activity ofDSM265 in 
Healthy Subjects with an 
Induced Blood-Stage 
Plasmodium falciparum 
Infection 

A Phase lb Study To 
Characterize The Antimalarial 
And Transmission Blocking 
Activity Of A Single Dose Of 

IBSM Study DSM265 Or OZ439 In 
Healthy Subjects With 
Induced Blood-Stage 
Plasmodium Falciparum Or 
Plasmodium Vivax Infection 

Participants 

N=5 
healthy 
volunteers 

N=8 

healthy 
volunteers 
infected 
with 2,800 
viable 
Plasmodium 
falciparum 

Dosing 
Regimen 

Cohort A5x: 400-mg 

400-mg single dose 
administration, if 
gametocytemia 
developed, an 
additional single dose 
was given 

Use in Analysis 

Cohort A5x is included in the 
pooled population PK 
analysis 

8/8 patients were included in 
the pooled population PK 
analysis and 7 /8 patients 
were included in the PK/PD 
analysis 

Abbreviations: N, number of subjects; PK, pharmacokinetic; PK/PD, pharmacokinetic/pharmacodynamic. 
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Table 2: Pharmacokinetic and Pharmacodynamic Sampling Plans 

Study Parasite 
Inoculum 

First-in- Not 
Human Study applicable, 

healthy 
volunteers 

IBSM Study 2,800 viable 
Plasmodium 
falciparum 
infected 
erythrocytes 

Abbreviations: hours (h) 

PD Endpoint 
Measured 

Not 
applicable, 
healthy 
volunteers 
Total parasite 
count (18s) 

Female 
gametocytes 
(vfs25) 

Pharmacodynamic Sampling 
Plan (hours since inoculation) 

IPharmacokinetic Sampling Plan 
hours since first dose) 

Not applicable, healthy volunteers Serial Sampling: Predose, 0, 0.5, 1, 
~, 4, 6, 8, 12, 24, 48, 96, 144, 216, 
312, 480h 

0, 96, 120, 132, 144, 156, 168, 
172, 176, 180, 184, 192, 198, 204, 

Serial Sampling: Predose, 0, 1, 2, 4, 
12, 24, 48, 72, 96, 120, 168, 384, 

216, 228, 240, 252, 264, 276, 288, 504, 552h 
336, 384, 456, 480, 552, 600, 624, 
672, 720, 840h 
0, 288, 336, 384, 456, 480, 552, 
600, 624, 672, 720, 840h 
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Table 3: Bioanalvtical Methods 
Study Pharmacokinetic 

Endpoint and 
LLOQ 

Assay/ 
Method 

Pharmacodvnamic 
Endpoint and LLOQ Assay / Method 

First-in-Human Study 
DSM265 plasma 
concentration; 
10 ng/rnL 

HPLC-
MS/MS 

NIA 

IBSM Study 
DSM265 plasma 
concentration; 
1 ng/rnL 

LC-MS 

Total parasite; 111 
parasites/rnL 
Female garnetocyte; 
unknown LLOQ, 
therefore all data 
included 

qPCR 18s 

qPCR pfa25 

Table 4: Demographic Information 

Subject IBSM First-in-Human 
Characteristic 

Age (y) Mean (SD) 24.8 (4.0) 22.2 (5 .2) 

Median 24.5 21.0 

Min, Max 20, 32 18, 31 

n 8 5 

Weight (kg) Mean (SD) 73 .06 (11.54) 79.26 (11.91) 

Median 71.45 77.60 

Min, Max 58.2, 91.2 68.8, 99.1 

n 8 5 

Race, n (%) Caucasian 7 (87.5) 4 (80.0) 

Asian 1 (12.5) 1 (20.0) 

Sex, n (%) Male 5 (62.5) 5 (100.0) 

Female 3 (37.5) 0 (0) 
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Table 5: Parameter Estimates and Standard Errors From the Final DSM265 PK Model 

lnterindividual Variability / 
Final Parameter Estimate Residual Variability 

Parameter Typical Value %RSE Magnitude %RSE 

Ka: Absorption Rate (1/h) 0.726 27.2 70.1 %CV 55 .3 

CL: Clearance (L/h) 0.321 9.91 19.9 %CV 34.4 

CL: Proportional Clearance 
Shift for Second Dose 

0.731 6.66 

CL: Exponent of Weight on 
CL 

0.750 FIXED 

CL: CL Shift for IBSM Study 0.695 11.9 

V2: Volume of Central 
Compartment Distribution 25.4 23 .7 28.8 %CV 39.1 
(L) 

V2: V2 Shift for IBSM Study 1.18 16.6 

Q: Inter-compartmental 
Clearance (Central and 4.51 35.8 
Peripheral) (L/h) 

V3: Peripheral Volume of 
Distribution (L) 

16.9 28.4 

RV: Residual Variability 0.0279 17.3 16.7 %CV NA 

Minimum value of the objective function= 2767.481 
•· The following parameter estimates were found to be highly correlated (r2 >~ 0.810): (V3: Peripheral Volume of Distribution (L), 
Q: Inter-compartmental Clearance (Uh)) 
b. NA: Not Applicable; NE: Not Estimated; RSE: relative standard error, expressed as a percent 
Eta Shrinkage was <7% for Ka, CL, and V2. 
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Table 6: Parameter Estimates and Standard Errors From the Final Pharmacodynamic Model 

lnterindividual Variability / 
Final Parameter Estimate Residual Variability 

Parameter 

Kg: First-order Growth Rate of 
Parasite (1/h) 

ECSO: Cone. of DSM265 at which 
50% of Max. Parasite Death 
(ng/mL) 

Gamma: Steepness Parameter for 
Concentration-Response (unitless) 

EMAX: Maximum Parasite Death 
Rate From Drug (1/h) 

Parasite Count at 
Baseline(parasites/mL) 

PK RV: Pharmacokinetic 
Residual Variability 

PD RV SD: Pharmacodynamic 
Residual Variability (log unit) 

Typical Value 

0.00844 

1.83 

2.00 

0.141 

NA 

0.0279 

0.221 

%SEM Magnitude %SEM 

131 35.9 %CV 6.14 

15.3 231 %CV 45.7 

FIXED NE NA 

18.1 0¾CV FIXED 

NA 116 %CV 68.4 

FIXED 16.7 %CV NA 

28.0 0.470 SD NA 

Minimum value of the objective function= 13373.296 
•· NA: Not Applicable; NE: Not Estimated 
b. Eta shrinkage was <10% for K,, EC50, and E,nax• 
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Emax: maximum parasite death rate constant from drug (1/h) 
EC50 : concentration at which 50% of maximum drug-induced 
ki lling occurs (ng/ml) 
Kg: estimated parasite growth rate (1/h) 
4' deceleration value; fixed to 0.1 
a: asymptote for maximum parasite growth; fixed to 1,000,000 
P: parasite compartment 

Fig. 5 DSM265 phannacokinetic/phannacodynamic structural model 
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CHAPTER SIX 

SIMULATION AND ESTIMATION OF PHARMACODYNAMIC MODELS USED 

TO CHARACTERIZE INDUCED BLOOD-STAGE CONTROLLED HUMAN 
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ABSTRACT 

The identifiability of candidate models used to characterize parasitemia in induced blood

stage controlled human malaria infection studies was evaluated with a simulation

estimation methodology. Datasets for candidate models were simulated in R using the 

package MRGSolve. Datasets were censored according to pre-specified rules for rescue 

medication. Parameter estimation was performed using NONMEM. Parameter estimates 

and confidence intervals were compared with their simulation values. The traditional 

maximum pharmacologic effect model with linear growth and the Gordi semi-mechanistic 

model [1] were determined to be most identifiable. Future efforts will use this simulation

estimation workflow to investigate varying induced blood-stage malaria study designs and 

pharmacodynamic models. 

Keywords: NONMEM, pharmacodynamic, identifiability, MRGSolve, induced blood
stage malaria 
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Background 

Induced blood-stage malaria (IBSM) controlled human malaria infection (CHMI) studies 

are now a key component of antimalarial drug development. In these studies, healthy 

volunteers are inoculated with a known strain of Plasmodium parasite and after a growth 

period are administered an experimental antimalarial drug. Pharmacokinetic/ 

pharmacodynamic (PK/PD) modeling of data generated from IBSM studies can enable 

predictions and simulations to support model driven decision making in antimalarial drug 

development. 

Parasitemia profiles from patients in IBSM studies include blood-stage parasitemia data 

prior-to and post-antimalarial drug administration. During a malaria infection, parasites 

undergo a cyclic asexual replication in the blood as they mature from ring-stage parasites 

to trophozoites, and then to schizonts, which rupture, releasing thousands of merozoites 

into the blood which then infect erythrocytes. One cycle typically lasts about 48 hours. 

Parasitized erythrocytes are cleared from the human host through splenic clearance and 

other host defense mechanisms which are extensively described in the literature [2]. 

Depending on the species of parasite, the parasitized erythrocytes may also sequester, 

avoiding detection by means of microscopy or quantitative polymerase chain reaction 

(qPCR). As drug discovery methods become more advanced and target biomarkers on the 

parasite which are expressed at specific stages of the parasite lifecycle, increasingly 

mechanistic pharmacodynamic (PD) models can be used to model the IBSM data. 

Typically, a linear growth function is used to characterize net parasite growth and a Hill 

function is used to represent drug-induced parasite death [3,4,5]. The authors have explored 

fitting alternative PD models to IBSM data (unpublished work), and are interested in the 

206 



identifiability of alternative PD models that have been used to characterize parasitemia 

from IBSM study data. The use of non-identifiable models will yield numerical problems 

during estimation and unreliable, imprecise parameter estimates that are not informative 

for decision-making. 

Prior to this work, a formal evaluation of the pharmacostatistical models combining data 

prior-to and post-antimalarial dose in IBSM studies had not been published. In these 

analyses, 4 models were evaluated. Three of the 4 models are variations on the traditional 

maximum pharmacologic effect (Emax) model that is typically used to characterize IBSM 

study data. Additionally, the Gordi, et al. , semi-mechanistic model was evaluated [1]. A 

pragmatic approach to evaluating the global model identifiability was used, employing a 

simulation-estimation method, adapted from the literature [ 6]. Additionally, as a secondary 

exploratory effort, the effect of using different parasite lower limit of quantification 

(LLOQ) values was evaluated. 

The goals of this analysis were to first understand the parameter identifiability, precision, 

and potential for bias of parameter estimates amongst the models, and second, to provide 

a scientific basis and rationale for model selection for analysis of IBSM study data. The 

objectives of this work were to simulate each of the 4 empirical models as rich datasets and 

then, to estimate the population PD parameters and their variability. 
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Methods 

The Emax model with linear growth (Eq. 1) has been widely used in the literature to 

represent IBSM data and assumes a net growth of parasite, collapsing the growth rate and 

natural death rate into one parameter, Knet [3,4,5]. This model allows for the estimation of 

drug-induced death through a Hill function. This is referred to as the "traditional" model 

in the present analyses. 

fuLl 

_dP_ = Px (K - K x--c_r__J 
dt net d er + ECs/ 

Where: 

P is parasite count; 

Kd is maximum first-order rate constant for drug-induced death of parasite (1 /h); 

y is Hill coefficient; 

EC50 is drug concentration at which 50% of maximum rate of parasite death occurs 

(µg/mL ); and 

Knet is first-order rate constant for net growth of parasite (1/h). 

In an effort to conceptually separate the natural growth and death rates of parasite, the 

traditional model shown in Eq. 1 was adapted to include an indirect response component 

as shown in Eq. 2 (the "IDR" model). This model has a first-order input of parasite growth 

and mimics the pattern of an indirect response model whereby drug effect stimulates the 

loss ofparasites from the system [7]. In this model, the maximum drug effect is represented 

as a fold increase above natural parasite death through the Emax parameter in the Hill 

function. 
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Eg. 2 

dP. =P x ((K -K (1+ Emaxx c r JJ 
dt g d EC r +er 

50 

Where: 

P is parasite count; 

Kg is first-order rate constant for growth of parasite (1/h); 

Kd is first-order rate constant for natural death of parasite (1/h); 

y is Hill coefficient; 

EC50 is drug concentration at which 50% of maximum rate of parasite death occurs 

(µg/mL ); and 

Emax is fold increase of drug-induced death above Kct (unitless). 

The third model investigated in this work was a variation of the traditional model, where 

parasite growth was modeled using a Gompertz-type function in an effort to more 

accurately describe the nature ofparasite growth. The Gompertz model ("Gompertz") was 

originally developed to describe the law of human mortality [8], and was later adapted to 

model bacterial growth and tumor growth [9]. The concept ofnet growth and drug induced 

parasite death with net growth expressed as a Gompertz type function has been discussed 

in the literature [10]. The growth of parasite is stunted by a deceleration value, 'P, and 

limited by a maximum parasite count (a), and drug induced death is again represented with 

a Hill function (Eq. 3). In this equation, Kct has the same meaning as in Eq. 1 where Kct 

refers to the drug-induced death of parasite. 
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dP = Px(Kg(i- PJ I/I' -K x( e r JJ 
dt 'I' a d Ees/ + e r 

Where: 

P is parasite count; 

Kg is maximum first-order rate constant for net growth of parasite (1 /h); 

Kd is maximum first-order rate constant for drug-induced death of parasite (1 /h); 

y is Hill coefficient; 

EC50 is drug concentration at which 50% of maximum rate of parasite death 

occurs (µg/mL ); 

a is asymptote for maximum parasite growth (parasite/mL); and 

<fl is deceleration value. 

Finally, a semi-mechanistic model developed by Gordi and colleagues to characterize the 

drug effect of artemisinin was evaluated (Eq. 4). The Gordi model differs from the other 

models evaluated in that this model includes 4 parasite compartments, representative of 

various stages of the asexual parasite lifecycle. The observed parasite count is a summation 

of 3 compartments (vpara), and the other compartment represents parasites that are 

sequestered or "invisible" from analytical detection. Further details can be found in the 

original publication [ 1]. 
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Eg. 4 

Where: 

dR, =Pi x Kr - R, x Kpinj x C - R, x Kpar
dt 

d~ =RFxKparxR,-~ xKpar-~ xKpinjxC
dt 

dR3 
- =-Fi xKr+~ xKpar
dt 

d~ =-~ x Kin}+ R, x Kpinjx C + P x Kpinjx C 
dt 

2 

P1 is trophozoite (sensitive parasites); 

P2 is sequestered schizont ( sensitive parasites); 

P3 is ring (insensitive parasites); 

P4 is injured parasites; 

vpara is P1 + P3 + P4; estimates the individual parasite count (dv); 

RF is trophozoite to schizont replication factor; 

Kpar is transit rate parameter from trophozoite to schizont to ring (h); 

Kr is transit rate parameter from ring to trophozoite (h); 

Kpinj is injury of trophozoite and schizont (µg/mL x h); 

Kin} is first-order removal of parasites by spleen (1/h). 

Note: MTT: mean transit time of parasite; was estimated in lieu ofKpar and Kr (h) 

Where: Kpar = 2/MTT; and Kr= 1/ ( 48 - MTT) 
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Software 

Simulations were performed using the R package MRGSolve Version 0.8.10, in the R 

language Version 3.4.2, and the graphical user interface R Studio Version 1.1.383. PK/PD 

model estimation was performed in NONMEM, Version 7.3.0. NONMEM analyses were 

performed on an Intel cluster with the Linux operating system with the interface ofKIWI™ 

Version 2.0. Preparation of NONMEM ready datasets from the simulation data was 

performed using SAS® Version 9.4. 

Simulation and Estimation Methodology 

The overall workflow for the simulation and estimation process is shown in Fig. 1. The 

simulation study design and dosing regimens as well as hypothetical bioanalytical 

techniques and LLOQs are shown in Table 1 a and Table 1 b. The PK model used to generate 

exposures for the PD models was adapted from the literature. The PK model was a 2-

compartment model based on oral quinine with first-order absorption and first-order 

elimination, with body weight as an allometric function on all clearance and volume 

parameters [11 ]. The PK parameters are listed in each of the PK/PD model codes 

(Additional file 1: Files Sl , S3 , S5 , and S7). No covariance was included in the simulated 

PK model. Hourly PK samples were simulated from 168 to 672 hours after inoculation. 

The simulated PK profiles are shown in Additional file 1: Fig. S 1. 

The 4 candidate PD models are shown in Fig. 2. The simulation parameter values used 

for all models allowed for a similar range ofparasites (l x103 
- l x105 parasites/mL) at day 

7 (168 hours) just prior to simulation of study drug administration [ 12]. Details regarding 

the simulation parameter values used for the simulations are included in Additional file 1: 

Tables S 1-S4. Each candidate model was simulated in R using MRGSolve with calls to the 
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C++ model file. Both the R code and C++ model code used to simulate the PK/PD models 

are included as Additional file 1: Files S 1-S8. 

Subjects were defined to be cured when parasite counts reached or fell below 0.003 

parasites/mL (the threshold for cure). All subsequent samples were flagged and were set to 

0.003 parasites/mL. This value has been used in previous analyses as a pre-defined 

recrudescence threshold [3,4,5]. If parasitemia did not reach or fall below the threshold, 

patients were not cured and would subsequently recrudesce once drug concentrations had 

decreased sufficiently. The raw simulated data for the 4 candidate models are shown in 

Additional file 1: Figs. Sl-S4. 

Simulation datasets output from R were transformed to NONMEM analysis-ready 

datasets using SAS. Rescue medication administration was imputed using the following 

schema. Data after 24 hours postdose with sample times divisible by 8 hours were 

examined (in a real IBSM study samples would be collected every 8 hours and no samples 

would be received prior to 24 hours). From these data, after a decrease in parasite count 

was detected, a search for parasite counts 2: 1 x 1 as occurred and the first parasite count 2 

1 x 1 as was the last sample included (in a typical IBSM study at this point, rescue medication 

would be administered). If a decrease in parasite count was not found after 24 hours 

postdose, only the first 36 hours of postdose samples were kept ( a typical protocol design 

would have rescue medication administered at this time to any subject who had not yet 

received rescue). Flag variables identifying simulated parasite counts less than values of 

the LLOQ thresholds of 10 parasites/mL and 111 parasites/mL were added to the dataset. 

For each PD model evaluated, 2 sets of estimations occurred, 1 set where the LLOQ was 

10 parasites/mL, and 1 set with the LLOQ as 111 parasites/mL. The probability that the 
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samples were BLQ were predicted (M3 method). This resulted in 2 estimation sets per 

candidate model. The models were estimated in NONMEM using the Laplacian method. 

For each candidate model, various combinations of etas were tested as shown in Fig. 1. 

Evaluation within each model set included a consideration of the minimum value of the 

objective function, achievement of successful covariance, and reasonable estimation 

(within 10% of the true value) and adequate precision ofparameter estimates (¾SEM < 5). 

For models with successful covariance, goodness-of-fit plots were generated, and 

individual model predictions and population model predictions were overlaid with the 

simulated data. From these criteria, each PD model was evaluated and the best model using 

each LLOQ value was selected as shown in the red boxes in Fig. 1. 

Results 

Each of the 4 models were able to fit the simulated data, with varying degrees of success. 

Table 2 shows the number of models for each estimation which had a successful 

covariance. Each estimation set's results are summarized below. 

Traditional Model 

Of the 7 models estimated from the traditional model dataset with a LLOQ of 10 

parasites/mL, 5 had successful covariance, of these 5, 2 had reasonable parameter estimates 

with good precision (Additional file 1: Table S5). Between the 2 remaining models, the PD 

parameter estimates and their confidence intervals (CI) were closer to the true values of the 

simulations for the model with interindividual variability (IIV) on the inoculum value and 

Kct. Therefore, the model with IIV on the inoculum value and Kct was selected as the best 

model from the traditional model dataset with a LLOQ of 10. Of the 7 models estimated 

from the traditional model dataset with a LLOQ of 111 , 5 had successful covariance, 3 of 
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these models had poor precision on the parameter estimates (Additional file 1: Table S6) 

and goodness-of-fit plots for these 3 models demonstrated a poor model fit. Of the 

remaining 2 models, the model with IIV s on all parameters was selected; the Cls about the 

estimated PD model parameters were very close to the true values from the simulation. 

Between the 2 models selected from the traditional model datasets with different values of 

LLOQ, the model which used a LLOQ of 111 yielded more accurate parameter estimate 

for Knet and Kct as compared to the true values of the data, whereas the model estimated 

using a LLOQ of 10 yielded a better estimate ofECso (Fig. 3a- Fig. 3c). 

Indirect Response Component Model 

Eight models were estimated from the IDR dataset for each set of LLOQ values. Only 1 

model had a successful covariance for each set; for the dataset with a LLOQ of 10, the 

model with IIV s on all parameters was successful and for the dataset with a LLOQ of 111 , 

the model with IIV on ECso, Emax, and Kct was successful. The model developed with the 

LLOQ of 10 had good estimates of Kg, Kct, and Emax, but the IIV estimated on Kg was close 

to zero, and there was a high ¾SEM on the IIV on ECso (Additional file 1: Table S7). The 

model developed with the LLOQ of 111 had a good estimate of ECso as compared to the 

true values from the simulation but also had a high ¾SEM on EC so (Additional file 1: 

Table S8). 

Gompertz Model 

Of the 9 models that were estimated from the Gompertz dataset, only 2 from the set with a 

LLOQ of 10 had successful covariance step completion. The model with IIV on only the 

inoculum value had a high estimate of this IIV and also a high ¾SEM on that value 

(Additional file 1: Table S9). The model with IIV on both ECso and Kct had a good estimate 
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of Kg, I-JI, and Kct and was chosen as the final model from this group. Four models from the 

set with a LLOQ of 111 had a successful covariance (Additional file 1: Table S 10). The 

model with ITV on ECso and Kg had an estimate of 172 for the IIV on ECso (1310% CV), 

and 2 of the other models had ¾SEM values > 19. The model with IIV on the inoculum 

value as well as on ECso and Kct was the best model, since all PD parameters with the 

exception of ECso were within 10% of the true value from the simulation. 

GordiModel 

Nine out of the twelve models had successful covariance for the Gordi datasets for the 

estimations which used a LLOQ of 10. Ofthe 9 models, 3 had substantially higher objective 

functions as compared to the other 6 models. The model with IIV on Kpinj only and the 

model with IIV on Kpinj and the inoculum values yielded parameter estimates that were 

greater than a 7-fold increase from the true value of the simulation. The model with IIV on 

MTT had a higher objective function as compared to the other 3 models and also had a 

¾SEM of 13 on the IIV on MTT. Of the 3 models remaining, the parameter estimates and 

their 95% Cls were compared to the true values from the simulation (Additional file 1: 

Table Sll). The model with IIV on Kinj , MTT and the inoculum value had parameter 

estimates closest to the true values used to create the simulated dataset. 

Of the 9 models which had successful covariance which used a LLOQ of 111 

parasites/mL, 3 of the models had substantially higher objective function values ( e.g. the 

models with IIV on inoculum, on Kinj and on inoculum and Kinj). Of the other 6 models, 

2 estimated IIV on Kpinj to be over 100 fold different as compared to the true value for the 

simulation. Of the 4 models which remained, the model with IIV on all parameters had a 

value of Kpinj higher than the other 3 models and also had a ¾SEM >5 for IIV on Kpinj 
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as well as the IIV on MTT. Amongst the 3 models which remained, the PD parameter 

estimates were compared to their 95% Cls, and the model with IIV on Kinj , MTT and the 

inoculum value performed was selected as the best model (Additional file 1: Table S 12). 

A comparison between the 2 estimation sets showed the estimation which used a LLOQ of 

10 parasites/mL yielded parameter estimates of MTT and Kct closer to the true values used 

in the simulations (Fig. 4a and Fig. 4b ). 

Discussion 

This work presents an empirical evaluation of the structural identifiability of 4 candidate 

models via a simulation-estimation methodology using MRGSolve and NONMEM, 

respectively. This pragmatic approach incorporated a small degree of variability in the PD 

parameters to evaluate the structural identifiability of a model given a rich dataset. 

Both model structure and experimental design contribute to model identifiability. A strict 

analysis of structural identifiability could be evaluated by simulating the models with no 

random error and evaluating the precision of the model estimations given the true values 

used to simulate the data [6]. However, in this work, a hybrid approach was used to 

investigate model identifiability when small intersubject random effects and residual error 

were included and the simulated datasets were post-processed to reflect the effect of 

censoring due to administration of rescue medication and the impact of LLOQ values to 

reflect the range of real experimental data. These datasets used rich sampling ( every hour) 

which can be used as a comparison for future analyses to evaluate the impact of various 

study designs with different sampling schemes. 

In this analysis, identifiable models were defined as the those that with rich datasets and 

low parameter variability, 1) had successful covariance step completion and 2) had accurate 
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and precise PD parameter estimates. Parameter estimates were evaluated through a 

comparison of95% Cis to the true values used in the simulation and evaluate of the ¾SEM 

of the parameter estimates. Across each of the 4 models, the ability to estimate the 

particular models was influenced by the location of the random effect parameters. Of the 4 

candidate models, the traditional model and the Gordi model were found to have estimates 

closer to the true values recovered from the data as well as the highest fraction of models 

with varying random effects which could be estimated (Table 2). 

The traditional model evaluated a linear growth function with drug-induced death 

represented as a Hill function. This model demonstrated good identifiability given the 

simulated data. In a human malaria infection, parasites are eliminated naturally by the 

spleen. This traditional model combines natural parasite growth and natural parasite death 

into 1 parameter (Knet). 

The inclusion of a separate natural death parameter was investigated by the inclusion of 

the two parasite death parameters in the IDR model, natural death and drug effect (Kct and 

Emax). Various IDR model structures in random effects had unsuccessful minimizations. 

The data were not able to provide sufficient information to distinguish the PD parameters. 

Of the two IDR models that did minimize, both had a random effect parameter on EC so, 

with high ¾SEM on the IIV ofECso. This poor precision of the parameter estimate and the 

failed minimizations of the other IDR models, each point to the non-identifiability of this 

model. As with present simulations, data from IBSM studies do not always include a 

sufficiently wide range of doses to allow identification of the values ofboth Emax and ECso 

parameters independently. Further investigation with simulations of studies involving a 

wide range of doses needs to be performed to better determine whether in IBSM studies 

with multiple dose-levels this model could become identifiable. In the IDR model, both 
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parasite growth and natural parasite death are represented as first-order empirical rate 

constants. While the data may be unable to support estimation of a separate parameter for 

natural parasite death, if data from other experiments could inform this system parameter 

then the value could be fixed in the model estimation and perhaps make a more descriptive 

model identifiable. 

Since malaria parasites in a human host do not grow without limit, a Gompertz model 

was hypothesized to be more representative of parasite growth in the human host. In this 

model, parasite growth is governed by an asymptotic maximum parasite threshold and a 

deceleration constant which slows the first order growth rate as parasite counts increase. 

This Gompertz growth function was used in place of linear growth. The parasite growth 

rate was estimated, but the dampened effect of growth through the "deceleration" 

parameter was fixed and not estimated. This model in general, had a lack of identifiability 

as demonstrated by the number of unsuccessful minimizations and poor precision in the 

parameter estimates. 

While the Gompertz function did not yield good identifiability, other representations of 

parasite growth can be explored in future analyses. The cyclical nature of parasite growth 

in IBSM studies has been well documented in the literature and is observable across 

subjects in the IBSM study design due to the synchronous administration of the parasite 

challenge across subjects. The cyclical growth pattern is a result of the sequestration and 

schizogony of the parasite during the asexual blood-stage [ 13,14]. Cyclical data simulated 

from a sine function could be fit with both a linear growth model and a sine wave function; 

this would facilitate the understanding of the effect of the estimation of PD parameters 

from collapsing the sine wave growth to a linear function. 
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The Gordi model demonstrated good identifiability given the simulated data and allowed 

for a mechanistic approach to characterize the parasite count data. This model differs from 

the other models in that it does not have an ECso value which is used on a single parasite 

compartment. This model allowed for drug effect to be accounted for at different stages of 

the parasite life cycle (parasite compartment 3 represented an insensitive parasite stage). 

Additionally, this model accounted for parasites which cannot be measured by detection 

methods (the sequestered "invisible" compartment). This model allows for flexibility for 

future applications whereby the stage of the parasite life cycle affected by drug can vary. 

As more mechanistic models are developed to accurately characterize and predict malaria 

parasite concentrations, we imagine the development of a simulation platform to guide the 

IBSM development team to maximize the information generated from IBSM studies. A 

series of simulation-estimation projects are needed to develop such a platform. Similar to 

the workflow used in this analysis (Fig. 1 ), subsequent analyses could simulate datasets, 

apply rules to censor data, and estimate the parameters of models to describe the datasets. 

This workflow presents at least 3 opportunities to query the IBSM study design and data. 

The rules which are used to censor data after rescue medication administration can be 

altered such that varying protocol designs can be evaluated for the ability of the data to 

inform the models. The parameter estimates and their 95% CI were close to, but did not 

include the true values used in the simulation for most of the models tested. This could be 

due to the rescue administration rules which were used to censor the data, or other design 

characteristics; this also may be a result of small variability and the large number of 

subjects in the system, so the CI were very narrow. Additional analyses are warranted to 

investigate this. This will become increasingly important as the amount of safety data 

accumulates and the acceptance of IBSM studies increases, potentially allowing for more 
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flexible study designs. Second, the effect of the proportion ofpatients who recrudesce and 

the effect of that on model identifiability can be investigated. A limitation of this work is 

that the proportion of patients who recrudesce was not standardized across models. 

However, if a PD model is identifiable and yields reasonable and precise parameter 

estimates only up to a specific threshold of the number of patients who recrudesce, this 

knowledge could help the IBSM development team know when a model 's predictions may 

not be reliable, and improve dose selection targets in the IBSM trial to maximally inform 

the PD parameter estimates. Third, the degree of identifiability for the Gordi model, which 

includes compartments for different stages of the asexual blood-stage lifecycle of the 

parasite, suggests IBSM data can support the development of a more mechanistic model. 

As biomarkers are developed to provide more information about the stages of the parasite 

life-cycle, stage-specific system parameters of parasite growth and stage specific drug

induced parasite death may be determined in vivo. These system parameters could be fixed 

in estimations of new data ( similar to a PBPK model) and could inform more mechanistic 

drug models affecting certain stages of parasite growth. 

To assess the secondary objective to understand how much the identifiability of a model 

was dependent on the threshold used for the LLOQ, each candidate model was evaluated 

using 2 different LLOQ values. A robust method to assess the contribution of data below 

the LLOQ was employed (M3) [15], in which data below this limit were predicted as a 

probability of being below the LLOQ, not as continuous data. The values of 10 

parasites/mL and 111 parasites/mL were used because both of these values have been used 

in analyses as LLOQ thresholds previously, dependent on the assay used. Results of this 

analysis do not show any substantial discrepancy between use of the 2 LLOQ values, 

however, when comparing between the empirical and semi-mechanistic models, a pattern 
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emerges. As assays are further developed for different biomarkers and new LLOQ values 

are employed, this simulation-estimation process can be used to evaluate the impact on 

model identifiability given the data. 

A method to evaluate the identifiability of PD models used to characterize IBSM data 

was developed and tested. The Gordi and the traditional model were the most identifiable 

models. The modified traditional models (i.e. the IDR model and the Gompertz model) 

were not identifiable. The authors plan to evaluate additional empirical PD models, such 

as a sine function growth model. The results of the Gordi model simulation-estimation 

demonstrate that the censored simulated datasets can support the identifiability of a semi

mechanistic model. The traditional model is the standard model which is used because of 

the inclusion of the ECso value which can be translated throughout phases of development 

(albeit, these relationships are not clearly defined). However, as study designs evolve, 

biomarkers for stages of parasite life-cycles are identified, and biomarker data become 

available, more mechanistic models will be pursued. 
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Table la Simulation study design and dosing regimens 
Study Title Virtual Dosing regimen Sampling (PK/PD) 

atients 
Simulation 250 Oral administration of 800 mg ofquinine Every hour from 168 to 
study every 8 hours for 7 days, beginning 168 hours 672 hours after 

after inoculation inoculation 
PK/PD pharmacokinetic/pharmacodynamic 

Table lb Simulation study bioanalytical techniques and lower limit of quantification 
Study Pharmacokinetic Pharmacodynamic 

Endpoint and Assay/ Method Endpoint and LLOQ Assay/ 
LLOQ Method 

Simulation Quinine plasma Liquid chromatography Total parasite; qPCR 18s 
study concentration; with fluorimetric detection 111 parasites/mL and 10 

1 µg/mL parasites/mL 
Abbreviations: 

LLOQ lower limit ofquantification; qPCR quantitative polymerase chain reaction 
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Table 2 Number of models with successful covariance step completion stratified by 
the lower limit of quantification value used in estimation 

Traditional IDR Gompertz Gordi 
LLOQ value used in estimation 10 111 10 111 10 111 10 111 
(parasi tes/mL) 
Number of modelsa with successful 5/7 5/7 1/8 1/8 2/9 4/9 9/1 2 9/1 2 
covariance 

IDR indirect response; LLOQ lower limit ofquantification 
awithin a model type, the models differed in the number and location of random effects terms 
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PK/PD candidate model 
(1-4) 

l simulation in R using 
MRGSo lve 

sim ulated dataset 

data assembly (addHion of 1 
rescu e medication rules and 
lower limit of quantification 

ilags), 

NONMEM ana lysis ready 
dataset 

/
dataset with 10 dataset with 111 
parasttes/mL as parasites/ml as 

LLrQ LLrQ 

Estimation in Esti malio n in 
NONMEM, NONMEM, 

various combinations various combinations 
of etas used of etas used 

model evaluation model evaluation 
and comparisons and comparisons 

selection of best select ion of best 
model model 

Fig. 1 Workflow of simulation-estimation for IBSM data model identifiability 

LLOQ lower limit of quantification; PK/PD pharmacokinetic/pharmacodynamic 
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Fig. 2 Candidate models 
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Traditional Model Estirrations 

0.10 

0.01 ~--~--------------~--~ 

eall einokd10 

Model 

I • • • Typical Value + + + True Value - Confidence Interval 

Fig. 3a Comparison of the estimated value and the true value of the first-order rate 

constant of net growth (Knet) of parasite between the best models from each traditional 

model estimation set 

eall best model selected from the estimation dataset using a LLOQ of 111 parasites/mL; 

einokdJO best model selected from the dataset using a LLOQ of 10 parasites/mL; 

LLOQ lower limit of quantification 
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Traditional Model Estirrations 
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Fig. 3b Comparison of the estimated value and the true value of the maximum first-order 

rate constant of drug-induced death of parasite (Kct) between the best models from each 

traditional model estimation set 

eall best model selected from the estimation dataset using a LLOQ of 111 parasites/mL; 

einokdJO best model selected from the dataset using a LLOQ of 10 parasites/mL; 

LLOQ lower limit of quantification 
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Traditional Model Estirrations 
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Fig. 3c Comparison of the estimated value and the true value of concentration of drug at 

which 50% of maximum rate ofparasite death occurs (ECso) between the best models 

from each traditional model estimation set 

Cone concentration; eall best model selected from the estimation dataset using a LLOQ 

of 111 parasites/mL; einokd10 best model selected from the dataset using a LLOQ of 10 

parasites/mL; LLOQ lower limit of quantification 
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Gordi Model Estirrations 
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Fig. 4a Comparison of the estimated value of MTT of parasite lifecycle between the best 

models from each traditional model estimation set 

ekinjMTTinoc best model selected from the estimation dataset using a LLOQ of 111 

parasites/mL; ekinjMTTinocJ0 best model selected from the dataset using a LLOQ of 10 

parasites/mL; LLOQ lower limit of quantification; MTT mean transit time 
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Gordi Model Estirrations 
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Fig. 4b Comparison of the estimated value of the first-order rate constant for the removal 

of parasites by the spleen (Kinj)between the best models from each traditional model 

estimation set 

ekinjMTTinoc best model selected from the estimation dataset using a LLOQ of 111 

parasites/mL; ekinjMTTinocJ0 best model selected from the dataset using a LLOQ of 10 

parasites/mL; LLOQ lower limit of quantification 
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Table S1 Parameter values used for the traditional model simulations 
Parameter Parameter value Rationale 
Kd 0.125 (1/h) Similar to literature value" of 0.2. 

This value enables some patients to recrudesce and others to be 
cured. 

y* 2 Fixed to an arbitrary value common in PD models 
ECso 0.01298 (u!!/mL) Value from literatureb 
Knet 0.06 (1/h) Value from literature" 

y Hill coefficient; EC50 drug concentration at which 50% of maximum rate ofparasite death occurs (µg/mL) ; Kd 
maximum first-order rate constant for drug-induced death ofparasite (1/h) ; K,,e, first-order rate constant for net growth 
ofparasite (1/h); PDpharmacodynamic 
*Parameter not estimated in the NONMEM estimation step 
aMcCarthy JS, Baker M, O'Rourke P, Marquart L, Griffin P, Hooft van Huijsduijnen R, et al. Efficacy ofOZ439 
(artefenomel) against early Plasmodium falciparum blood-stage malaria infection in healthy volunteers. J Antimicrob 
Chemother. 2016;7 l :2620-7. 
bSkinner TS, Manning LS, Johnston WA, Davis TM. In vitro stage-specific sensitivity ofPlasmodium falciparum to 
quinine and artemisinin drugs. Int J Parasitol. l 996;26:519-25. 
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Table S2 Parameter values used for the traditional + indirect response model 
simulations 

Parameter Parameter values Rationale 
0.015 (1/h) Reasonable value because Kd = Knet + Kg 

This value enables some patients to recrudesce and others to 
be cured. 

y* 2 Fixed to an arbitrary value common in PD 
ECso 0.01298 (µg/mL) Value from literature" 

0.08 (1/h) Reasonable value because Kg = Knet + KJ 
Emax 10 lQx0.015 = 0.15 which is similar to value used in the 

traditional model 
y Hill coefficient; EC50 drug concentration at which 50% of maximum rate ofparasite death occurs (µg/mL) ; Emax fold 
increase ofdrug-induced death above Kd (unitless); Kd maximum first-order rate constant for drug-induced death of 
parasite (1/h); Kg first-order rate constant for growth ofparasite (1/h) ; K,,e, first-order rate constant for net growth of 
parasite (1/h); PD pharmacodynamic 
*Parameter not estimated in the NONMEM estimation step 
askinner TS, Manning LS, Johnston WA, Davis TM. In vitro stage-specific sensitivity ofPlasmodium falciparum to 
quinine and artemisinin drugs. Int J Parasitol. 1996;26:519-25. 
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d 1a .Table S3 Parameter vaIues used for the Gompertz mo e s1muIaf10n 
Parameter Initial estimate Rationale 
Kd 0.168 (1/h) This value enables some patients to recrudesce and 

others to be cured 
y* 3 Fixed to an arbitrary value common in PD 
ECso 0.01298 (u!!/mL) Value from literatureh 
Kg 0.0055 (1/h) Kg, 'I' were based off of alpha 
'I'* 0.0025 K2, 'I' were based off of alpha 
a* 100,000,000 (parasites/mL) Parasite counts will not exceed this threshold in 

IBSM studies and this is a reasonable asymptote 
for field trials 

a asymptote for maximum parasite growth (parasite/mL); 'fl deceleration value; y Hill coefficient; EC50 drug 
concentration at which 50% of maximum rate ofparasite death occurs (µg/mL); Kd maximum first-order rate constant 
for drug-induced death ofparasite (1/h); Kg first-order rate constant for growth ofparasite (1/h); K,,e, first-order rate 
constant for net growth ofparasite (1/h); PD pharmacodynamic 
*Parameter not estimated in the NONMEM estimation step 
aRibba B, Holford NH, Magni P, Troconiz I, Gueorguieva I, Girard P, et al. A review of mixed-effects models of tumor 
growth and effects ofanticancer drug treatment used in population analysis. CPT Pharmacometrics Syst Pharmacol. 
2014;3:el 13 . 
hSkinner TS, Manning LS, Johnston WA, Davis TM. In vitro stage-specific sensitivity ofPlasmodium falciparum to 
quinine and artemisinin drugs. Int J Parasitol. l 996;26:519-25. 
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Table S4 Parameter Values used for the Gordi model8 simulation 
Parameter Initial estimate Rationale 
K.-* 0.074 (h) Value from literature• 
RF* 9 (fixed) Similar to literature value" of 12 
Kini 0.09 (h) Value from literature• 
Kpini 0.3 (µg xmL/h) Value which enables some patients to recrudesce and others are 

cured 
MTTfr 0.8 Similar literature value• of0.72 
K a.-* 0.058 (h) Value from literature• 

Kn1j first-order removal ofparasites by spleen (1/h); K pinj injury oftrophozoite and schizont (µg/mL x h); Kpar transit 
rate parameter from trophozoite to schizont to ring (h) ; Kr transit rate parameter from ring to trophozoite (h) ; MTTfr 
fraction of mean transit time; RF trophozoite to schizont replication factor 
*Parameter not estimated in the NONMEM estimation step 
•Gordi T, Xie R, Jusko WJ. Semi-mechanistic pharmacokinetic/pharmacodynamic modelling of the antimalarial effect 
of artemisinin. Br J Clin Pharmacol. 2005 ;60:594-604. 
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Table S5 Parameter estimate comparison for traditional model with lower limit of quantification = 10 
Model trad-eknetkd- trad-einokd- trad- trad-eall- trad-einoknet- trad- trad-einoecS0- True value 

blqlOfn- blqlOfn- einoecS0kd- blqlOfn-01.ctl blqlOfn-01.ctl einoecS0knet- blqlOfn-01.ctl from 
01.ctl* 01.ctl* blqlOfn-01.ctl blqlOfn-01.ctl simulation 

Successful covariance? Yes Yes Yes Yes Yes No No 
Value ofobjective function -116117.5 -116773.0 -125656.4 -126461.4 -77201.5 -83015.1 75930.5 
Kne,: first-order rate constant for net 0.0605 (0.0602 0.0607 (0.0607 0.0608 0.0607 0.0568 0.0508 0.037 0.06 
parasite growth (1/h) -0.0608) -0.0608) 
Ki: maximum first-order rate constant for 0.128 (0.0126 - 0.129 (0.127 - 0.126 0.126 0.115 0.115 0.084 0.125 
drug-induced death of parasite (1/h) 0.130) 0.131) 
EC50 : concentration of drug at which 50% 0.0115 (0.0115 0.0123 (0.0122 0.00455 0.00495 0.00968 0.00801 0.014 0.01298 
maximum parasite death occurs (ug/mL) - 0.0115) -0.0123) 
SIGM: steepness parameter for dose- 2 2 2 2 2 2 2 2 
response relationship 
IIV on INOC 0.0649 (0.0599 0.0741 0.0438 1.57 1.38 5.7 0.04 

-0.0699) 
ITV on EC50 1.51 1.1 I 0.635 4.3 0.04 
ITV on Knet 0.00152 0.000819 0.0326 0.0407 0.001 

(0.00137 -
0.00166) 

ITV on Ki 0.0398 (0.0391 0.0352 (0.0341 0.0344 0.0305 0.04 
- 0.0405) -0.0363) 

PD RV SD (log unit) 0.0472 (0.0471 0.0468 (0.0466 0.0413 0.0405 0.0805 0.0741 0.57 0.04 
- 0.0473 ) -0.0469 

%SEM comparison 
Kne,: first-order rate constant for net 0.253 0.0352 0.0342 0.166 0.452 
parasite growth ( 1/h) 
Ki: maximum first-order rate constant for 0.878 0.666 0.589 0.242 0.0123 
drug-induced death of parasite ( 1/h) 
EC50 : concentration of drug at which 50% 0.0505 0.0885 6.48 2.24 0.093 
maximum parasite death occurs (ug/mL) 
ITV on INOC 3.95 5.06 0.635 1 13.1 
ITV on EC50 19.7 __ 8.38 __ 
ITV on Knet 4.82 0.576 16 
ITVonKd 3.77 1.58 2.17 0.618 
PD RV SD (log unit) 0.119 0.146 0.505 0.401 0.115 

l!Vinterindividual variabi lity; !NOC inoculum value (parasites); PD pharmacodynamic; RV residual variability; SD standard deviation; ¾SEM standard error of the mean expressed as a percent 
*Cells in this column are recorded with the final parameter estimate (95% confidence interval) 
Note: Cells which are formatted with a light red background and red text indicate the value in that cell is not within 10% of the true simulated value 
Note: ¾SEM val ues that were 2'. 5% are formatted to have orange text and a yellow background. 
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Table S6 Parameter estimate com~arison for traditional model with lower limit of guantification = 111 
Label trad-ea ll- trad-eknetkd- trad-einokd- trad-einoknet- trad-einoecS0- trad- trad- True value 

01.ctl* 01.ctl* 01.ctl 01.ctl 01.ctl einoecS0knet- einoecS0kd- from 
01.ctl 01.ctl simulation 

Successful covariance? Yes Yes Yes Yes Yes No No 
Value of objective function -78675.5 -76253.4 -15051.5 -59869.5 -15651.2 -61906.0 -7565.0 
Kne,: fi rst-order rate constant for net parasite 0.0607 (0.0604 0.0604 (0.0601 0.0607 0.0559 0.0566 0.0572 0.0611 0.06 
growth (1/h) - 0.0609) - 0.0607) 
Ki: maximum first-order rate constant for 0.123 (0.122 - 0.126 (0.124 - 0.119 0.114 0.102 0.114 0.125 0.125 
drug-induced death of parasite (1/h) 0.124) 0.127) 
EC50: concentration of drug at which 50% 0.0104 (0.0103 0.0123 (0.0 122 0.0113 0.00936 0.000349 0.00681 0.0123 0.01298 
maximum parasite death occurs (ug/mL) -0.0106) -0.0123) - - - -
SIGM: steepness parameter for dose- 2 2 2 2 2 2 2 2 
response relationship 
IIVon ECso 0.077 (0.0718 - 23 0.812 0.623 0.04 

0.0822) 
ITV on INOC 0.0246 (0.0238 0.0509 2.04 0.484 1.96 0.103 O.o4 

- 0.0254) 
ITV on Ki 0.0398 (0.0391 0.0344 (0.0331 0.0378 0.0436 0.04 

- 0.0405) - 0.0356) 
ITV on Knet 0.00103 0.00135 0.031 0.0302 0.001 

(0.00101 - (0.00124 -
0.00 104) 0.00145) 

PD RV SD (log unit) 0.0403 (0.0399 0.0427 (0.0424 0.0453 0.0588 0.146 0.0564 0.0414 0.04 
- 0.04082 - 0.0430 

¾SEM com(!arison 
Kne,: fi rst-order rate constant for net parasite 0.217 0.236 0.134 0.622 0.159 
growth (1/h) 
Kd: maximum first-order rate constant for 0.495 0.711 1.67 0.03 0.132 
drug-induced death of parasite (1/h) 
EC50: concentration of drug at which 50% 0.657 0.157 0.393 0.152 I 12 
maximum parasite death occurs (ug/mL) 
ITV on ECso 3.46 --- __J 19.4 
ITV on INOC 1.64 5.78 13.4 11.2 
ITV on Kd 0.864 1.86 4.83 
ITV on Knet 0.801 3.82 14.3 
PD RV SD {log unit} 0.534 0.322 0.632 0.256 0.26 

l!Vinterindividual variability; !NOC inoculum value (parasites); PD pharmacodynamic; RV residual variability; SD standard deviation; ¾SEM standard error of the mean expressed as a percent 
*Cells in this column are recorded with the fina l parameter estimate (95% confidence interval) 
Note: Cell s which are formatted with a green background indicate the true parameter value used in the simulation is within the 95% confidence interval of the estimated parameter value 
Note: Cell s which are formatted with a light red background and red text indicate the value in that cell is not within 10% of the true simulated value 
Note: ¾SEM values that were c". 5% are formatted to have orange text and a yellow background. 
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Table S7 Parameter estimate com~arison for indirect res~onse model with lower limit of guantification = 10 
Label idr-ea ll-blqlOfn- idr- idr- idr- idr- idr- idr- id r- True va lue 

01.ctl* eecS0emaxin eecS0emaxk ekdemaxinoc ekdemaxinoc ekd kgecS0- ekdkginoc- ekd kgi nocec from 
oc-blqlOfn- d-blqlOfn- -blqlOfn- ecS0- blqlOfn- blqlOfn- 50-blqlOfn- simulation 
01.ctl 01.ctl 01.ctl blqlOfn- 01.ctl 01.ctl 01.ctl 

01.ctl 
Successful covariance? Yes No No No No No No No 
Value of obj ective function -128757.4 -124503.4 -128201.0 -1 16506.5 -1 28622.0 -1 28254.2 -116682. 1 -128349.6 
Kg: first-order rate constant for 0.08 I 64 (0.08 I 40 - 0.0755 0.0829 0.082 0.0829 0.0789 0.0733 0.0796 0.08 
growth of parasite (1/h) 0.08188) 
K,i: maximum first-order rate 0.0 I 633 (0.0 I 623 - 0.0091 0.0172 0.0 162 0.0167 0.0129 0.00788 0.0 141 0.0 15 
constant for drug-induced death 0.01643) 
of parasite ( 1/h) 
EC50 : concentration of drug at 0.01399 (0.01391 - 0.0067 0.014 0.0137 0.0109 0.00958 0.0135 0.0106 0. 1298 
which 50% maximum parasite 0.01408) 
death occurs (ug/mL) 
SIGM: steepness parameter for 2 2 2 2 2 2 2 2 2 
dose-response relationship 
Emax: fo ld increase of death above 9 .564 (9 .520 - 16.6 8.9 9.75 8.64 11.3 19 10.8 10 
Kd 9.608) 
IIV on ECso 0.93 7 (0. 7882 - 1.07 1.21 0.629 0.784 0.443 0.04 

1.086) 
IIV on INOC 0.04504 (0.04448 - 0.267 0.209 0.0315 0.186 0.0437 0.04 

0.04560) 
IIV on Ki 0.023 79 (0.02328 - 0.0629 0.0523 0.0307 0.0734 0.0443 0.0372 0.04 

0.02430) 
IIV on Kg 6.291 E-04 (6.192 0.00234 0.00283 0.000666 0.001 

E-04 - 6.390 E-04) 
IIV on Emax 0.0627 (0.061 17 - 0.0898 0.0599 0.0445 0.0345 0.04 

0.06423) 
PD RV SD (log unit) 0.04012 (0.03980 - 0.0432 0.0406 0.0479 0.0409 0.0398 0.0478 0.0401 0.04 

0.04043 
%SEM com(!arison 
Kg: first-order rate constant for 0.1511 
growth of parasite ( 1/h) 
Ko: maximum first-order rate 0.323 
constant for drug-induced death 
of parasite ( 1/h) 
ECso: concentration of drug at 0.3116 
which 50% maximum parasite 
death occurs (ug/mL) 
Emax: fo ld increase of death above 0.2333 
Ki 
IIV on EC50 8.105 
IIV on INOC 0.632 1 
IIV on Ki 1.096 
IIV on Kg 0.8037 
IIV on Emax 1.243 
PD RV SD (log unit) 0.3959 

l!Vinterindividual variability; !NOC inoculum value (parasites); PD pharmacodynamic; RV residual variability; SD standard deviation; ¾SEM standard error of the mean expressed as a percent 
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*Cells in this column are recorded wi th the fi nal parameter estimate (95% confidence interval) 
Note: Cells which are formatted with a light red background and red text indicate the value in that cell is not within 10% of the true simulated value 
Note: %SEM values that were c". 5% are formatted to have orange text and a yellow background. 
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Table S8 Parameter estimate comparison for indirect response model with lower limit of quantification= 111 
Label idr-eecS0emaxkd- idr-eall- idr idr idr idr- idr- idr- True value 

01.ctl* 01.ctl eecS0emaxin ekdemaxinoc ekdemaxinoc ekdkgecS0- ekdkginoc- ekdkginocec from 
oc-01.ctl -01.ctl ecS0-01.ctl 01.ctl 01.ctl 50-01.ctl simulation 

Successful covariance? Yes No No No No No No No 
Value of objective function -87610.5 -87796.8 -86293.2 -82565.5 -87728.3 -87655.1 -82585.9- -87575.9 
Kg: first-order rate constant for 0.0892 (0.0886 - 0.08 0.0809 0.0841 0.0865 0.0694 0.0687 0.0756 0.08 
growth of parasite (1/h) 0.0898) 
Ki: maximum first-order rate 0.0237 (0.0229 - 0.0144 0.0139 0.0175 0.021 0.00432 0.00325 0.00996 0.015 
constant for drug-induced death 0.0246) 
of parasite (1/h) 
EC so: concentration of drug at 0.0126 (0.0125 - 0.0117 0.00798 0.0147 0.0142 0.0106 0.0144 0.0144 0.1298 
which 50% maximum parasite 0.0127) 
death occurs (ug/mL) 
SIGM: steepness parameter for 2 2 2 2 2 2 2 2 2 
dose-response relationship 
Emax : fo ld increase of death above 6.22 (6.04 -6.40) 10.3 II 8.32 7.13 33.9 45.6 15.2 10 
Ki 
IIVon ECso 0.637 (0.527 - 0.498 0.862 0.352 0.358 0.257 0.04 

0.747) 
IIVon INOC 0.0624 0.375 0.214 0.0206 0.177 0.0898 0.04 
IIVon Ki 0.0398 (0.0390 - 0.0369 0.0707 0.0292 0.0891 0.0347 0.0566 0.04 

0.0405) 
IIVon K. 0.00089 0.00225 0.00281 0.000596 0.001 
IIV on Emax 0.0406 (0.0399 - 0.0346 0.0909 0.0512 0.0598 0.04 

0.0413) 
PD RV SD (log unit) 0.0405 (0.o40 I - 0.0402 0.04 19 0.0444 0.0404 0.o403 0.0444 0.0405 0.o4 

0.0409 
¾SEM com~arison 
Kg: first-order rate constant for 0.357 
growth of parasite (1/h) 
Kd: maximum fi rst-order rate 1.8 
constant for drug-induced death 
of parasite ( 1/h) 
EC50: concentration of drug at 0.404 
which 50% maximum parasite 
death occurs (ug/mL) 
Emax : fo ld increase of death above 1.49 
Ki 
IIVon ECso 8.81 
ITV on INOC 
IIVon Ki 0.948 
IIV on K• 
ITV on Emax 0.884 
PD RV SD (log unit) 0.51 

l!Vinterindividual variabi li ty; !NOC inocu lu m value (parasites); PD pharmacodynamic; RV residual variability; SD standard deviation; ¾SEM standard error of the mean expressed as a percent 
*Cells in this column are recorded with the fina l parameter estimate (95% confidence interval) 
Note: Cells which are formatted with a green background indicate the true parameter value used in the simulation is with in the 95% confidence interval of the estimated parameter value 
Note: Cell s which are formatted with a light red background and red text indicate the value in that cell is not within I0% of the true simulated value 
Note: ¾SEM values that were 2-'. 5% are formatted to have orange text and a yellow background. 
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Table S9 Parameter estimate com~arison for Gom~ertz model with lower limit of guantification = 10 
Label Gompertz- Gompertz- Gompertz- Gompertz- Gompertz- Gompert Gompertz- Gompert Gompert True va lue 

eecS0kd- ein oc- einocecS0- einocecS0kd- einocecS0kg kd z-ekg- eecS0kg- z-eecS0- z-eall- from 
blqlOfn-01.ctl * blqlOfn- blqlOfn- blqlOfn- -blqlOfn-01.ctl blqlOfn- blqlOfn- blqlOfn - blqlOfn- simulation 

01.ctl 01.ctl 01.ctl 01.ctl 01.ctl 01.ctl 01.ctl 
Successful covariance? Yes Yes No No No No No No No 
Value of objective function -116899.7 111686.4 -22937.2 -121856.9 -117639.5 -3748.6 -56629.6 -16354.3 36738.7 
Kg: first-order rate constant for 0.00512 0.0037 0.00499 0.0052 0.006 0.0049 0.00495 0.00497 0.0023 0.0055 
growth of parasite (1/h) (0.00512 -

0.00512) 
EC5o: concentration of drug at 0.00593 0.0302 3.65E-05 0.016 0.00856 0.0062 3.7E-05 3.85E-05 0.0109 0.0 1298 
which 50% maximum parasite (0.00579 -
death occurs ( ug/mL) 0.00607) 
SIGM: steepness parameter for 3 3 3 3 3 3 3 3 3 3 
dose-response relationship 
MPSI: deceleration value 0.00263 0.00263 0.00263 0.0026 0.00263 0.0026 0.00263 0.00263 0.0026 0.0025 

(0.00263 -
0.00263) 

Ki: maximum fi rst-order rate 0.163 (0.160 - 0.131 0.15 0.16 0.345 0.16 0.153 0.149 0.0043 0.168 
constant for drug-induced death 0. 166) 
of parasite ( 1/h) 
IIVon INOC 3.8 0.655 0.045 0.0217 0.972 0.04 
IIV on ECso 13. I ( 12.1 - 14.1) 40.7 20 10.9 38.1 39.6 12000 0.04 
IIV on K. 0.0153 0.0311 0.0101 7.45 0.001 
IIV on MPSI 9E-07 0.04 
IIV on Kd 0.0503 (0.0436 - 0.029 0.0303 11.7 0.04 

0.0569) 
PD RV SD (log unit) 0.0451 (0.0448 - 0.965 0.182 0.041 0.0362 0.241 0.114 0.203 0.614 0.04 

0.0454 
%SEM com(!arison 
Kg: first-order rate constant for 0.0081 0.0989 
growth of parasite (1/h) 
ECso: concentration of drug at 1.19 0.51 
which 50% maximum parasite 
death occurs (ug/mL) 
Ki: maximum fi rst-order rate 0.936 0.0973 
constant for drug-induced death 
of parasite ( 1/h) 
IIV on INOC 46.8 
IIV on ECso 3.92 
IIV on Kg 
IIVon MPSI 
IIVon Ki 6.75 
PD RVSD~ 0.342 0.172 

JJVinterind ividual variabili ty; JNOC inocu lum value (parasi tes); PD pharmacodynamic; RV residual variabili ty; SD standard deviation; ¾SEM standard error of the mean expressed as a percent 
*Cells in this column are recorded with the final parameter estimate (95% confidence interval) 
Note: Cells which are formatted with a green background indicate the true parameter value used in the sim ulation is within the 95% confidence interval of the estimated parameter value 
Note: Cells which are formatted with a light red background and red text indicate the value in that cell is not within I 0% of the true simulated value 
Note: ¾SEM values that were 2'. 5% are formatted to have orange text and a yellow background. 
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Table S10 Parameter estimate com~arison for Gom~ertz model with lower limit of guantification = 111 
Label Gompertz- Gompertz- Gompertz- Gompertz- Gompertz- Gompertz- Gompertz- Gompertz- Gompertz- Tru e va lue 

einocecS0kd- eecS0kg- einoc-01.ctl ekg-01.ctl eall-01.ctl eecS0- eecS0kd- einocecS0- einocecS0k from 
01.ctl 01.ctl 01.ctl 01.ctl 01.ctl gkd-01.ctl simulation 

Value of obj ective function Yes Yes Yes Yes No No No No No 
Kg: first-order rate constant for -84940.7 -54119.3 55651.8 -19117.3 -84271.5 -36531.9 -77821.0 -42596.2 -85132.8 
growth of parasite (1/h) 
EC5o: concentration of drug at 0.00526 0.00506 0.00411 0.00499 0.0054 0.00503 0.00513 0.005 13 0.00517 0.0055 
which 50% maximum parasite (0.00525 -
death occurs (ug/mL) 0.00526) 
SlGM: steepness parameter for 0.00658 0.00115 0.0421 0.0103 0.01 0.000019 0.00414 0.00532 0.00379 0.0 1298 
dose-response relationship (0.00642 -

0.00675) 
MPSI: deceleration value 3 3 3 3 3 3 3 3 3 3 
Ki: maximum fi rst-order rate 0.00263 0.00263 0.00263 0.00263 0.0026 0.00263 0.00263 0.00263 0.00263 0.0025 
constant for drug-induced death (0.00263 -
of parasite ( 1/h) 0.00263) 
IIV on INOC 0.176(0.175- 0.152 0.141 0.162 0.17 0.149 0.126 0.15 0.153 0.168 

0.1778) 
IIV on ECso 0.287 (0.251 - 2.51 0.0097 0.452 0.0445 0.04 

0.322) 
IIV on K. 9.97 (8.18 - 11.8) 172 3.6 60.2 0.121 21 6 0.04 
IIV on MPSI 0.00193 0.0161 0.00 1 0.00153 0.00 1 
IIV on Ki 0.000085 0.04 
PD RV SD (log unit) 0.0413 (0.041 - 0.031 0.198 0.0608 0.04 

Value of objective function 
0.04 17) 
0.0408 (0.0405 - 0.0777 0.524 0.157 0.04 I 0.112 0.0456 0.0972 0.0392 0.04 
0.041 

¾SEM com~arison 
Kg: first-order rate constant for 0.0623 0.175 0.106 1.68 
growth of parasite (1/h) 
EC50 : concentration of drug at 1.31 I 13.7 0.527 0.198 
which 50% maximum parasite 
death occurs (ug/mL) 
MPSI: deceleration value 
Ki: maximum fi rst-order rate 0.35 0.0193 0.123 0.034 
constant for drug-induced death 
of parasite ( 1/h) 
IIV on INOC 6.32 34.9 
IIV on ECso 
IIV on Ks 

9.17 1.96 -
5.01 I 119.8 

IIVon MPSI 
IIVon Ki 0.43 
PD RV SD {log unit} 0.33 0.129 0. 197 0.149 

JJVinterind ividual variabi li ty; JNOC inoculum value (parasi tes); PD pharmacodynamic; RV residual variabili ty; SD standard deviation; ¾SEM standard error of the mean expressed as a percent 
*Cells in this column are recorded with the final parameter estimate (95% confidence interval) 
Note: Cells which are formatted with a light red background and red text indicate the value in that cell is not within 10% of the true simulated value 
Note: ¾SEM values that were c". 5% are formatted to have orange text and a yellow background. 
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Table S11 Parameter estimate com~arison for Gordi model with lower limit of guantification = 10 
Label gord i- gord i- gordi- gordi- gord i- gord i- gordi- gordi- gord i- gord i- gordi- gordi- Tru e va lue 

eMTTin ekinjMT ekinj MT ekinj- eMTT- einoc- ekinj ino ekpinj- ekpinj in ekpinjM ekpinjM eall- from 
oc- T- Tinoc- blqlOfn- blqlOfn- blqlOfn- c- blqlOfn- oc- TT- TTinoc- blqlOfn- simulation 
blqlOfn- blqlOfn- blqlOfn- 01.ctl 01.ctl 01.ctl blqlOfn- 01.ctl blqlOfn- blqlOfn- blqlOfn- 01.ctl 
01.ctl* 01.ctl* 01.ctl* 01.ctl 01.ctl 01.ctl 01.ctl 

Successful covariance? Yes Yes Yes Yes Yes Yes Yes Yes Yes No No No 
Value of obj ective 38299.4 13507.3 13507.3 
function 120784.8 120784.8 145030.4 I 03271.8 107280.6 126427.0 131065.9 1352572. 146541.0 

3 
MTT: mean transit time 35.9 36 (35.9 36.5 35 34.7 34.1 34.7 33.8 33.4 35.8 37 34 38.4 
for parasite lifecycle (35.8 - - 36.1) (36.4 -

35.9) 36.5) 
PLCT: parasite lifecycle 48 48 48 48 48 48 48 48 48 48 48 48 48 
time 
Kpinf injury of 0.349 0.408 0.329 0.395 0.545 0.543 0.462 2.78 2.3 0.284 0.3 0.367 0.3 
trophozoi tes and (0.348 - (0.406 - (.328 -
schizonts (µg/mL xh) 0.350) 0.409) 0.331) 
Kmi: removal of 0.0787 0.0861 0.0875 0.0914 0.0827 0.0876 0.84 0.0845 0.0882 0.0968 0.083 0.0793 0.09 
parasites by spleen (1/h) (0.0787 - (0.0855 - (0.0870 -

0.0788) 0.0866) 0.0880) - -
RF: replication factor 9 9 9 9 9 9 9 9 9 9 9 9 9 
visible trophozoite to 
invisible schizont 
!NOC: inoculum value 1800 1800 1800 1800 1800 1800 1800 1800 1800 1800 1800 1800 1800 
(parasites) 
ITV on !NOC 0.0639 0.0503 0.613 2.15 0.108 0.058 0.0388 0.04 

(0.0623 (0.0493 -
0.0656) 0.0513) 

ITV on Kinj 0.0553 0.0345 0.0385 9.02 0.0525 0.04 
(0.0534 - (0.0340 -
0.0573) 0.0349) 

ITV on Koini 7.63 3.92 3.15 0.076 0.255 0.04 
ITV on MTT 0.0367 0.00565 0.0326 0.0054 0.00647 0.045 0.0258 0.04 

(0.0364 - (0.00482 (0.0322 -
0.0370) 0.0330) 

0.00647) 
PD RV SD (log unit) 0.0577 0.047 0.0417 0.374 0.0722 0.281 0.237 0.0695 0.0533 0.0498 0.051 0.0414 0.04 

(0.0576 - (0.0468 - (0.0414 -
0.05792 0.04722 0.0420 

¾SEM coml!arison 
MTT: MTT parasite 0.0585 0.084 0.095 1 0.0 163 0.264 0.0 19 1 0.0 18 0.0227 0.0343 
lifecycle 
Kpinf injury of 0. 181 0.209 0.271 0.214 0. 11 7 0.243 0.237 4.06 4.92 
trophozoi tes and 
schizonts (µg/mL xh) 
Kmi: removal of 0.0 169 0.306 0.293 1.04 0.0164 0.0761 4.83 0.0309 0.0782 
parasites by spleen (1/h) 
IIVon !NOC 1.3 0.977 6.46 4.9 - 3.29 
ITV on K;ni 1.8 1 0.625 2.47 8.58 
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IIV on Koini 13.5 10.7 
IIV on MIT 0.446 7.44 0.631 13 
PD RV SD (log unit) 0.103 0.212 0.396 0.0581 0.0878 0.0661 0.069 0.105 0.192 

JJVinterindividual variability; !NOC inoculum value (parasites); PD pharmacodynamic; RV residual variability; SD standard deviation; ¾SEM standard error of the mean expressed as a percent 
*Cells in this column are recorded with the final parameter estimate (95% confidence interval) 
Note: Cells which are formatted with a light red background and red text indicate the value in that cell is not within I 0% of the true simulated value 
Note: ¾SEM values that were 2: 5% are formatted to have orange text and a yellow background. 
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Table S12 Parameter estimate com~arison for Gordi model with lower limit of guantification = 111 
Label gordi- gordi- gordi- gordi- gordi- gordi- gordi- gordi- gordi- gordi- gordi- gordi- True value 

eMTTin ekinjMT ekinjMT eall- einoc- ekpinjin ekinj- ekinjino ekpinj- ekpinjM ekpinjM eMTT- from 
oc- T-01.ctl* Tinoc- 01.ctl* 01.ctl oc-01.ctl 01.ctl c-01.ctl 01.ctl TT- TTinoc- 01.ctl simulation 
01.ctl* 01.ctl* 01.ctl 01.ctl 

Successful covariance? Yes Yes Yes Yes Yes Yes Yes Yes Yes No No No 
Value of objective -90151.7 -95286.1 -17737.3 -90675.8 -1534.0 -26757.4 -79307.5 -90511.6 -96183.9 -79553.3 
function 100286.2 100805.9 
MIT: mean transit time 34.4 35.4 35.5 35.6 35.5 33.5 36.4 36.1 34.2 34.73 35.3 33 38.4 
for parasite li fecycle (34.5 - (35.4 - (35.4 - (35.6 -

34.5) 35.5) 35.5) 35.7) 
PLCT: parasite li fecycle 48 48 48 48 48 48 48 48 48 48 48 48 48 
time - -
Kp;nj: injury of 0.482 0.439 0.337 0.544 0.261 0.33 0.189 0.211 0.192 0.2651 0.3 17 0.8 0.3 
trophozoites and (0.478 - (0.436 - (0.335 - (0.528 -
schizonts (µg/mL xh) 0.486) 0.443) 0.340) 0.560) 
K;,,f removal of 0.0821 0.0856 0.0857 0.0853 0.0855 0.0862 0.0946 0.0846 0.0832 0.09201 0.0908 0.087 0.09 
parasites by spleen ( 1/h) (0.082 1 - (0.085 I - (0.0853 - (0.0847 -

0.0822) 0.0861) 0.086 1) 0.0859) 
RF: replication factor 9 9 9 9 9 9 9 9 9 9 9 9 9 
visible trophozoite to 
invisible schizont 
INOC: inoculum value 1800 1800 1800 1800 1800 1800 1800 1800 1800 1800 1800 1800 1800 
(parasites) 
ITV on INOC 0.0826 0.0505 0.0408 0.388 0.068 0.513 0.0662 0.04 

(0.0821 - (0.0496 - (0.0404 -
0.0822) 0.0515) 0.0412) 

ITV on K;nj 0.0508 0.0421 0.0292 0.0468 0.0558 0.04 
(0.0495 - (0.0415 - (0.0290 -
0.0522) 0.0427) 0.0294) 

ITV on Kp;nj 0.462 4.01 8.69 4.69 2.37 0.04 
(0.410 -
0.514) 

ITV on MTT 0.0485 0.00381 0.0027 0.0022 0.0385 0.0402 0.0058 0.04 
(0.0480 - (0.00333 (0.00241 (0.00193 
0.0491) 

0.00429) 0.00300) 0.00247) 
PD RV SD (log unit) 0.049 0.0448 0.0408 0.0408 0.164 0.0483 0.214 0.139 0.0606 0.04876 0.0431 0.06 0.04 

(0.0488 - (0.0446 - (0.0405 - (0.0404 -
0.04922 0.0451 2 0.04112 0.04122 

¾SEM Coml!arison 
MTT: MTT parasite 0.0743 0. 103 0.07 11 0.0333 0.0 102 0.0636 0.0 137 0.0 162 0.0356 
lifecycle 
Kp;nj'. injury of 0.436 0.418 0.402 1.5 0.136 0.459 0.178 0.215 1.22 
trophozoi tes and 
schizonts (µg/mL xh) 
K;,,i: removal of 0.0499 0.277 0.237 0.354 0.0614 0.0772 1.27 0.274 0.0244 
parasites by spleen (1/h) 
IIVon INOC 2.02 0.914 0.509 4.1 2.46 5.14 
ITV on K;ni 1.35 0.683 0.336 4.69 0.899 
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IIV on Koini 5.76 9.16 9.11 
IIV on MIT 0.606 6.38 5.56 6.35 
PD RV SD (log unit) 0.204 0.312 0.375 0.463 0.0747 0.341 0.0759 0.0986 0.163 

JJVinterindividual variability; !NOC inoculum value (parasites); PD pharmacodynamic; RV residual variability; SD standard deviation; ¾SEM standard error of the mean expressed as a percent 
*Cells in this column are recorded with the final parameter estimate (95% confidence interval) 
Note: Cells which are formatted with a light red background and red text indicate the value in that cell is not within I 0% of the true simulated value 
Note: ¾SEM values that were 2: 5% are formatted to have orange text and a yellow background. 
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Fig. S1 Simulated pharmacokinetics. The green line is the pharmacokinetic lower limit of 

quantification (1 µg/mL) and the red line is the ECso (0.01298 µg/mL). The ECso value used for 

quinine was an in vitro value obtained from the literature against the 3D7 strain of Plasmodium 

falciparum 3 

EC50 drug concentration at which 50% of maximum rate of parasite death occurs (µg/mL) 

3 Skinner TS, Manning LS, Johnston WA, Davis TM. In vitro stage-specific sensitivity of 

Plasmodium falciparum to quinine and artemisinin drugs. Int J Parasitol. 1996;26:519-25. 
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Fig. S2 Simulated parasite count profiles from the traditional model. The red vertical line 

indicates the time at which drug was first administered. The black horizontal line is the threshold 

for "cure" (0.003 parasites/mL). The green horizontal line indicates the lower limit of 

quantification of 111 parasites/mL. The pink horizontal line represents the lower limit of 

quantification of 10 parasites/mL. 
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Fig. S3 Simulated parasite count profiles from the traditional + indirect response component 

model. The red vertical line indicates the time at which drug was first administered. The black 

horizontal line is the threshold for "cure" (0.003 parasites/mL). The green horizontal line 

indicates the lower limit of quantification of 111 parasites/mL. The pink horizontal line 

represents the lower limit of quantification of 10 parasites/mL. 

253 



1e+07 -

c 
::::, 
0 
0
.l'l 1e+01 -
·;;; 
~ 
(1J 

Cl.. 

1e-02 -

' ' ' ' 
0 200 400 600 

Time (hours} 

Fig. S4 Simulated parasite count profiles from the Gompertz model. The red vertical line 

indicates the time at which drug was first administered. The black horizontal line is the threshold 

for "cure" (0.003 parasites/mL). The green horizontal line indicates the lower limit of 

quantification of 111 parasites/mL. The pink horizontal line represents the lower limit of 

quantification of 10 parasites/mL. 
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Fig. S5 Simulated parasite count profiles from the Gordi model. The red vertical line indicates 

the time at which drug was first administered. The black horizontal line is the threshold for 

"cure" (0.003 parasites/mL). The green horizontal line indicates the lower limit of quantification 

of 111 parasites/mL. The pink horizontal line represents the lower limit of quantification of 10 

parasites/mL. 
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Supplemental File 1: C++ Code for Traditional Model 

$GLOBAL 
#define CP ( CENT /TVV) 
#define CT (PERI/V2) 

$P ARAM @annotated 

TVKA : 0.817 : Absorption rate constant (11hr) 
TVCL: 10.4 : Clearance (L/hr) 
TVV : 174 : Volume of distribution (L) 
TVQ: 10.7 : Inter-compartment Clearance(L/h) 
TVV2 : 54.3: Peripheral Volume of distribution (L) 
TVKnet : 0.06: First-Order Rate Constant for Net Growth of Parasite (1/h) 
TVKd : 0.145 : First Order Rate Constant for Drug-Induced Death of Parasite (1/h) 
TVEC50 : 0.01298 : Cone. of Drug at which 50% Max. Parasite Killing Occurs (ug/mL) 
SIGM : 2 : Steepness Parameter Dose-Response Relationship (unitless) 
INOC: 1800 : Inoculum value (parasites) 
ALAG : 168 : Lag time before dose is administered (h) 
TVWTKG : 56.5 : Mean body weight (kg) 

$CMT @annotated 
GUT: Gut compartment (mass) 
CENT : Central compartment (mass) 
PERI : Peripheral compartment (mass) 
PARA : Parasite compartment (mass/volume) 

$MAIN 

double WTKG = TVWTKG*exp(EWTKG); 

inti= O; 

while((WTKG < 44) 11 (WTKG > 71)) { 
if(++i > 500) break; 
simeta(); 
WTKG = TVWTKG*exp(EWTKG); 

} 

double KA= TVKA *exp(EKA); 
double CL= TVCL*pow((WTKG/TVWTKG), 0.666)*exp(ECL); 
double V2 = TVV2*(WTKG/TVWTKG)*exp(EV2); 
double V = TVV*(WTKG/TVWTKG); 
double Q = TVQ*pow((WTKG/TVWTKG), 0.666); 
double EC50 = TVEC50*exp(EEC50); 
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double Knet = TVKnet*exp(EKnet); 
double Kd = TVKd*exp(EKd); 
double DE= (pow(CP,SIGM)/(pow(EC50,SIGM)+pow(CP,SIGM))); 
PARA_ 0=INOC/5000*exp(EVIN); 
GUT_0=0; 
ALAG_GUT= ALAG; 
double REC = 0; 

$ODE 

if(PARA>=0.003) { 
if(SOLVERTIME > 168){REC=l ; 
} 

} 
if(SOLVERTIME <= 168){REC=l ; 

} 

dxdt_GUT= -KA *GUT; 
dxdt_ CENT = KA *GUT - CL *CP + TVQ*CT - TVQ*CP; 
dxdt_PERI = TVQ*CP - TVQ*PERI/V2; 
dxdt_PARA = (Knet*PARA - Kd*DE*PARA)*REC; 

$OMEGA @ annotated 
EKA: 0.29607: ETA on absorption rate constant 
ECL: 0.00590 : ETA on clearance 
EV2 : 0.40631 : ETA on volume in peripheral compartment 
EVIN : 0.04 : ETA on Inoculum load 
EEC50 : 0.04 : ETA on EC50 
EKnet : 0.001 : ETA on Knet 
EKd : 0.04: ETA on Kd 
EWTKG: 0.04 : ETA on WTKG 

$SIGMA @annotated 
ADDI: 0.0158 : sigma PK 
ADD2: 0.04 : sigma PD 

$TABLE 

double IPRED = CENT/TVV; 
double cone= IPRED*exp(ADDl); 
double lgl0paraDV = logl0(PARA)+(ADD2); 
double paraDV=pow(l0,lgl0paraDV); 

$CAPTURE @annotated 
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CL : Individual clearance (L/hr) 
EVIN: ETA on Inoculum Load 
EEC50 : ET A on EC50 
EKnet : ET A on KNET 
EKd : ETA on Kd 
PARA: eta 
s (parasites/mL) 
ECL : ET A in clearance 
EV2 : ET A on volume on peripheral compartment 
EKA : ET A on absorption rate constant 
KA : Absorption rate constant (1/h) 
CL : Clearance (L/hr) 
V2 : Volume of distribution in Peripheral Compartment(L) 
TVQ: Inter-compartment Clearance C Peri(L/h) 
TVV2 : Peripheral Volume of distribution (L) 
paraDV : predicted parasite count 
lglOparaDV: loglO parasite count 
cone : drug concentration ( ng/mL) 
REC : recrudescence (T /F) 
WTKG : Weight (kg) 
IPRED : concentration without RV 
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Supplemental File 2: R Code for Traditional Model Simulation 

.lib Paths() 

library( mrgsolve) 
library(dplyr) 
library(magrittr) 
library( tidyr) 
library(ggplot2) 
getwd() 

mod <- mread("trad") 
set.seed(0409) 
data <- as_data_set(ev(amt=800,addl=20, ii=8, cmt=l , ID=l:500)) 
out<-mod %<>% param(TVKd=0.125) %>% data_set(data) %>% mrgsim(end=672, delta=l) 

#FINAL PK 
ggplot(out %>% filter(time<672) %>% group_by(ID)) + 

geom_line(aes(x=time, y=conc, group=ID)) + 
geom_ hline(yintercept= 1, color=" green") + 
geom_hline(yintercept=0.01298, color="red") + 
scale_y_log 10() 

#Final PD 
ggplot(out %>% filter(time<700) %>% group_by(ID)) + 

geom_line(aes(x=time, y=paraDV, group=ID, color=ID)) + 
geom_ hline(yintercept=0.003) + 
geom_hline(yintercept=l 11 , color="green") + 
geom_ hline(yintercept= 10, color="pink") + 
geom_ vline(xintercept= 168, color="red")+ 
scale_y_log 10() 

temp<-as.data.frame( out) 

##this exported data to CSV 
write.table(temp, "trad.csv", sep=",", row.names=F) 
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Supplemental File 3: C++ Code for IDR Model 

$GLOBAL 
#define CP ( CENT /TVV) 
#define CT (PERI/V2) 

$PARAM @annotated 

TVKA : 0.817 : Absorption rate constant (11hr) 
TVCL: 10.4 : Clearance (L/hr) 
TVV : 174 : Volume of distribution (L) 
TVQ: 10.7 : Inter-compartment Clearance (L/h) 
TVV2 : 54.3: Peripheral Volume of distribution (L) 
TVKg : 0.08 : First-Order Rate Constant for Growth of Parasite (1/h) 
TVKd : 0.025 : First Order Rate Constant for Natural Death of Parasite (1/h) 
TVEC50 : 0.01298 : Cone. of Drug at which 50% Max. Parasite Killing Occurs (ug/mL) 
SIGM : 2 : Steepness Parameter Dose-Response Relationship (unitless) 
INOC: 1800 : Inoculum value (parasites/mL) 
ALAG : 168 : Lag time before dose is administered 
TVEMAX : 10: Fold increase of death above TVKd 
TVWTKG : 56.5 : Mean body weight (kg) 

$CMT @annotated 
GUT: Gut compartment (mass) 
CENT: Central compartment (mass) 
PERI : Peripheral compartment (mass) 
PARA : Parasite compartment (mass/volume) 

$MAIN 

double WTKG = TVWTKG*exp(EWTKG); 

inti= O; 

while((WTKG < 44) 11 (WTKG > 71)) { 
if(++i > 500) break; 
simeta(); 
WTKG = TVWTKG*exp(EWTKG); 

} 

double KA= TVKA *exp(EKA); 
double CL= TVCL*pow((WTKG/TVWTKG), 0.666)*exp(ECL); 
double V2 = TVV2*(WTKG/TVWTKG)*exp(EV2); 
double V = TVV*(WTKG/TVWTKG); 
double Q = TVQ*pow((WTKG/TVWTKG), 0.666); 
double EC50 = TVEC50*exp(EEC50); 
double Kg = TVKg*exp(EKg); 
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double Kd = TVKd*exp(EKd); 
double EMAX = TVEMAX*exp(EEMAX); 
double DE= (EMAX*pow(CP,SIGM))/(pow(EC50,SIGM)+pow(CP,SIGM)); 
PARA_ 0=INOC/5000*exp(EVIN); 
GUT_0=0; 
ALAG_GUT= ALAG; 
double REC = 0; 

$ODE 

if(PARA>=0.003) { 
if(SOLVERTIME > 168){REC=l ; 
} 

} 
if(SOLVERTIME <= 168){REC=l ; 

} 

dxdt_GUT= -KA *GUT; 
dxdt_ CENT = KA *GUT - CL *CP + TVQ*CT - TVQ*CP; 
dxdt_PERI = TVQ*CP - TVQ*PERI/V2; 
dxdt_PARA = ((Kg-(Kd*(l+DE)))*PARA)*REC; 

$OMEGA @ annotated 
EKA: 0.29607 : ETA on absorption rate constant 
ECL: 0.00590 : ETA on clearance 
EV2 : 0.40631 : ETA on volume in peripheral compartment 
EVIN : 0.04 : ETA on Inoculum load 
EEC50 : 0.04 : ETA on EC50 
EKg : 0.001: ETA on Kg 
EKd : 0.04: ETA on Kd 
EEMAX : 0.04 : ETA on EMAX 
EWTKG: 0.04 : ETA on WTKG 

$SIGMA @annotated 
ADDI: 0.0158 : sigma PK 
ADD2: 0.04 : sigma PD 

$TABLE 

double IPRED = CENT/TVV; 
double cone= IPRED*exp(ADDl); 
double lgl0paraDV = logl0(PARA)+(ADD2); 
double paraDV=pow(l0,lgl0paraDV); 
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$CAPTURE @annotated 
CL : Individual clearance (L/hr) 
EVIN: ETA on Inoculum Load 
EEC50 : ET A on EC50 
EEMAX : ETA on EMAX 
EKg : ETA on Kg 
EKd : ETA on Kd 
PARA: Parasite counts (parasites/mL) 
ECL : ET A in clearance 
EV2 : ET A on volume on peripheral compartment 
EKA : ET A on absorption rate constant 
KA : Absorption rate constant (1/h) 
CL : Clearance (L/hr) 
V2 : Volume of distribution (L) 
TVQ: Inter-compartment Clearance C Peri(L/h) 
TVV2 : Peripheral Volume of distribution (L) 
paraDV : predicted parasite count 
lglOparaDV: loglO parasite count 
cone : drug concentration ( ng/mL) 
REC : recrudescence (T /F) 
WTKG : Weight (kg) 
IPRED : concentration without RV 
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Supplemental File 4: R Code for IDR Model simulation 

.lib Paths() 

library( mrgsolve) 
library(dplyr) 
library(magrittr) 
library( tidyr) 
library(ggplot2) 
getwd() 

mod <- mread("IDR") 
set.seed(0409) 
data <- as_data_set(ev(amt=800,addl=20, ii=8, cmt=l , ID=l:500)) 
out<-mod %<>% param(TVKd=0.015 , TVEMAX=l0,TVKg=0.08) %>% data_set(data) %>% 
mrgsim(end=672, delta=l) 

#FINAL PK 
ggplot(out %>% filter(time<672) %>% group_by(ID)) + 

geom_line(aes(x=time, y=CENT, group=ID)) + 
geom_ hline(yintercept= 1, color=" green") + 
geom_ hline(yintercept=0.01298, color="red") + 
scale_y_log 10() 

#Final PD 
ggplot(out %>% filter(time<700) %>% group_by(ID)) + 

geom_line(aes(x=time, y=paraDV, group=ID, color=ID)) + 
geom_hline(yintercept=l 11 , color="green") + 
geom_ hline(yintercept= 10, color="pink") + 
geom_ hline(yintercept=0.003) + 
geom_ vline(xintercept= 168, color ="red")+ 
scale_y_log 10() 

temp<-as. data. frame( out) 

##this exported data to CSV 
write.table(temp, "tradidr.csv", sep=",", row.names=F) 
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Supplemental File 5: C++ Code for Gompertz Model 

$GLOBAL 
#define CP ( CENT /TVV) 
#define CT (PERI/V2) 
#define ZZ (Kg/PHI) 

$P ARAM @annotated 

TVKA : 0.817 : Absorption rate constant (11hr) 
TVCL: 10.4 : Clearance (L/hr) 
TVV : 174 : Volume of distribution (L) 
TVQ: 10.7 : Inter-compartment Clearance (L/h) 
TVV2 : 54.3: Peripheral Volume of distribution (L) 
TVKg : 0.006: Maximum First-Order Rate Constant for Net Growth of Parasite (1/h) 
TVKd : 0.168: Maximum First-Order Rate Constant for Drug-Induced Death of Parasite (1/h) 
TVEC50 : 0.01298 : Cone. of Drug at which 50% Max. Parasite Killing Occurs (ug/mL) 
SIGM : 3 : Steepness Parameter Dose-Response Relationship (unitless) 
INOC: 1800 : Inoculum value (parasites/mL) 
ALAG : 168 : Lag time before dose is administered 
TVPHI: 0.0025 : Deceleration value 
ALPHA : 100000000 : asymptote maximum parasite growth 
TVWTKG : 56.5 : Mean body weight (kg) 

$CMT @annotated 
GUT: Gut compartment (mass) 
CENT : Central compartment (mass) 
PERI : Peripheral compartment (mass) 
PARA : Parasite compartment (mass/volume) 

$MAIN 

double WTKG = TVWTKG*exp(EWTKG); 

inti= O; 

while((WTKG < 44) 11 (WTKG > 71)) { 
if(++i > 500) break; 
simeta(); 
WTKG = TVWTKG*exp(EWTKG); 

} 

double KA= TVKA *exp(EKA); 
double CL= TVCL*pow((WTKG/TVWTKG), 0.666)*exp(ECL); 
double V2 = TVV2*(WTKG/TVWTKG)*exp(EV2); 
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double V = TVV*(WTKG/TVWTKG); 
double Q = TVQ*pow((WTKG/TVWTKG), 0.666); 
double EC50 = TVEC50*exp(EEC50); 
double Kg = TVKg*exp(EKg); 
double Kd = TVKd*exp(EKd); 
double DE= ((pow(CP,SIGM))/(pow(EC50,SIGM)+pow(CP,SIGM))); 
double NETG = ZZ*PARA*(l-pow((PARA/ALPHA),PHI)); 
double NETDE = DE*PARA *Kd; 
double PHI= TVPHI*exp(EPHI); 
PARA_ 0=INOC/5000*exp(EVIN); 
GUT_0=0; 
ALAG_GUT= ALAG; 
double REC = 0; 

$ODE 

if(PARA>=0.003) { 
if(SOLVERTIME > 168){REC=l ; 
} 

} 
if(SOLVERTIME <= 168){REC=l ; 

} 

dxdt_GUT= -KA *GUT; 
dxdt_ CENT = KA *GUT - CL *CP + TVQ*CT - TVQ*CP; 
dxdt_PERI = TVQ*CP - TVQ*PERI/V2; 
dxdt_PARA = (NETG - NETDE)*REC; 

$OMEGA @ annotated 
EKA: 0.29607 : ETA on absorption rate constant 
ECL: 0.00590 : ETA on clearance 
EV2 : 0.40631 : ETA on volume in peripheral compartment 
EVIN : 0.04 : ETA on Inoculum load 
EEC50 : 0.04 : ETA on EC50 
EKg : 0.001: ETA on Kg 
EKd : 0.04: ETA on Kd 
EWTKG: 0.04 : ETA on WTKG 
EPHI: 0.04 : ETA ON PHI 

$SIGMA @annotated 
ADDI: 0.0158 : sigma PK 
ADD2: 0.04 : sigma PD 

$TABLE 
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double IPRED = CENT/TVV; 
double cone= IPRED*exp(ADDl); 
double lglOparaDV = loglO(PARA)+(ADD2); 
double paraDV=pow(lO,lglOparaDV); 

$CAPTURE @annotated 
CL : Individual clearance (L/hr) 
EVIN: ETA on Inoculum Load 
EEC50 : ET A on EC50 
EKg : ETA on Kg 
EKd : ETA on Kd 
PARA: Parasite counts (parasites/mL) 
ECL : ET A in clearance 
EV2 : ET A on volume on peripheral compartment 
EKA : ET A on absorption rate constant 
KA : Absorption rate constant (1 /h) 
CL : Clearance (L/hr) 
V2 : Volume of distribution (L) 
TVQ: Inter-compartment Clearance C Peri(L/h) 
TVV2 : Peripheral Volume of distribution (L) 
paraDV: predicted parasite count (parasites/mL) 
lglOparaDV: loglO parasite count (parasites/mL) 
cone : drug concentration ( ng/mL) 
REC : recrudescence (T /F) 
WTKG : Weight (kg) 
IPRED : concentration without RV (ug/mL) 
EPHI : Eta on PHI 
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Supplemental File 6: R Code for Gompertz Model simulation 

.lib Paths() 

library( mrgsolve) 
library(dplyr) 
library(magrittr) 
library( tidyr) 
library(ggplot2) 
getwd() 

mod <- mread("Gompertzeta") 
set.seed(0409) 
data <- as_data_set(ev(amt=800,addl=20, ii=8, cmt=l , ID=l:500)) 
out<-mod %<>% param(TVKg=0.0055 , TVPHI=0.0025 , ALPHA=l00000000, TVKd= 0.168) 
%>% data_set(data) %>% mrgsim(end=672, delta=l) 

#FINAL PK 
ggplot(out %>% filter(time<672) %>% group_by(ID)) + 

geom_line(aes(x=time, y=conc, group=ID)) + 
geom_ hline(yintercept= 1, color=" green") + 
geom_ hline(yintercept=0.01298, color="red") + 
scale_y_log 10() 

#Final PD 
ggplot(out %>% filter(time<672) %>% group_by(ID)) + 

geom_line(aes(x=time, y=paraDV, group=ID, color=ID)) + 
geom_ hline(yintercept=0.003) + 
geom_hline(yintercept=l 11 , color="green") + 
geom_ hline(yintercept= 10, color="pink") + 
geom_ vline(xintercept= 168, color="red")+ 
scale_y_log 10() 

temp<-as. data. frame( out) 

##this exported data to CSV 
write.table(temp, "Gompertz.csv", sep=",", row.names=F) 

267 



Supplemental File 7: C++ Code for Gordi Model 

$GLOBAL 
#define CP ( CENT /TVV) 
#define CT (PERI/V2) 
#define PC (TOT/BV) 
#define vpara (Pl +P3+P4) 
#define KPAR (2/MTT4) 
#define KR (1 /(48-MTT4)) 

$P ARAM @annotated 

TVKA : 0.817 : Absorption rate constant (11hr) 
TVCL: 10.4 : Clearance (L/hr) 
TVV : 174 : Volume of distribution (L) 
TVQ: 10.7 : Inter-compartment Clearance (L/h) 
TVV2 : 54.3: Peripheral Volume of distribution (L) 
MTTfrac : (0.8) : MTT Parasite Life Cycle 
PLCT: 48 : Parasite Life Cycle Time 
TVKPINJ: 3.5 : injury oftrophozoites and schizonts (ug/ml*h) 
KR : 0.074 : transfer from ring to trophozoite (h) 
TVKINJ: 0.09 : removal of parasites by spleen (11hr) 
KPAR : 0.058: transfer trophozoites to schizonts to ring(h) 
RF : 12 : Rep factor visible trophozoite to invisible schizont 
INOC: 1800 : Inoculum value (parasites/mL) 
ALAG : 168 : Lag time before dose is administered 
BV : 5000 : Body Volume (L) 
TVWTKG : 56.5 : Mean body weight (kg) 

$CMT @annotated 
GUT: Gut compartment (mass) 
CENT : Central compartment (mass) 
PERI : Peripheral compartment (mass) 
Pl : Trophozoite Compartment (mass/volume) 
P2 : Sequestered Schizonts Compartment 
P3 : Ring Stage Insensitive Compartment 
P4 : Injured Parasites Eliminated by Spleen Compartment 

$MAIN 
double WTKG = TVWTKG*exp(EWTKG); 

inti= O; 

while((WTKG < 44) 11 (WTKG > 71)) { 
if(++i > 500) break; 
simeta(); 
WTKG = TVWTKG*exp(EWTKG); 
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} 

double KA= TVKA *exp(EKA); 
double CL= TVCL*pow((WTKG/TVWTKG), 0.666)*exp(ECL); 
double V2 = TVV2*(WTKG/TVV2)*exp(EV2); 
double V = TVV*(WTKG/TVWTKG); 
double Q = TVQ*pow((WTKG/TVWTKG), 0.666); 
double KPINJ = TVKPINJ*exp(EKPINJ); 
double KINJ = TVKINJ*exp(EKINJ); 

double MTTl = MTTfrac*48; 
double MTT2 = logl0((MTTfrac)/(1-(MTTfrac))); 
double MTT3 = MTT2+(EMTT); 
double MTT4 = ((exp(MTT3))/(1 +(exp(MTT3))))*48; 

GUT_0=0; 
ALAG_GUT= ALAG; 
double REC = 0; 
Pl_0=0; 
P3_ 0=INOC/5000*exp(EVIN); 
P4_0=0; 
P2_0=0; 

$ODE 

if(vpara>=0.003) { 
if(SOLVERTIME > 168){REC=l ; 
} 

} 
if(SOLVERTIME <= 168){REC=l ; 

} 

dxdt_GUT= -KA *GUT; 
dxdt_ CENT = KA*GUT - CL*CP + TVQ*CT - TVQ*CP; 
dxdt_PERI = TVQ*CP - TVQ*PERI/V2; 
dxdt_Pl = (P3*KR- Pl *KPAR- KPINJ*Pl *CP)*REC; 
dxdt_P2 = RF*Pl *KPAR- P2*KPAR- P2*KPINJ*CP; 
dxdt_P3 = (P2*KPAR- P3*KR)*REC; 
dxdt_P4 = ((Pl *KPINJ*CP + P2*KPINJ*CP) - P4*KINJ)*REC; 

$OMEGA @ annotated 
EK.A: 0.29607 : ETA on absorption rate constant 
ECL: 0.00590 : ETA on clearance 
EV2 : 0.40631 : ETA on volume in peripheral compartment 
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EVIN : 0.04 : ETA on Inoculum load 
EWTKG: 0.04 : ETA on WTKG 
EKPINJ: 0.04 : ETA on KPINJ 
EKINJ: 0.04 : ETA on KINJ 
EMTT : 0.04: ETA on MTT3 

$SIGMA @annotated 
ADDI: 0.0158 : sigma PK 
ADD2: 0.04 : sigma PD 

$TABLE 

double IPRED = CENT/TVV; 
double cone= IPRED*exp(ADDl); 
double lgl0paraDV = logl0(vpara)+(ADD2); 
double paraDV=pow(l0,lgl0paraDV); 

$CAPTURE @annotated 
CL : Individual clearance (L/hr) 
EVIN: ETA on Inoculum Load 
ECL : ET A in clearance 
EV2 : ET A on volume on peripheral compartment 
EKA : ET A on absorption rate constant 
KA : Absorption rate constant (1/h) 
CL : Clearance (L/hr) 
V2 : Volume of distribution (L) 
TVQ: Inter-compartment Clearance C Peri(L/h) 
TVV2 : Peripheral Volume of distribution (L) 
paraDV : predicted parasite count 
lgl0paraDV: logl0 parasite count 
cone : drug concentration ( ng/mL) 
REC : recrudescence (T /F) 
WTKG : Weight (kg) 
IPRED : concentration without RV 
EKPINJ : ETA on KPINJ 
EKINJ: ETA on KINJ 
vpara : para without rv 
MTTfrac : theta value between zero and one 
MTT3 : MTT2 with an eta 
MTTl : MTTfrac mult by parasite lifecycle 
MTT2 : log transform of MTTfrac 
MTT4: antitransform ofMTT2 with an eta 
EMTT : Eta on MTT 
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Supplemental File 8: R Code for Gordi Model 

library( mrgsolve) 
library(dplyr) 
library(magrittr) 
library( tidyr) 
library(ggplot2) 
getwd() 

mod <- mread("Gordi0423a") 
set.seed(0409) 
data <- as_data_set(ev(amt=800,addl=20, ii=8, cmt=l , ID=l:500)) 
out<-mod %<>% param(TVKPINJ=0.3 , RF=9) %>% data_set(data) %>% mrgsim(end=672, 
delta=l) 

#FINAL PK 
ggplot(out %>% filter(time<672) %>% group_by(ID)) + 

geom_line(aes(x=time, y=conc, group=ID)) + 
geom_ hline(yintercept= 1, color=" green") + 
geom_ hline(yintercept=0.01298, color="red") + 
scale_y_log 10() 

#Final PD 
ggplot(out %>% filter(time<672) %>% group_by(ID)) + 

geom_line(aes(x=time, y=paraDV, group=ID, color=ID)) + 
geom_ hline(yintercept=0.003) + 
geom_hline(yintercept=l 11 , color="green") + 
geom_ hline(yintercept= 10, color="pink") + 
geom_ vline(xintercept= 168, color="red")+ 
scale_y_log 10() 

temp<-as. data. frame( out) 

##this exported data to CSV 
write.table(temp, "gordi.csv", sep=",", row.names=F) 
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Abstract Malaria is a critical public health problem resulting in substantial morbidity and 

mortality, particularly in developing countries. Owing to the development of resistance toward 

current therapies, novel approaches to accelerate the development efforts of new malaria 

therapeutics are urgently needed. There have been significant advancements in the development 

of in vitro and in vivo experiments that generate data used to inform decisions about the potential 

merit of new compounds. A comprehensive disease-drug model capable of integrating discrete 

data from different preclinical and clinical components would be a valuable tool across all stages 

of drug development. This could have an enormous impact on the otherwise slow and resource

intensive process of traditional clinical drug development. 

Keywords malaria, model-informed drug development, controlled human malaria infection, 

pharmacokinetics, pharmacodynamics, disease-drug model 
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INTRODUCTION 

The United Nations estimates that 6.2 million lives have been saved over the last 15 years owing 

to enhanced interventions to control malaria (1). Malaria eradication would save an 

estimated 11 million lives and result in US$2 trillion in economic benefit (2). Drugs, vaccines, 

diagnostics, surveillance techniques, and innovative vector control methods are among the tools 

that will enable the elimination of malaria (2). 

Female Anopheles mosquitoes, whose saliva may carry one of the five species of the 

Plasmodium parasite, transmit malaria. The Plasmodium parasite has a complicated life cycle that 

includes sexual and asexual stages involving both mosquitoes and humans (Figure 1). 

Depending on the species, the parasite may also reside for a prolonged period in the host liver, 

resulting in relapsing malaria. Plasmodium falciparum is the deadliest of the five species of 

parasites, as it can cause severe malaria and is responsible for a majority of malaria-attributed 

deaths globally. 

The pipeline for malaria therapeutics is growing, in part because ofthe tropical disease priority 

review vouchers offered by the US Food and Drug Administration (FDA). These vouchers 

have provided a large financial incentive for pharmaceutical companies to develop drugs for 

neglected tropical diseases and malaria (3 , 4). Because most of the therapeutics will not 

command a price in the marketplace much beyond their cost to manufacture, there is a strong 

incentive for malaria therapeutic developers to use their drug development resources for this 

area most efficiently. 

Here, we review the current state of the art in malaria drug development and describe 

the role of modeling and simulation in drug development and regulatory decision making. 

New experimental techniques continue to emerge and provide the impetus to develop 
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improved models to predict clinical drug phannacokinetic (PK) and pharmacodynamic 

(PD) properties. These new models have the potential to radically alter drug development 

and regulatory decision-making processes and lead to more affordable and more effective 

drug therapy. 

MALARIA DRUG DEVELOPMENT 

The World Health Organization (WHO) recommends artemisinin-based combination therapies 

(ACTs) for the treatment of malaria. Artemisinin and its derivatives are potent and fast-acting 

drugs that cause a rapid decline in parasitemia during the first days of treatment. The ACTs 

are remarkable malaria treatments that have activity against both asexual blood-stage and sexual 

stages of parasite; however, the ACTs do not clear the latent liver stages of parasite. ACTs are 

required to demonstrate clinical efficacy of >95% polymerase chain reaction (PCR)-corrected 

cure rates at day 28 in the per-protocol population in clinical trials (5). ACTs are given as 

multiple doses over 3 days, which can lead to issues with compliance. 

Unfortunately, resistance to the artemisinins, characterized by a reduced rate of parasite 

clearance, has arisen in the Greater Mekong Subregion of Asia, and there is concern that 

resistance is spreading. Decreased efficacy of artemisinins could result in exposure to the 

partner drug in the combination therapy at a suboptimal level in a patient with an increased 

parasite load. This partial treatment with less effective therapy may not completely clear 

parasites, allowing trans- mission to occur. An increased prevalence, severity, or both of 

artemisinin resistance would be an enormous setback in the efforts to end malaria. With this in 

mind, novel approaches to accelerate the development efforts of new malaria therapeutics are 

urgently needed. 
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Malaria therapy capable ofachieving radical cure (i.e. , eliminating all parasites from the body) 

is a critical component of efforts to eliminate malaria. The ideal attributes required to achieve 

radical cure include (a) the ability to block transmission of gametocytes to mosquitoes, (b) the 

ability to block transmission to or by insect vectors, (c) activity against hypnozoites, (d) activity 

against parasites sequestered in the liver (hepatic schizonts), and (e) the ability to clear the 

pathogenic asexual blood-stage parasites (5). Although it would be ideal to have one drug capable 

of achieving a radical cure, it is uncommon for one chemical entity to encompass all the necessary 

characteristics. Consequently, malaria therapeutics are given in combination to increase 

effectiveness and protect against the development of drug resistance. 

The aforementioned attributes constitute a framework of requirements that can be used 

to evaluate new compounds along the development path. There have been significant 

advancements in the preclinical in vitro and in vivo experimental models and clinical trials used 

to generate information used to inform decisions about the potential value of new compounds. 

The experimental approaches include in vitro growth of P. falciparum parasites, humanized 

severe combined immunodeficiency mice (SCID huMouse) experiments, controlled human 

malaria infection (CHMI) in healthy volunteers, and clinical trials in endemic settings (6-9). 

Altogether, these experiments have the advantage ofreasonably recapitulating the human aspects 

of malaria infection. Nevertheless, it is difficult to compare discovery, preclinical, and clinical 

study characteristics directly because of differences in the experimental techniques used during 

the drug development process. Figure 2 shows how experiments and data are used in sequential 

modeling and simulation exercises to predict the results and guide the designs of subsequent 

experiments in traditional model-informed drug development (MIDD). Examples of MIDD 

for malaria therapeutics are discussed below for discovery, preclinical and clinical stages. 
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DISCOVERY 

The availability of large chemical libraries and high-throughput screening assays has radically 

altered the process of generating and selecting lead compounds. High-throughput screening 

assays have been successfully formatted for asexual parasites, and assays are in development to 

evaluate activity in both liver-stage parasites and gametocytes. Quantitative structure-activity 

relationship models can be used to identify the chemical structures critical to drug activity and 

design (e.g. , impact on keyphysicochemical properties, such as hydrophobicity, solubility, pKa, 

and permeability). This information serves as input into physiologically based PK (PBPK) 

models and provides predictions of the absorption, distribution, metabolism, excretion, and 

toxicity (ADMET) characteristics of potentially useful drugs before compounds are actually 

synthesized (10). These PBPK models enable simulations of human drug concentration-time 

profiles and facilitate the selection of lead compounds for synthesis and continued assessment. 

After synthesis, in vitro experiments provide additional information about the metabolic 

profile, transporter activity, and potency against various stages of the parasite life cycle. In 

vitro in vivo extrapolation (IVIVE) methods are then used to connect in vitro data to in vivo 

endpoints. IVIVE ranges from simple scaling factors and allometric approaches to complex 

mathematical models (e.g. , PBPK models). These approaches are often used to predict 

drug-drug interactions and inform study designs in drug development (11-13). 

In silico tools such as mechanistic PBPK models can be connected with a PD model in an 

effort to predict clinical endpoints. The value of these in silico tools was recently demonstrated 

by a series of experiments in which novel compounds were designed from publicly available 

information and were used to predict the activity, ADMET risk profiles, and in vivo PK profiles 

to identify lead compounds. These selected compounds were then synthesized and 
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experimentally evaluated in vitro. The experiments showed general agreement between 

observed and predicted physicochemical properties, demonstrating the utility of modeling and 

simulation to identify potential lead compounds with acceptable PK/PD characteristics (14). 

PRECLINICAL 

Unlike many disease conditions for which preclinical models may not recapitulate the actual 

clinical condition in patients, the experimental model of malaria infection in huMouse can be 

used to accrue data that help identify the target in vivo concentrations necessary for killing 

malaria parasites that infect humans. Experiments with different strains of parasites have been 

extremely useful for assessing drug activity against a variety of resistant parasite strains that 

are currently circulating in areas with endemic malaria. These experiments constitute a 

preclinical testing paradigm for malaria therapeutics that is more robust than is typically found 

in other therapeutic areas. 

In the past, preclinical experiments to support malaria drug development were conducted in 

mice infected with Plasmodium berghei (a rodent-specific parasite species). As a result, the 

drug effect on P. berghei had to be extrapolated to represent drug activity against parasite 

species that infect humans. Thus, it was crucial to develop the use of immunodeficient mice 

to enable the study ofP. falciparum infections in an experimental animal model. The evolution 

of these mouse models began with nude mice in 1962, progressed to SCID mice in 1983, 

and subsequently has evolved into more advanced mouse models that are capable of supporting 

the circulation of human erythrocytes infected with P. falciparum or P. vivax (15). The 

immunodeficient mouse strain NOD/SCID/ycnull (available from The Jackson Laboratory, 

Bar Harbor, ME) engrafted with human erythrocytes supports intravenous infections of 
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competent P. falciparum strains adapted to grow in vivo and that achieve >10% parasitemia as 

measured by infected human erythrocytes (16). This malaria SCID huMouse model is currently 

the preferred tool for preclinical evaluation. The model has been validated using standard 

malaria therapeutics ( e.g. , chloroquine, artesunate, and pyrimethamine) and has been used 

successfully to characterize in vivo efficacy properties of new drug candidates with different 

modes of action (17-22). 

Typical preclinical experimental endpoints in the SCID huMouse model include survival, 

reduction in parasitemia, the effect of a compound on erythrocytic stages, time to parasite 

clearance, relapse, and recrudescence (23). Historically, the endpoints of preclinical experiments 

were focused on initial parasite clearance, and compounds were classified as either rapid acting 

or long duration of action rather than meeting a numerical threshold of animals cured. 

As the experimental mouse model evolved, the computational models describing the data 

became more sophisticated. Earlier mouse experiments did not routinely include blood 

sampling frequencies adequate to produce the rich data needed for modeling individual PK/PD 

profiles. Current blood sampling schemes in the SCID huMouse model allow simultaneous 

monitoring of both parasitemia and drug concentrations in these animals. This information 

can be used to establish PK/PD relationships of potential malaria therapeutics, as has been 

done in the past with P. berghei (24-26). 

Researchers have investigated the potential of the SCID huMouse model to translate estimated 

critical parameters to those observed in clinical trials (8). Recent studies demonstrated a poor 

correlation between parasite clearance rates (in vivo parasite reduction ratios) derived from 

mouse models and those reported from patients with malaria (8); this result is consistent with 

previous observations (27). However, the estimation ofthe IC50 from the SCID huMouse model 
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has yielded promising results as a surrogate of IC50 in humans (8). If a valid quantitative 

relationship can be established that allows preclinical data to predict the parasite count over 

time in humans, this may facilitate forecasting of clinical outcomes when combined with PK 

data. If this can be validated, it places SCID huMouse models at the forefront of malaria 

therapeutics research, highlights their potential to provide early information about new 

compounds, and will help the design of safe and effective dosing regimens in clinical trials. 

CLINICAL 

A drug candidate that successfully meets preclinical criteria will undergo testing in a series 

of clinical trials, including first-in-human (FiH), CHMI, Phase 2 dose-response, and Phase 3 

con- firmatory studies. The purpose of these studies is to determine the safety and efficacy 

profile of the drug and define the optimal treatment regimen. Data generated from each of 

these studies provide an opportunity for PK/PD modeling and simulation analyses to aid in 

the design of the subsequent studies and provide an estimate of the clinical potential of the 

compound. 

FiH studies are conducted m healthy volunteers usmg single and multiple dose 

administrations, testing different doses and formulations in both fed and fasted states. Data 

obtained from these studies provide key PK information, such as drug exposure and half-life, 

and the identification and characterization ofmetabolites. The decision to advance compounds 

to FiH trials is based on the margin between the (a) estimated human efficacious dose and 

exposure in human and (b) the no observed adverse effect level (NOAEL) dose and exposure 

in the preclinical toxicity studies. Dose selection for FiH studies is further guided by the PD 

parameter estimations derived from the SCID huMouse experiments and exposure predictions 
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from animal PK studies. A demonstrated exposure-response relationship in the SCID huMouse 

model increases the probability of advancing an effective drug into later-stage clinical trials. 

Preclinical estimations of effective concentrations, combined with the PK results from the FiH 

studies, can be used to validate and update PBPK models that are used in selecting the dosing 

regimens to be used for the CHMI studies. 

CHMI studies are emerging as a tool that allows early understanding of drug activity against 

Plasmodium parasites in the human host. Two types of CHMI studies are important in malaria 

drug development: sporozoite-induced malaria and induced blood-stage malaria (IBSM). 

The sporozoi te-induced malaria studies are conducted vi a direct venous inoculation of 

sporozoites or through infected Anopheles bites, whereas the IBSM studies are conducted via 

direct venous inoculation of blood-stage malaria. The pros and cons of using sporozoite

induced malaria or IBSM challenge models have been discussed (6, 9). Allan Saul and colleagues 

developed the IBSM experimental design in the early 1990s. These studies are typically 

conducted for testing vaccines, and more recently, the design has been adapted for drug studies 

and integrated into FiH studies. IBSM offers advantages of logistical ease in comparison to 

sporozoite-induced malaria studies and allows for the manipulation of inocula size. 

During these IBSM CHMI studies, healthy volunteers are intravenously inoculated with sin

chromos parasites. In natural malaria infections, there may be some variability in the time of 

parasite emergence from the liver, whereas in IBSM studies, only ring-stage parasites are 

injected (other stages are killed by freezing). Although three P. falciparum strains and one P. 

vivax strain have been used, the most frequently used parasite strain is the chloroquine-sensitive 

P.falciparum clone 3D7, which is thawed from cryopreserved inocula before injection (21). 

Following inoculation of the parasite, the subject's vital signs and parasite counts are monitored 
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for safety. Once parasite counts reach the designated treatment threshold, the volunteers are 

treated with a single dose of experimental drug (21). Thereafter, drug concentrations and 

parasite counts are measured over time. Parasite counts are measured by quantitative PCR, which 

has a decreased lower limit of detection Gust below 100 parasites/mL) compared to microscopy 

(approximately 10,000-100,000 parasites/mL). CHMI studies provide an opportunity to obtain 

key information about the PK/PD properties of a drug in a controlled setting in otherwise 

healthy subjects. Although these studies are absent of factors generally present in typical Phase 

2 trials in infected patients (i.e., presence of multiple strains and species of parasites, 

comorbidities, history of disease, and natural immunity), they provide important PK/PD 

insights that can be directly translatable to later clinical studies to estimate an efficacious dose. 

The parasite-count-over-time data from inoculation to drug dose can be used to relate 

observed trends in parasite growth to the parasite life cycle. The primary goal of CHMI studies 

is to characterize the PK/PD parameters in healthy volunteers following infection with the 

Plasmodium parasite (7). The data obtained postdose are rich in PD information and allow for 

examination of patterns of recrudescence and an opportunity to evaluate the characteristics of 

the postdose growth curve during recrudescence as compared to drug-naive parasite growth. 

CHMI studies are not required as part ofa regulatory submission to the FDA, nor have they been 

included as supportive information. However, these studies are acknowledged as an important 

new experimental technique during development of malaria therapeutics and are increasingly 

being recognized and considered by the FDA (6). Researchers envision that this approach will 

serve as a proof of efficacy and greatly assist in the design and potential streamlining of later

stage clinical trial outcomes. 

As with other drug development programs, later-stage development consists of Phase 2 dose-
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ranging trials and confirmatory Phase 3 trials conducted in patients with clinical malaria. Phase 

2a studies focus on monotherapy, whereas Phase 2b studies investigate combination therapy. 

Typical Phase 2 studies often include 300-450 patients from particular geographic locations 

where malaria is endemic; Phase 3 studies commonly expand the scope of the patient population 

to include thousands of patients recruited from different geographic regions. These study 

populations are important because they provide the opportunity to study the determinants of 

response in patients who differ in body size, disease status, age, pregnancy, and immunity as 

well as geographic distribution. 

Historically, researchers have had great difficulty in assembling and analyzing the data needed 

to ensure appropriate efficacy and safety for dosing special patient populations (i.e. , young 

children and pregnant women). It took two decades to obtain enough safety data for 

artemether- lumefantrine to be approved as a recommendation by the WHO for women in their 

first trimester of pregnancy (5). Many of the currently used antimalarial drugs were also 

introduced at the wrong doses, especially for pregnant women and small children (28-33). This 

is primarily due to a lack of understanding of the pharmacological properties of the drugs used. 

Many physiological processes change during pregnancy, leading to altered PK properties; 

furthermore, physiological processes do not commonly scale linearly with body weight. These 

alterations in pregnant populations may result in underexposure to the antimalarial drugs when 

a fixed dosage (mg/kg) target is used for all patient populations. Only through PK/PD 

modeling of data obtained in these populations can we provide information on optimal dosing 

in all patients to avoid underexposure resulting in treatment failures and resistance or 

overexposure resulting in unnecessary dose-related adverse events. However, PBPK/PD 

models could be used advantageously to predict and simulate drug exposures and therapeutic 
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outcomes of novel antimalarial drugs in these patient populations. Using specialized pediatric 

PBPK models and virtual neonatal, infant, and children populations, PK behavior can be 

modeled and simulated in these special and vulnerable populations, taking into account age

related ontogeny (34, 35). Similarly, the use of specialized pregnancy PBPK models that account 

for physiological and anatomical changes that occur during pregnancy allows MIDD to facilitate 

more efficient drug development for both maternal and pediatric populations (36). 

STRATEGIES FOR DEVELOPING A DISEASE-DRUG MODEL FOR MALARIA 

The innovative experimental models that have been developed for malaria, such as the SCID 

huMouse model and CHMI studies, represent opportunities to integrate the otherwise 

sequential and separate modeling and simulation exercises to advance MIDD for malaria 

therapeutics. A comprehensive disease-drug model capable of integrating the separate 

preclinical and clinical trial components that could be used across all stages ofdrug development 

would be of great value. 

MIDD uses mathematical models to quantitatively investigate the interaction of 

pharmacology, parasite biology, and disease pathophysiology. Models that incorporate the 

components of the parasite life cycle and pharmacology (37-40) as well as disease 

pathophysiology ( 41) have been extensively researched and can be used to predict the effect of 

drugs with different mechanisms of action at specific stages of the parasite life cycle. 

Mathematical constructs have also been used to describe many other aspects of the malaria 

infection, including but not limited to transmission dynamics ( 42, 43), vector control ( 44, 45), 

biological control ( 46), outcomes in mass drug campaigns ( 4 7), cost-effectiveness ( 48), drug 

resistance (49, 50), population genetic models (51), and development of immunity (52, 53). 
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However, it is important to note that the true value of modeling and simulation does not lie 

only within specific disciplines, but rather, it is the ability to link and integrate between 

disciplines. Using mechanistic models and pharmacometric techniques, this becomes possible. 

These mechanistic mathematical models can characterize the PK/PD properties of drugs and 

explore the impact of intrinsic and extrinsic factors that contribute to their intersubject 

variability and impact exposure and response across populations. The estimation of their impact 

can be used to provide a quantitative basis for optimal pharmacotherapy in humans. 

Current models in use include both empirical population PK/PD models for evaluating 

exposure-response relationships and semi-mechanistic models that represent different biological 

aspects of the parasite life cycle and pharmacology. The PK/PD models arise from work in 

a variety of disciplines and differ in focus and sophistication, as outlined by Simpson and 

colleagues (54). The models vary structurally in terms of the number of biological parameters 

describing the parasite life cycle, how they represent the pharmacology of drugs, and their 

mechanism of action in killing the parasite. Both empirical and semi-mechanistic models will 

continue to be of value to understand parasite-host interactions and allow for refinement of 

dosing regimens for different subgroups of patients on a case-by-case basis for each drug of 

interest. These models can serve as building blocks in a tool kit for the creation of a 

comprehensive disease-drug model for malaria. 

The data coming from SCID huMouse model and CHMI studies, in conjunction with 

previously published computational models, represent two ways of realizing the value of 

MIDD in malaria therapeutics. First, the CHMI studies are conducted on a cohort-by-cohort 

basis using an adaptive design. The data from the sequential cohorts of subjects enrolled in the 

CHMI studies provide staged learning about the PK/PD of a drug. As each cohort completes 
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a study cycle, the parameters and structure of a PK/PD model can be updated to yield improved 

predictions for planning the dose of the next cohort. This iterative approach of model 

refinement also provides an expanding knowledge base for use in performing clinical trial 

simulations of future Phase 2 and Phase 3 clinical trials (K.A. Andrews, J. McCarthy, J.J. Moirle, 

T.H. Grasela, S. Kem, et al. , manuscript in preparation). 

Second, the data that accrue from a specific drug development program, pooled with data from 

other programs, provide a knowledge base for the development of a comprehensive disease

drug model that is broadly applicable to drugs with differing pharmacology and across different 

stages ofdevelopment. Building such a model will require the coordinated expertise of scientists 

in many disciplines. A formal process for building, qualifying, and applying a comprehensive 

disease-drug model is outlined in Figure 3. 

The process of creating a comprehensive disease-drug model begins with the development 

of a conceptual scheme. The conceptual scheme is a pictorial representation reflecting the 

current understanding and interpretation of biology and pharmacology. This pictorial 

representation is used as the basis of reconciling different knowledge domains and points of 

view. As these ideas are incorporated into the conceptual scheme, the computational models 

can be adapted and used to perform a predictability assessment based on available data. A 

modeling and simulation framework can be used to integrate data and provide evidence of the 

validity of the model, which is important for establishing the credibility of the approach and in 

supporting its use for decision making during drug development and the regulatory review 

process. An interdisciplinary team guides this iterative process of model development, 

refinement, and validation. This systematic approach to model refinement, predictability 

assessment, hypothesis generation, and reassessment allows the strengths and weaknesses of a 
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model to be identified and guides subsequent efforts to improve the model (55). 

The predictive accuracy of any mathematical model is dependent on three sources of 

uncertainty: the data generated by experimental models, the validity of the mathematical 

construct, and how well the model represents the system of interest. Consequently, the 

accuracy and utility of the comprehensive disease-drug model for malaria is highly dependent 

on a continued assessment of the conceptual scheme and the experimental and computational 

models . For example, newly recognized inadequacies of the computational model at any stage 

of development can lead to new experimental designs that address unappreciated gaps in 

knowledge. This may improve the accuracy of predictions in downstream applications of the 

model. 

APPLICATIONS FOR A DISEASE-DRUG MODEL FOR MALARIA 

The value ofthe model is dependent on its successful application in two different venues: at various 

drug development decision-making milestones and during regulatory review. Each of these venues 

is explored briefly below. 

Impact on Clinical Development 

Federal regulations require that a new drug application must provide substantial evidence of 

efficacy for the investigational drug or combination of drugs in adequate and well-controlled 

clinical trials. Furthermore, the combination rule requires that data are available to demonstrate 

that each component of a fixed-dose combination contributes a measurable advantage over the 

individual components (e.g., increased efficacy, reduced emergence ofresistance, fewer or less 

severe adverse events, or a simplified treatment regimen). The typical development scenario for 
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combination therapy relies on a factorial design that compares the drug combination dose ratios 

to monotherapy with each separate drug to standard of care. These factorial design trials are 

expensive, are logistically difficult to perform, and limit the ability to deliver new malaria drug 

candidates in a useful time frame. They also expose a large proportion of the study population to 

over- and underdosing, which makes this study design questionable from a medical and ethical 

point of view. Leveraging dose-response data from CHMI studies and using modeling and 

simulation to guide trial design could decrease the number of trials necessary and increase the 

success of the trials conducted. 

A new study design, known as the platform trial, enables the simultaneous evaluation ofmultiple 

interventions that can be added or dropped according to accumulating real-time clinical 

trial information (56-58). This design provides a platform for comparing multiple experimental 

arms against the same control arm in a single study. Many different therapies can be evaluated, 

and they may be combinations or sequences oftreatments. The study is designed around the idea 

of adapting interventions as new knowledge about subject responses emerges over the course 

of the trial. For example, in next-generation Phase 2 clinical trials for malaria therapies, the 

treatment arms might include Treatment Regimen A combination therapy, Treatment Regimen 

B combination therapy, Treatment Regimen C combination therapy, and standard-of-care 

combination therapy (as shown in Figure 4). The randomization probabilities to each treatment 

arm as well as the doses can change as knowledge about outcomes emerges through the lens of 

the disease-drug model. This type of pivotal platform study would pave the way to a well

designed confirmatory trial. 

There are three sources of efficiency in platform trials beyond those achievable in traditional 

studies. First, many different types of patients can be emolled while researchers adaptively 
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identify and/or confirm which patient/risk factor subsets-if any-benefit from which of the 

therapies. Second, randomization probabilities can be modified based on the accumulating data 

to increase the probability of assigning better-performing therapies within a patient subtype. 

Finally, models of response can be built to predict long-term outcomes from short-term 

response data. 

For malaria, this innovative study design, combined with the application of a comprehensive 

disease-drug model, could have a dramatic effect on the costs and probability of success of late

stage clinical trials . Clinical trial simulations could predict the outcomes of, and optimize, 

subsequent trial design. The models could make use of historical data to eliminate the need to 

replicate established exposure-response relationships or reduce the size of comparator arms. 

For example, dose-response information for the drugs of interest, including data from both 

monotherapy and combination therapy, could be obtained from CHMI studies. The PK/PD 

information obtained from CHMI studies can provide input to a comprehensive disease-drug 

model for malaria capable of representing the pharmacology of selected agents . Mathematical 

models could make use of these dose-response data to select rational candidates for 

combination therapy, guide study design for pivotal Phase 2 dose-response studies , and 

optimize dosing regimens. Clinical trial simulations of various scenarios could then be used to 

predict outcomes and optimize the likelihood of subsequent trials. Furthermore, the models 

would accentuate the learning during a trial and accelerate the changes in randomization 

probabilities to more effective treatment arms. For example, in next-generation factorial 

designs for malaria therapies, the treatment arms might include the standard of care, drug A 

treatment monotherapy, drug B treatment monotherapy, and combination therapy. The 

randomization probabilities to each treatment arm as well as the doses can change as knowledge 
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about outcomes emerges through the lens of the disease-drug model. 

Impact on Regulatory Review 

In 2004, the FDA launched a two-year pilot program that featured 11 stakeholder meetings and 

leveraged quantitative thinking to guide dose selection and clinical trial design (59). In 2009, 

a Guidance for Industry resulting from the FDA's 2004-2006 pilot program outlined the purpose 

of End-of-Phase 2A meetings as an opportunity to "discuss options for trial designs, modeling 

strategies, and clinical trial simulation scenarios to improve the quantification of the exposure

response information from early drug development" ( 60, p. 4). The adoption and support for the 

use of pharmacometrics and mechanistic disease-drug models is demonstrated in the recent 

FDA document "Chronic Hepatitis C Virus Infection: Developing Direct-Acting Antiviral 

Drugs for Treatment: Guidance for Industry" (61). This guidance recommends that sponsors 

develop a mechanistic model ofthe concentration-viral kinetics and ofthe drug 's safety profile 

via pooled analysis "to predict the most active and tolerable doses to be evaluated in phase 2 

trials" (61 , p. 19). The review ofmodels at the time ofsubmission to a regulatory agency can help 

guide labeling recommendations. 

At a recent Clinical Pharmacology Advisory Committee Meeting on MIDD hosted by 

the FDA, participants raised a series of issues that define the level of credibility and validity of 

models intended to support regulatory decision making (10). Several of these issues are directly 

relevant to any strategy for developing a comprehensive disease-drug model similar to what is 

described above. The credibility of a model reflects its relative strengths and weaknesses, 

including limitations of the assumptions of the model, how they can be interrogated, and where 

to place skepticism toward the accuracy of predictions. Model qualification should include the 
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documentation of the timeline of model development and describe the process of improving 

the strengths and minimizing the weaknesses of the model. In addition, the application of the 

model to a specific drug development program should be supported by data-driven 

annotations. The robustness of the model can be demonstrated by the ability to deal with 

data sets arising from unique situations and the impact of the model at that time in drug 

development. 

The Prescription Drug User Fee Act VI reauthorization provides an opportunity to assess 

performance goals with a view toward ensuring the effectiveness of the human drug review 

program and advancing MIDD concepts. The FDA has proposed a pilot program for MIDD 

approaches starting in fiscal year 2018; if antimalarial MIDD were explored as part of this 

pilot program, it would provide case studies and clarity on criteria for acceptance for various 

approaches to antimalarial MIDD. 

SUMMARY POINTS 

1. Experimental models will continue to evolve and yield additional data and insights. 

There is a need for valid quantitative links between the outputs of these experiments 

at all stages of malaria therapeutics research and development. 

2. Significant advances in the experimental models used in drug development for malaria 

therapeutics have the potential to support more mechanistic and integrated models of 

malaria biology and pharmacology that could provide early estimates of the clinical 

potential of new antimalarial drugs. 

3. The use of these models to define the exposure-response relationships has 

the potential to improve the selection of doses to be tested, reduce the 
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number of patients exposed to the wrong doses, and reduce the time and 

resources necessary to successfully develop new antimalarial drugs. 

4. Proper qualification of complex mechanistic disease-drug models and ongoing dialogue 

with regulatory agencies about their proper use will be required for the expanded apply

cation of MIDD for malaria therapeutics. 
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Figure 1 

The malaria lifecycle: from mosquito to human and back. (1) Sporozoites are injected into 

the human bloodstream by the Anopheles mosquito. (2) The sporozoites travel to, and invade 

hepatocytes in, the liver. The infected hepatocytes mature into schizonts (3), which then 

rupture and release thousands ofmerozoites into the blood ( 4). Merozoites infect erythrocytes 

and can either enter asexual reproduction or differentiate into gametocytes. (5) The 

erythrocytes containing gametocytes can then be taken up by the mosquito during a blood 

meal. Once the gametocytes are within the mosquito, they form sporozoites ( 6), which can 

then be injected into a human host during the mosquito's next blood meal. Modified with 

permission from Medicines for Malaria Venture. 

293 



0\ """ 
N 

JI\: 
~~ ~ff~ 

Controlled human 
Discovery Animal 1-orst m hum,1n Dose-response Confirmatory

malaria infection 

Chemical libraries: Predicted In vitro metabolism, NOO/SCID/ycnull Plasmodium Pfasmodium vivax, Single and multiple Induced blood- Transmission Phase 2trials in patients with One well-designed Phase 3, 
Experiments literature information physicochemical transporter and mouse studies berghei ovate, folciparum, ascending dose and food stage malaria studies in endemic malaria with special multicontinent trial 

and data and molecular structure properties activity studies with Pfasmodium mouse knowlesi, and malarioe effect cohorts, metabolism infection in healthy patient populations 
fafciparum studies studies in primates studies in healthy volunteers healthy volunteers volunteers (pregnancy and pediatrics) 

~--I I I I 

Integ rated In vitro and in vivo Population PK/PD modeling and 

I 
I 1 ! i l l ! I 

PB PK-based Population PK/PD modeling and Population PK/PD modelingmodel extrapolation through PK/PO data and PBPK Population PK si mulation on acohort-by-cohort 
QSAR predictions prediction of PK/PD profiles on and prediction of PK/PD profiles

use of sca ling factors modeling and simulation modeling and simulation basis to predict and designdevelopment of human PK acohort-by-cohort basis on acohort-by-cohort basis
and PBPK modeling subsequent Phase 2tria ls 

! ! !! ! l ! lConfirmation of efficacyPredicted PK/PD parameter
Synthesis of Lead candidate and Dose selection and and simulations of Simulations of Phase 3 Review of efficacy and safetyphysicochemical estimates and design forPredictions select compounds dose selection design for controlled human Phase 2tria ls for dose selection trial designs and preparation for submissionproperties and IC50 first-in-human studies 

malaria infectionstudies andstudy design 

r,~ Andrews KA, et al. 2018. 
I~- Annu. Rev. Pharmaco/. Toxicol. 58:567-82 

Figure 2 

The role of modeling and simulation within each step of antimalarial research and development. Modeling and simulation translate 

experimental data to predictions and inform the next step in development. Abbreviations: NOD, nonobese diabetic; PBPK, 

physiologically based pharmacokinetic; PD, pharmacodynamics; PK, pharmacokinetics; 
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Figure 3 

A systematic process for building, qualifying, and applying a comprehensive disease-drug model. 
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Figure 4 

Modeling and simulation using dose-response data generated from CHMI studies guides the study 

design and selection of treatment regimens. The platform trial design allows for interim analysis 

of outcomes and updates randomization probabilities based on response to treatments. This figure 

shows three treatment regimens for simplicity, but there may be many more early on, as treatment 

regimens may represent different doses of the drugs in combination. As the quality of the 

predictions improves, the number of treatment regimens for various doses of Drug X and Drug Y 

may change. Abbreviations: CHMI, controlled human malaria infection; FiH, first-in-human. 
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TERMS AND DEFINITIONS 

Pharmacokinetics (PK): the study of the time course of how the body affects the drug, 

commonly characterized by absorption, distribution, metabolism, excretion, and toxicity 

(ADMET) parameters 

Pharmacodynamics (PD): the study of how the drug affects the body, describing the 

relationship between drug concentrations and pharmacological response 

Physiologically based pharmacokinetic (PBPK) models: quantitative prediction of 

pharmacokinetic properties of chemicals based on in vitro physiological, biochemical, and 

physicochemical properties 

Pharmacokinetic/ pharmacodynamic (PK/PD) models: quantitative description of 

pharmacokinetics and pharmacodynamics to represent pharmacological relationships as a drug 

effect over time 

Parasite reduction ratio: the regression-predicted fractional reduction in parasitemia at 

usually 48 h postinoculation 

ICSO: concentration of drug in blood or plasma eliciting 50% of maximum parasite killing 

rate 

Sporozoite: the infective stage of the parasite in mosquito saliva; is passed to the human host 

and ultimately infects human liver cells 

Synchronicity of parasites: the synchronicity of the stages of the parasite in a malaria 

infection 
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Introduction 

The United States Food and Drug Administration (U.S. FDA) previously issued a draft Guidance 

for Industry entitled Malaria: Developing Drugs and Non vaccine Biological Products in 2007. This 

was subsequently withdrawn in 2015 with a provision that it would be revised. The utility of 

pharmacometric modeling and simulation (M&S) in drug development is well documented; the 

inclusion of specific recommendations in the upcoming guidance based on lessons learned from 

previous analyses would benefit the malaria drug development community. 

Quantitative Sciences Tools & FDA Recognition 

The safe and effective use of drugs is dependent on reliable knowledge about the relationships 

between dose, drug concentration, and clinical response[ 45]. Exposure - response information 

plays a central role in determining the safety and efficacy ofdrugs. Analytical methods for clinical 

exposure-response data include physiologically-based pharmacokinetic (PBPK) modeling and 

simulation, population pharmacokinetic and pharmacodynamic (PK/PD), and mechanistic disease

drug models. 

Physiologically-based models quantify the absorption, distribution, metabolism and excretion 

(ADME) of drugs. PBPK models allow for evaluation of a drug 's physicochemical and 

pharmacological properties and corresponding rate-limiting processes (if applicable), and may be 

suitable for understanding the influence of various intrinsic and extrinsic factors on concentration 

changes over time. Specialized PBPK models for organ impairment, pediatrics and pregnancy have 

been developed to simulate PK behavior in virtual populations to help guide dose selection [ 46-

48]. In the past decade PBPK models have been increasingly used in drug development and 
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regulation. In 2016, the FDA issued a draft guidance on the format and content of PBPK analysis 

submitted by drug sponsors with the intent to ensure review consistency[ 49]. Today, PBPK 

predictions can be used to support dosing recommendations for specific populations in product 

labels[50]. PBPK M&S for antimalarials has been used to investigate dose adjustments in both 

pediatric populations as well as for patients with co-infections prone to DDIs (Table 1). 

Population PK and PK/PD modeling techniques pool data from multiple studies across phases of 

development to increase knowledge of quantitative relationships between drug disposition, patient 

characteristics, and responses as well as inform designs and analyses via model-based clinical trial 

simulations. Typical population PK/PD methodologies during drug development include nonlinear 

mixed effects modeling (NONMEM), as well as Bayesian estimation. The inputs for these 

population modeling methods make use of drug pharmacology, pharmacokinetics and 

pharmacodynamics, statistics, advanced mathematics, as well as biological, chemical and 

pathophysiologic considerations of the therapeutic area of interest. In the FDA Guidance for 

Industry on Population Pharmacokinetics, the FDA notes that population PK/PD modeling 

approaches "can increase the efficiency and specificity of drug development by suggesting more 

informative designs and analyses of experiments" [ 51]. The FDA has recognized the application 

and value ofpharmacometric M&S methods in the drug approval process, including dose selection 

for specific populations in prescribing information, dose optimization and improved clinical trial 

design at different stages of drug development [52-59]. Considerable recommendations for 

optimized dose adjustments have resulted from population PK/PD M&S work on antimalarial 

drugs (Table 1 ). 

307 



The FDA convened a workshop on 30 June 2016, "Clinical Trial Design Considerations for 

Malaria Drug Development," to address shortcomings of the withdrawn Guidance for Industry for 

Malaria. The workshop focused on assessing the value of controlled human malaria infection 

(CHMI) studies, study design format, and the use ofmicroscopy versus quantitative PCR (qPCR), 

however, the utility ofpopulation PK/PD M&S to inform research and development was not fully 

discussed. Although there was a brief mention of concentration-time relationships, there was little 

mention of concentration ( exposure )-response and its utility in drug discovery, translational 

medicine, and the design of field-based clinical studies and confirmatory studies[ 60]. The aim of 

this commentary is to propose where quantitative methods can be used in clinical studies for 

malaria therapeutics and provide recommendations for regulatory consideration for the next 

guidance for industry. 

Non-Immune Subjects: Safety, PK 

Pooled data from single-ascending dose and multiple-ascending dose studies are used to examine 

PK of parent drug and metabolites and covariates such as food effect. Although these studies are 

typically in a homogeneous population, exploration of potentially relevant covariates ( e.g. age, 

weight, genetic polymorphisms) can be conducted at this stage. A well characterized, mechanistic 

pharmacokinetic model at this stage in development would adequately characterize a drug 's 

metabolism, absorption, disposition, clearance and dose-proportionality. PBPK modeling utilizing 

preclinical and first-in-human (FiH) data can enable a greater understanding of drug disposition at 

this stage. A solid understanding of PK at this phase in development would then allow for 

simulations of drug PK and PK/PD for various doses and dose regimens based on prior preclinical 
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efficacy concentration-response. The predicted concentration-time profiles required for an 

adequate response can be used to facilitate the design of subsequent studies. 

Non-Immune Subjects: Safety, PK/PD 

Allometric modeling approaches of preclinical data (e.g. from NOD/SCID/ycnull mouse studies) 

and population PK modeling from FiH studies can be leveraged for the design ofcontrolled human 

malaria infection (CHMI) studies. During CHMI studies, healthy volunteers are infected with 

malaria through sporozoite induced infections ( direct venous inoculation of lyophilized 

sporozoites; inoculation via infected Anopheles mosquito bites); or through induced blood-stage 

malaria (IBSM) that employs direct venous infusion of malaria-infected erythrocytes. Drug 

concentrations sampled frequently post-dose facilitate pharmacokinetic parameter estimates. 

Response is characterized by parasitemia over time (i.e. asexual, female gametocyte, and male 

gametocyte) and is detected via qPCR. As such, infected volunteers remain asymptomatic or 

oligosymptomatic, and data obtained post-dose are rich for characterizing pharmacodynamics. 

Real-time population PK/PD modeling on a cohort-by-cohort basis can inform dose selection of 

subsequent cohorts in an effort to investigate doses which will be most informative of the 

exposure-response relationship[61]. Further, CHMI studies conducted in volunteers residing in 

malaria- holoendemic geographical regions could facilitate estimation of contribution of a partial 

immune response on parasite clearance. While studies in holoendemic areas have not yet been 

conducted, this would be an interesting extension of the methodology, and could be operationally 

feasible . In addition to the prediction ofparasite-count over time profiles, other pharmacodynamic 

endpoints and measures of interest such as the parasite reduction rate or minimum effective 

concentration can also be estimated using these data. 
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Results from proof-of-concept parasite activity monotherapy and combination trials (CHMI 

studies) can be used to guide dose selection for subsequent phase 2 trials. The developed 

mechanistic model of the exposure-response relationships for efficacy and safety using all 

available exposures, parasitemia, and safety data from previous studies could be used to predict 

the most active and tolerable doses to be evaluated in phase 2 trials. Such a model should include 

a mechanistically-appropriate targeted drug effect, components to describe stage specific activity, 

parasite clearance, recrudescence, adequate clinical and parasitological response (ACPR), and 

contain relevant covariates for describing differences in response between parasite species, 

genotypes and subtypes of parasite populations with or without drug resistance associated 

polymorphisms/substitutions. 

Results from patients infected with different parasite species and known resistant strains should be 

analyzed independently, as sample size permits, to begin to evaluate dose- and exposure-response 

relationships for relevant subpopulations. Previous PK/PD models can be updated with new 

information from infected patients and knowledge from the literature to account for disease 

specific attributes. The models should be used to identify the appropriate populations for treatment 

to reduce the risk of selecting for resistant parasites caused by sub-therapeutic exposure. 

Optimal doses/dose-regimens identified based on single-drug results may not be optimal for 

combination treatment, and the evaluation of a range of doses would be prudent. Stochastic 

simulations of phase 2 studies based on a proposed protocol prior to execution of studies using an 

appropriate historical patient population with relevant characteristics could replace and/or improve 
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the efficiency and design of phase 2 dose response learn/confirm studies. A well designed 

adequately controlled dose-response study constitutes evidence of efficacy and can be pivotal. 

Immune Subjects: (Uncomplicated Malaria Infection) 

Clinical Studies, Phase 2, Safety, PK/PD 

Phase 2 trials are randomized, double-blind, controlled dose-response studies which are conducted 

in the field in patients who present with malaria in malaria-endemic geographical regions. Dose 

regimens can be informed through modeling and simulation activities performed using data from 

CHMI studies. These studies typically use microscopy for clinical diagnosis and estimates of 

parasitemia, and may also use PCR to genotype parasites and differentiate recrudescence versus 

re-infection, but could also use qPCR results as a pharmacodynamic endpoint. Endpoints include 

initial parasite clearance as well as durable parasite clearance (detection ofparasites out to day 28, 

42). Results of these dose-response studies are valuable for updating and confirming existing 

models . All data in the drug development program up until this point can be pooled to continue to 

refine the population PK/PD model, add to the pool of safety data, identify any potentially 

clinically significant covariates and confirm the best doses to move onto confirmatory studies. 

Clinical Studies, Drug-Drug Interaction 

Based on ADME studies and CYP liabilities, as well as results from PBPK-PD modeling and 

simulation from previous studies, clinical DDI studies should be considered with a strong inhibitor 

and/or inducer. Information from the DDI study can be used "top down" to confirm the validity of 

the model and allow extrapolation. When appropriate, model extrapolation of un-tested DDI 

scenarios can be used in the product label[59]. Taking into consideration any DDls, the regimen 
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can be optimized with respect to dose- and treatment duration in phase 3 trials. Further, drug 

efficacy data from phase 1 and phase 2 studies can be combined in a single model to predict ACPR 

in the planned trials. Such a model should be evaluated against treatment data of the regimen and 

drug efficacy parameter estimates should be refined as necessary. 

Clinical Studies, Phase 3, Confirmatory 

The objective of a phase 3 trial is to confirm safety and efficacy for clinical use. Modeling and 

simulation should be used to continue to confirm exposure-response relationships in the target 

population. To this end, inclusion of sparse (PK and PD) samples is highly desirable. Modeling 

and simulation at this stage should continue to identify and quantify sub-population differences in 

PK and PD and assess need for dose adjustments due to intrinsic factors and extrinsic factors ( alone 

or in combination) and provide rationale for drug labeling. At this phase of development, the 

population PK/PD model should be validated and all assumptions justified. 

Summary 

The consideration and use of pharmacometric methods and mechanistic PK/PD models to define 

the exposure-response relationships have the potential to: select doses to be tested; reduce the 

number of patients exposed to the wrong doses; reduce time and resources necessary to 

successfully develop new antimalarial drugs. Increasingly, these methodologies are routinely 

being used throughout the drug development process to inform decision-making. Antimalarial 

drug development could benefit from the use of these techniques to create a more efficient drug 

approval process. Recommendations from the FDA on how these methodologies could be 
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implemented would be ofgreat benefit to the malaria community. This commentary suggests brief, 

high-level suggestions for regulatory consideration. 
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Table 1: Impact of Modeling and Simulation on Malaria Therapeutics 

Drug(s) Method 

Dihydroartemis population PK 

inin (DHA)- modeling & 

artesunate simulation[ 62] 

population PK/PD 

Quinine modeling & 

simulation[ 63] 

population PK/PD 

OZ439 modeling & 

simulation[ 61] 

population PK/PD 
DHA-

modeling & 
Piperaquine 

simulation[ 64] 

population PK 

modeling & 
Lumefantrine 

simulation[ 65] 

population PK 

modeling & 
DHA 

simulation[ 66] 

population PK 

modeling & 
DHA-

simulation [ 67] 
Piperaquine 

Finding 

Body weight affected clearance and volume of 

distribution resulting in lower exposures in 

smaller children 

Rapid and reliable absorption ofquinine loading 

dose resulting in drug concentrations in the 

therapeutic range 

A retrospective analysis of a CHMI study with 

an initial multi-dose cohort allowed for informed 

dose selection for subsequent cohorts 

Body weight affected clearance and volume of 

distribution resulting in lower exposures in 

smaller children 

PK parameters were evaluated in pregnant 

women as compared to non-pregnant women and 

simulations showed a 27% lower drug 

concentration on day 7 in pregnant women 

Optimal sampling designs for blood sampling 

schedules were identified and evaluated for key 

target populations for oral artesunate where only 

3 or 4 blood samples can be collected 

Using a Monte Carlo mapped power analysis and 

Population PK modeling, pregnancy was 

evaluated as a covariate on PK parameters and 

was shown to not have an effect on drug 

exposure 

Impact 

Recommendation ofa dosing regimen using weight 

bands for young children to avoid under-dosing 

This analysis supported the recommendation for a 

loading dose ofquinine which was not routinely used 

prior due to concerns of toxicities 

Recommendation ofconsidering an adaptive trial 

design using M&S to inform subsequent cohort dose 

levels within CHMI studies 

Recommendation ofan optimized increased dosing 

regimen for children 

Recommendation to re-evaluate standard artemether--:J 

~umefantrine dosing in non-immune pre~ant womeril 

A flexible framework was developed for future 

efficient designs for population PK analyses ofDHA to 

provide precise PK parameter estimates when sampling 

is constrained 

Confirmation ofno dose adjustment needed in 

pregnant women 
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Artesunate-

DHA 

Artemether -

Lumefantrine 

& Rifampicin 

Artemether 

Ivermectin 

Artemether & 

Efavirenz 

population PK 

modeling & 

simulation[ 68] 

PBPK modeling & 

simulation[ 69] 

PBPK modeling & 

simulation[70] 

PBPK modeling & 

simulation[7 l] 

PBPK modeling & 

simulation[72] 

Population PK modeling revealed pregnancy 

decreased oral bioavailability by 23% 

A PBPK model was developed to evaluate a DDI 

in adult and pediatric patients co-infected with 

tuberculosis and malaria which was used to 

assess standard weight-based treatment of 

children, demonstrating no patients achieved 

target exposures after 7 days 

A PBPK model was developed for adult and 

pediatric patients and was able to produce similar 

simulated exposures for all age groups as 

compared to clinical data 

A PBPK model was developed to conduct virtual 

clinical trial simulations and recommend various 

dose regimens of ivermectin to achieve target 

exposures above the LC50 in adult and pediatric 

patients (including a DDI with efavirenz) 

A PBPK model was developed to investigate the 

DDI between artemether and efavirenz and 

recommend dose adjustments ofartemether to 

achieve exposures in the therapeutic range 

Recommendation ofdose optimization studies for 

artemisinin-based therapies in late term pregnancy to 

avoid lower exposures resulting in lower cure rates or 

drug resistance 

The importance of the consideration ofDDis in 

pediatric patients co-infected with malaria and 

tuberculosis suggests adaptive treatment regimens may 

be necessary for these vulnerable populations 

As compared to classic allometric methods, the PBPK 

modeling approach demonstrated more reliable 

predictions: a finding which is relevant for future work 

in pediatric populations where drug clearance is 

mediated by metabolizing enzymes 

Valuable information was obtained about ivermectin 

exposures which can be leveraged in future 

development of ivermectin as an endectocide in the 

reduction of malaria transmission 

A dose increase of artemether was recommended; the 

methods presented can be re-purposed for future M&S 

work to investigate dose adjustments due to DDI 
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Malaria is a preventable and treatable disease. Nevertheless, in 2016 there were over 216 million 

cases ofmalaria with 445 ,000 deaths. The progress towards eradicating malaria has stalled and 

the growing drug-resistance towards standards of care necessitate the efficient development of 

malaria therapeutics. 

The utility of pharmacometric modeling and simulation in drug development is well 

documented, and the FDA has recognized its application and use as part of the drug review 

process [52]. The use of pharmacometrics during antimalarial drug development was not 

incorporated into the last Draft Guidance for Industry for the development of malaria 

therapeutics. At the time of the submission of artemether/lumefantrine (the last antimalarial 

approved by the FDA), the submission did not cite the use of simulations, and only briefly 

mentioned pharmacokinetic/pharmacodynamic (PK/PD) modeling in one paragraph of the 

briefing book[73] . Of importance, the standards and systems of development were different at 

that time, and over the last decade there has been an evolution of the processes and the thinking 

towards model-informed drug development[74]. 

Hybrid approaches to using modeling and simulation to guide dose selection in phase 2 trials 

have previously been used, but have heavily relied on clinical empiricism. For example, dose 

levels chosen for a phase 2 trial were guided by a simplistic PK/PD model and were unsuccessful 

in eliciting the target efficacy of 95% PCR-adjusted adequate clinical and parasitological 

response (ACPR) at day 28 . However, subsequent simulations were performed on the study data 

in an effort to identify which doses were associated with exposures which would lead to a 

probability ofACPR of0.95 at day 28[75] , and the simulations correctly identified that the doses 
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which were chosen for the study were unable to elicit clinical efficacy. The use of simulations 

from a more mechanistic PK/PD model before a study is conducted can allow for a more efficient 

and effective study designs. The successful use of modeling and simulation to guide dose 

selection in drug development programs is challenging due to time constraints, a lack of 

integrated and efficient process workflows, and a lack of effective communication between 

clinicians and modelers. The retrospective analyses conducted in this dissertation support the 

implementation of an integrated clinical drug development program. 

This dissertation aimed to contribute to a better understanding of how induced blood-stage 

controlled human malaria infection (CHMI) study data can be used to best support study design 

and dose selection for future antimalarial drug development programs through the application of 

quantitative sciences. 

The work included in this dissertation can be divided into three thematic parts: 

• Part 1: An assessment of the predictive performance of the current induced blood

stage malaria (IBSM) study design. 

• Part 2: An investigation of an adaptive IBSM study design and evaluation of the 

identifiability of alternative pharmacodynamic models. 

• Part 3: A strategy for integrating pharmacometric analyses into antimalarial drug 

development and recommendations for regulatory consideration. 

Part 1 

Prior to this work, data from IBSM studies had not been formally analyzed until the entire 

study was complete. The integration of PK/PD modeling and simulation into the IBSM study 

design was investigated in Chapter 2, where the predictive performance of the traditional 
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maximum pharmacologic effect pharmacodynamic model was used to characterize IBSM study 

data across cohorts of an IBSM study. For the first time, a framework for the analysis of 

predicting drug concentrations and parasite counts on a cohort-by-cohort basis was tested. The 

traditional IBSM study design consists of three single ascending dose (SAD) cohorts. The results 

of this analysis demonstrated doses of antimalarials which exhibit little or no pharmacologic 

effect ( e.g. are on the lower asymptote of the dose-response curve) are not informative of dose

response relationships. This retrospective analysis initiated the work in Chapter 4, where a re

evaluation of the design of ISBM CHMI studies in order to reduce the number of patients 

exposed to uninformative doses was explored. 

The predictive performance of the traditional maximum pharmacologic effect model 

developed from a completed ISBM study to predict parasitemia in a phase 2 trial was investigated 

in Chapter 3. Prior to this work, stochastic simulations based on population PK/PD models 

developed from IBSM studies were not routinely performed to guide the design ofphase 2 trials. 

The typical paradigm for antimalarial drug development included a three cohort SAD IBSM 

study, a phase 2 study to characterize parasite clearance, and a confirmatory dose-response phase 

2 trial. 

The PK/PD model developed using data from an IBSM study (Chapter 2) was used to simulate 

results of a phase 2 trial based on the study protocol. The PK model developed from the IBSM 

study data was unable to predict drug concentrations in the phase 2 trial due to a lack of dose 

proportionality. The First-in-Human (FiH) data were not available to create a pooled population 

PK model; this highlighted the need for (1) an integrated pharmacometric plan for clinical 

development, and (2) a means by which data can be stored and shared securely and easily by 
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collaborators. If the FiH data had been available, the pooled population PK model would have 

been able to more accurately provide exposures for the phase 2 simulations. A result of this 

finding, which is not presented in this dissertation, but was integral to the success of this work, 

was the development of a data repository for storing all documents and data surrounding 

pharmacometric analyses. This repository, owned by Medicines for Malaria Venture and 

developed by Cognigen, will enable efficient data transfers in the future. 

The PD model, developed from the IBSM study, over-predicted parasite count, i.e. under

predicted pharmacologic effect, even after controlling for differences in PK. A PD model with 

components representative of the stages of parasite lifecycle and processes could allow for 

incorporation of stage-specific drug effects in describing mechanisms of parasite death and also 

may allow for a potential decrease in variability in the predictions. The results of these analyses 

warranted an exploration of alternative pharmacodynamic models to characterize IBSM study 

data ( Chapter 6). 

Part 2 

Based on the findings from Chapter 2, an adaptive alternative study design ("2-2-4") for the 

IBSM studies was evaluated in Chapter 4. An initial cohort with three dose levels was proposed 

and evaluated in this proof-of-concept work. The PK and PD were modeled sequentially, and 

stochastic simulations of the final PK/PD model were conducted at a range of dose levels. This 

multi-dose initial cohort enabled the identification of a dose-response relationship after just one 

cohort of an IBSM study. Simulations of the PK/PD model developed from the 2-2-4 cohort 

were able to describe the parasitemia profiles of the remaining patients in the IBSM study as 

well as for a previously published phase 2 trial[76]. A proposed alternative development pathway 
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is outlined in Figure 1 of Chapter 4 which would combine modeling and simulation with IBSM 

studies in an effort to decrease the number of cohorts in an IBSM study and potentially decrease 

the need for the multiple phase 2 studies required to identify and confirm a dose-response 

relationship. 

The data used in pharmacodynamic models created from IBSM studies are typically total 

parasite counts (18s ribosomal DNA), which are measured using quantitative PCR (qPCR). As 

experimental models evolve and new biomarkers are identified, parasites at different stages of 

the parasite lifecycle, can be measured. In Chapter 5, a case study is presented whereby the 

ability of a single dose of DSM265 to clear asexual blood-stage parasites as well as 

gametocytemia was assessed. Inclusion of the p/s25 female gametocyte biomarker in addition to 

the 18s measurement identified DSM265 did not have activity against gametocytes. The use of 

both biomarkers also allowed for discrimination between recrudescence of the asexual blood

stage parasites and the appearance of gametocytes; this is important because it allows for a more 

mechanistic understanding of the time-course of drug effect on parasites in the IBSM studies. 

The traditional maximum pharmacologic model demonstrated a lack of predictability across 

cohorts of an IBSM study in Chapter 2. These results, along with the complexity of the parasite 

lifecycle and the stage-specificity of drugs[77] , motivated the investigation of alternative 

pharmacodynamic models in Chapter 6. The identifiability of the traditional maximum 

pharmacologic effect model, and other candidate pharmacodynamic models, had not yet been 

explored prior to this work. The goal ofChapter 6 was to first understand the extent ofparameter 

identifiability, precision, and potential for bias of parameter estimates amongst the models and 

second, to provide a scientific basis and rationale for model selection for IBSM study data. A 
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simulation-estimation exercise was performed for each of the six candidate models whereby 

datasets were simulated in MRGSolve, and these datasets were then post-processed to apply 

hypothetical rescue medication administration rules to censor data. The new censored datasets 

were then estimated in NONMEM and the estimated parameters and model predictions were 

compared with the true parameters used in the simulation and the simulation dataset. In this 

work, three variations of the maximum pharmacologic effect model and one semi-mechanistic 

model were evaluated. The results of the identifiability analysis revealed the traditional 

maximum pharmacologic effect model and the semi-mechanistic model to be the most 

identifiable. 

The results of this chapter stimulated numerous discussions with our collaborators which can 

be explored in future analyses, including the effect ofmodel identifiability on the availability of 

data (i .e. using different rescue medication administration rules and further exploring the impact 

of lower limit of quantification values). Ofnote, while the more advanced empirical models may 

have been more biologically plausible ( e.g. the inclusion of an indirect response component, or 

Gompertz-type growth function) , these models were not as identifiable given the datasets . 

However, the identifiability of the semi-mechanistic model suggests the IBSM data can support 

a more mechanistic model. The next steps are to work with the malaria modeling community to 

identify how this work can be extended given the flexibility of the IBSM model and the growing 

number ofbiomarkers. 

Part3 

The impact of this dissertation extends beyond the analyses presented, and is rooted in the 

collaborative goal to not only create a process for integrating pharmacometric analyses into 
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antimalarial drug development, but also to communicate the value of the application of 

quantitative sciences in this area to the malaria community and regulatory agencies . 

The last regulatory Guidance for Industry from the FDA for the development of malaria 

therapeutics was written in 2007. In Spring of 2016, the 2007 Guidance for Industry was 

withdrawn. In June of 2016, a workshop on clinical trial design considerations for malaria drug 

development was held. During this meeting, the FDA noted that they were looking to develop a 

new guidance based on new and emerging science. This prompted considerable discussion about 

how to best develop drugs for malaria, and in particular how to better assess the clinical potential 

of new compounds. IBSM studies have never before been used in a submission of a new drug 

application to the FDA. The analyses in Part 1 and Part 2 of this dissertation were essential to 

establish a formal process for evaluation of the IBSM data, in order to understand how data from 

these studies can most efficiently be used, and to engender questions and discussions among 

both the malaria drug development community and regulators . The third part of this dissertation 

focused on learning how to engage with regulatory authorities to generate lessons learned that 

will enable their decision making on accepting and endorsing model-informed strategies for 

malaria, and to recommend best practices for leveraging data from IBSM studies within an NDA. 

A process for model-informed drug development for malaria therapeutics was created and 

presented in Chapter 6; this review references and provides context for the analyses performed 

throughout this dissertation. The Director of the Office of Clinical Pharmacology has referenced 

the ideas presented in Chapter 6 during a recent presentation on Model-Informed Drug 

Development[78] and there are ongoing discussions with the FDA to schedule a workshop on 

model-informed malaria drug development in light of the goals from the Prescription Drug Use 
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Fee Act (PDUF A) 6. Finally, in a collaborative effort, recommendations for the use of 

pharmacometric and PK/PD modeling and simulation to be included in the next Guidance for 

Industry for Malaria were submitted to the FDA (Chapter 7). 

Future Research 

The research findings discussed in this dissertation add substantively to the knowledge base of 

the application ofpharmacometrics in the development ofmalaria therapeutics. Specifically, this 

work investigated the quantitative link between IBSM studies and phase 2 dose-response trials, 

and explored how modeling and simulation can be an integrative part of the IBSM study design. 

The work herein provides a platform for the malaria community to further investigate alternative 

study designs for the IBSM studies, and also an opportunity for the malaria modeling community 

to collectively evaluate the pharmacodynamic models used to characterize this data and make 

predictions from it. 

Additional analyses to validate the work performed in Chapter 4 are needed so that an 

alternative adaptive IBSM design could be proposed to the FDA as part of a critical path 

initiative. The analysis in Chapter 4 was a proof-of-concept initiative where one random draw of 

the 2-2-4 study with one drug was tested. To strengthen the basis for making conclusions, this 

should be repeated with another drug where multiple stochastic random draws ofthe 2-2-4 cohort 

would be evaluated. 

A population PK model was created for DSM265 using data from a FiH study and a IBSM 

study; the population and individual model predictions were in agreement with the observed 

data. This IBSM study only consisted of one cohort with seven patients. The traditional 

maximum pharmacologic effect pharmacodynamic model was unable to characterize the growth 
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pattern observed; alternative pharmacodynamic models were tested but still failed to recapitulate 

the true schizogony pattern. 

There is a wealth of information in the parasite growth data in healthy volunteers from the 

IBSM studies. The work in Chapter 5 and Chapter 6 highlighted the importance of analyzing 

these data to create a mechanistic model of parasite growth upon which drug effect could be 

added. The simulation-estimation platform created in Chapter 6 provides a means by which to 

evaluate how data generated from different study designs can be used to inform dose-response 

relationships, and this platform can be re-used moving forward to evaluate additional models. 

The work in this dissertation focused on monotherapy only, however, because of the concern 

of resistance, antimalarial therapies are given in combination; lessons learned from this 

dissertation can be applied to the development of combination therapy. The current development 

paradigm for combination therapy includes two separate monotherapy SAD IBSM studies, a 

combination IBSM study, and typically between two to four phase 2 dose-response studies. After 

the efficacy and safety characteristics ofmonotherapy are understood in these phase 2 trials, one 

recommended method to establish optimal doses in combination has been to use a factorial 

design. Factorial design studies are conducted in endemic areas with patients infected with 

malaria and include varying dose levels for each of the combination drugs that are factorially 

paired into combination study arms. This approach is fraught with high costs, difficulty 

recruiting patients, and the presence of confounding factors. Phase 2 studies produce critical 

information required to demonstrate the contribution of each drug, prove efficacy of the 

combination and optimize the combination dose levels. The analyses presented in this 

dissertation can be used as a foundation for a proposal to replace the factorial phase 2 designs in 
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favor of an innovative alternative design, specific to malaria, which leverages data from IBSM 

studies with modeling and simulation techniques to better understand dose/exposure-response 

and enable efficient and optimal dose or doses of the combination for phase 2 and phase 3 trials. 

The use ofa well designed IBSM study and modeling and simulation strategy could potentially 

decrease the number ofpatients exposed to uninformative doses and also provide an opportunity 

for subsets of populations to be studied on an as needed basis without the confounding factors 

present in a field study thereby increasing safety for patients and de-risking antimalarial clinical 

trial design. While phase 2 dose-response studies will always be necessary to demonstrate the 

dose-response relationship is similar between naturally-infected patients living in endemic areas 

and patients in an IBSM study with no prior exposure, the use of modeling and simulation could 

potentially decrease the number of these confirmatory studies. Additional analyses are required 

to achieve these goals and extend this work. 

Finally, the harmonization of techniques and procedures for IBSM studies for the development 

of therapeutics, similar to the WHO's recommendations for controlled human infection studies 

for vaccine development, would enable the industrialization of reproducible, consistent IBSM 

studies[79]. The need to understand similarities and differences between IBSM and field data is 

important for extrapolation and is currently being investigated; nonetheless, the IBSM studies 

allow estimates of dose-response in humans for both monotherapy and combination treatment to 

be efficiently estimated prior to field trials. 

Conclusion 

This dissertation was a collaborative initiative as part of the effort to end malaria, by making 

the most ofthe data generated from IBSM studies through the application ofquantitative sciences 
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for new drugs in development. Model-based methods to facilitate the integration of innovations 

has implications for all global citizens in the fight to eradicate malaria. The full impact of this 

work would not be realized if it were not able to be communicated and understood. As part of 

this dissertation work, the formal process for analyzing data using PK/PD modeling and 

simulation for an IBSM study was created and templatized (Appendix 2). Additionally, a 

template for the presentation of the modeling and simulation results was also created to enable 

consistency among the presentation ofresults for modelers (Appendix 4). These systematic and 

organized approaches to enable modeling ( e.g. the data repository and modeling analysis plans) 

enable an integrated drug development approach. Therefore, the greatest achievement of this 

dissertation was the initiation of conversation between malaria modelers, clinicians, and 

regulators about model-informed development for malaria therapeutics. The challenge moving 

forward will be to continue to enable and foster scientific discussions and advancement amongst 

the global scientific community. 
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Combinations of one and two etas across each of the PK parameters in a two compartment PK 

model with linear absorption and linear elimination were evaluated. The model with an eta on 

clearance and volume in the central compartment (Pooled Model 1) was still unable to 

characterize the high peaks. Additionally, the Cmax and exposures from the second dose are 

visibly higher as compared to the first dose (Chapter 5, Figure 1) even after accounting for 

accumulation. While there are no known saturable CYP enzymes responsible for the drug's 

clearance [20] , the second peaks in the data (Chapter 5, Figure 1) were suspected to be indicative 

of enterohepatic recycling of the drug. Mean concentration over time data from oral 

administration of DSM265 in dogs exhibited the same pattern of second peaks [20] . Preclinical 

studies of DSM265 reveal the five major metabolites in mice, rabbits, monkeys and dogs are 

formed by hydroxylation and glucuronidation [20]. Glucuronides very commonly undergo 

recirculation due to bacterial cleavage of the glucuronide in the gut. 

Considering this information, a mechanistic component was added to the standard two 

compartment model with first order absorption to the central compartment and linear 

elimination. The mechanistic component featured a gall bladder compartment where drug 

accumulated by a first order process, in which the default condition was no release of drug from 

gall bladder. Release of drug from the gall bladder back to the gut occurred at defined intervals 

which represented hypothetical meal times and occurred over fixed time of a half hour. Various 

meal times were tested and did not alter the fit substantially. The modeling approach in 

NONMEM was adapted from modeling techniques in the literature[80]. The model with 

enterohepatic recycling and etas on clearance, central and peripheral volume was the best model 

fit among those tested with combinations of etas across PK parameters (Pooled Model 2). The 
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PK parameter estimates and their precisions were reasonable; however, the model was still 

unable to capture the peak data of several patients, especially for the second dose. 

Because of the small dataset, possible over-parameterization, and lack of improvement in 

model fit, empirical modifications to account for the underlying physiological processes (in place 

of the enterohepatic recycling component) were tested: (1) inter-occasion variability for 

bioavailability and (2) a systematic shift in clearance for the second dose. The first method, 

modeling inter-occasion variability assumes differences in bioavailability between study periods 

occur randomly, while the second method assumes differences in bioavailability have a 

systematic shift. 

The model with inter-occasion variability on bioavailability (Pooled Model 3) had a low 

residual error, and reasonable parameter estimates with good precision (Additional Table 1). 

Overall, the diagnostic plots and the model fit for Pooled Model 3 demonstrate the model 

describes the present data well. However, because the occasion etas were systematically greater 

for each individual, bioavailability was higher for each subject after the second dose 

administration. Therefore, the inter-occasion variability for the two dosing intervals would not 

accurately predict an increase of bioavailability in a predictive simulation. The model with a 

systematic shift in clearance for the second dose (Pooled Model 4) had reasonable parameter 

estimates and precision, but had two correlations. The range of patient weights from the pooled 

study was 58.2kg - 104.3kg, and examination of plots showing the relationship between the 

individual deviations (Bayesian parameter estimates) from the typical value ofmodel parameters 

and covariates showed there was a possible trend with clearances and volumes by weight. 
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Therefore, additional models were tested where allometry was included for clearance and 

volume as well as combinations of a shift in clearance with allometry and various combinations 

ofetas. The best model (Pooled Model 5) had allometry in both clearance and volume parameters 

with fixed exponents of 0.75 , and 1.0, respectively. This model did not show any improvement 

over the model with the shift in clearance for the second dose so these two components were 

tested together (Pooled Model 6). This model had reasonable parameter estimates and good 

diagnostic plots, but still struggled to capture all of the pooled patient profiles. A comparison 

between studies showed the maximum concentration achieved to be similar between studies 

(15500 ng/mL for the FiH study and 15198 ng/mL for the IBSM study). The median typical 

value of clearance for the FiH study was 0.354 L/h and for the IBSM study was 0.190 L/h 

(Additional Table 2). This difference in clearance is depicted in Additional Figure la as a plot 

of"Delta CL" stratified by study, where "delta" refers to the individual deviation from the typical 

value of the model parameter. This plot demonstrates a clear difference in clearance between 

studies. Patients also showed slight differences in clearance between studies (Additional Figure 

2a). Because of this, a model with a shift in clearance and volume in the central compartment for 

study was included in the model (Pooled Model 7). The differences in clearance and volume 

between studies were corrected by the addition of these study- shifts (Additional Figure 1 b and 

Additional Figure 2b). This model had reasonable parameter estimates with good precision 

(Additional Table 1 ), and was chosen as the final PK model. 

Visual Predictive checks were generated and were stratified by dose administration interval 

(Additional Figures 3a and 3b). The observed data points and the observed median (red line) are 

overlaid with the simulated median, 10th and 90th percentiles of the predicted data (green shaded 
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region). The observed data points mostly fall inside the 80% prediction interval shown by the 

10th and 90th percentiles. While the model shows a good fit for the first dose, the second dose is 

under predicted for the full profile, although most of the data points fall within the 50th and 90th 

percentile. Visual predictive checks stratified by gender as well as by study demonstrate good 

model fit (Figures 4a and 4b and Figures 5a and 5b respectively). These VPC plots demonstrate 

the model performs well for males and females , but with some under prediction of later time 

points in males, which is also seen slightly in the first in human study ( which was entirely 

comprised of male patients). This model was chosen as the final PK Model for QP15Cll and 

was used in the PD Model Development. 
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Additional Table l Final Estimate Comparison for PK Model Development 

Final Estimate Comparison for PK Model Development for QP15Cll + 400-mg FiH (Pooled Dataset) 

Model7 
Label Model 1 Model2 Model3 Model4 ModelS Model6 (Final 

Model) 

Value ofObjective 
Function 

28 17.648 2808.497 2774.463 2774.966 2789.265 2775 .533 2767.481 

Ka: Absorption Rate (1/h) 0.307 0.17 0.697 0.763 0.73 0.725 0.726 

CL: Clearance (L/h) 0.248 0.167 0.262 0.262 0.245 0.257 0.32 1 

V2: Volume of 
Distribution (L) 

11.7 6.39 27.6 29.9 28.4 28.2 25 .4 

Q: Inter-compartmental 
Clearance (L/h) 

7.81 5.34 5.86 4.36 4.63 4.52 4.51 

V3 : Peripheral Volume of 
Distribution (L) 

33 .5 37.7 19.1 16.1 16.5 16.8 16.9 

CL: Exponent of WTKG 
on CL 

0_75t 0_75t 0_75t 

CL: Prop Clearance Shift 
for Second Dose 

0.724 0.725 0.73 1 

F1: Bioavailability 1t 

K24: Release from 
Central to Gall Bladder 0.01 
(1/h) 

T41: Release from Gall 
Bladder to Gut (1/h) 

0.5 

CL: CL Shift for IBSM 
Study 

0.695 

V2: V2 Shift for IBSM 
study 

1.1 8 

IIV on CL 0.108 0.298 0.0796 0.0802 0.0952 0.0718 0.0397 

IIV on Ka 0.467 0.517 0.482 0.493 0.492 

IIV on V2 0.25 4 0.409 0.0525 0.08 12 0.0909 0.083 1 

IIV on V3 0.0367 

IIV on Q 

IIV on Fl 0.0237 

IOV Fl OOC2 0.037 

RV:RV 0.041 6 0.0348 0.0264 0.0283 0.0301 0.0279 0.0279 

Number of Correlations 6 2 1 2 2 2 1 

tested shift Model 6+ 

Additional Notes 

tested 
entero-
hepatic 
recycling 

tested inter-
occas10n 
variability on 
bioavailabili ty 

tested shift 
m 
clearance 
for second 
dose 

tested 
allometry 
on CL, V2, 
Q, V3 

in clearance 
for second 
dose as well 
as allometry 
on CL, V2, 

shift in CL 
and V2 for 
IBSM 
study as 
compared 

Q, V3 toFiH 

1Parameter value fixed. 
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Additional Table 2: Summary Statistics of Bayesian PK Parameters Stratified by Study 

PK Parameter 

Clearance (U h) Mean 

(SD) 

Median 

Min, Max 

N 

Maximum Concentration 

(ng/mL) 

Mean 

(SD) 

Median 

Min, Max 

N 

Volume in Central 

Compartment (L) 

Mean 

(SD) 

Median 

Min, Max 

N 

First-in-Human 

n~5 

0.353 (0.105) 

0.354 

0.21 , 0.49 

5 

11890.000 (3263 .127) 

10100.000 

8550.00, 15500.00 

5 

28.276 (7.876) 

29.817 

18.05 , 35 .81 

5 

IBSM 

First Dose 

n~8 

0.224 (0.026) 

0.220 

0.19, 0.26 

8 

9933 .500 

(2265 .216) 

9728 .000 

7813 .00, 14504.00 

8 

30.047 (6.233) 

30.410 

22 .54, 37.05 

8 

IBSM 

Second Dose Overall 

n~ 7 n ~ 13 

0.164 (0.020) 0.235 (0.091) 

0.161 0.211 

0.14, 0.19 0.14, 0.49 

7 20 

11457.571 10956.050 

(2487.188) (2616.888) 

10723.000 10372.500 

8181.00, 15198.00 7813 .00, 15500.00 

7 20 

29.068 (6.032) 29.261 (6.276) 

27.045 28.431 

22.54, 37.05 18 .05 , 37.05 

7 20 
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Additional Figure la Box plots of Inter-individual variability in Clearance Stratified by Study for 

Pooled Model 6 

Overall 

0.2 5 15 

_J 0.1 
0 
Jg 
Q) 
0 0.0 

-0.1 

4 

Study number 

Boxes represent the 25th and 75th percentiles and lines the median. Notches provide an approx imate 95% 
C.I. about the med ian. Whiskers extend to the most extreme values within the 1.5 interquarti le range. Values 
outs ide this range are marked with open circles or subject ID. The numbers of va lues fo r each box are 
displayed in the upper region. 

Additional Figure lb Box plots of Inter-individual variability in Clearance Stratified by Study for 

Pooled Model 7 

Overall 
5 15 0.10 

0.05 
_J 

0 
Jg 0.00 Q) 
0 

-0.05 

-0.10 

4 

Study number 

Boxes represent the 25th and 75th percentiles and lines the median. Notches provide an approximate 95% 
C.I. about the med ian. Whiskers extend to the most extreme values within the 1.5 interquarti le range. Values 
outside th is range are marked with open circles or subject ID. The numbers of va lues fo r each box are 
displayed in the upper region. 
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Additional Figure 2a Box plots of Inter-individual variability in Volume in the Central Compartment 

Stratified by Study for Pooled Model 6 

Overall 

15 
5 8 

10 
N 
> 
.!!! 

5 

ai 
Cl 0 

-5 

-10 

4 

Study number 

Boxes represent the 25th and 75th percentiles and lines the median. Notches provide an approximate 95% 
C.I. about the median. Whiskers extend to the most extreme va lues within the 1.5 interquarti le range. Values 
outside this range are marked with open circles or subject ID. The numbers of values for each box are 
displayed in the upper region. 

Additional Figure 2b Box plots of Inter-individual variability in Volume in the Central Compartment 

Stratified by Study for Pooled Model 7 

Overall 
5 8 

10 

N 
> 5 

.!!! 
ai 0 
Cl 

-5 

-10 

4 

Study number 

Boxes represent the 25th and 75th percentiles and lines the median. Notches provide an approximate 95% 
C.I. about the median. Whiskers extend to the most extreme va lues within the 1.5 interquarti le range. Values 
outside this range are marked with open circles or subject ID. The numbers of values for each box are 
displayed in the upper region . 
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Additional Figure 3 Visual Predictive Check of Final PK Model Stratified by Dose 
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--- --- --- --- -- -

Additional Figure 3b 
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Additional Figure 4 Visual Predictive Check of Final PK Model Stratified by Gender 

Additional Figure 4a 
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Additional Figure 4b 

Male 
Visual Predictive Check 
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Additional Figure 5 Visual Predictive Check of Final PK Model Stratified by Study 
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--- ------

Additional Figure Sb 
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APPENDIX Two 

A MODELING ANALYSIS PLAN FOR ASSESSMENT OF THE PREDICTABILITY OF 

PHARMACOKINETIC AND PHARMACODYNAMIC MODELING USING 

SELECTED DATA FROM A HUMAN CHALLENGE STUDY AND ANTIMALARIAL 

CLINICAL TRIAL 

Author Contributions 

Kayla Ann Andrews1
,
2 and Luann Phillips1 drafted the content. 

Jill Fiedler-Kelly1 and Cognigen Corporation personnel1 created the template . 

Jill Fiedler-Kelly1 and Ted Grasela1 revised the drafted content. 

Author Affiliations: 

1Cognigen Corporation, a SimulationsPlus Company, Buffalo, New York, USA 

2Department of Pharmaceutical Sciences, State University of New York at Buffalo, Buffalo, New York, USA 

This modeling analysis plan serves as an example of the types of malaria -specific canonical documents created 

alongside the work of this dissertation. The original modeling analysis plan template was created by Cognigen 

Corporation and has been adapted and revised from its original form. This analysis plan corresponds to part of the 

work performed as part of this dissertation (Chapter 2 and Chapter 3). Portions of the analysis plan which were not 

relevant and/or deemed confidential have been removed. 
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ABBREVIATIONS, TERMS, AND SYMBOLS 

Abbreviation Full Term 

ACPR Adequate Clinical and Parasitological Response 

AUCo-4s area under the concentration-time curve from time O to 48 hours postdose 

AUCnr area under the concentration-time curve from time O to infinity 

BLQ below the lower limit of quantitation 

Cmax peak model-predicted concentration 

Cmin last model-predicted concentration above the study-specific lower limit of quantitation 

CL/F apparent clearance 

DURAM1c duration of time that the model-predicted concentration is above the minimum inhibitory 

concentration value 

DURAMPc duration of time that the model-predicted concentration is above the maximum parasiticidal 

concentration value 

F bioavailability fraction 

HCS human challenge study/studies 

ICso concentration of drug in blood/plasma eliciting 50% of maximum parasite killing rate 

LOD liinit of detection 

LLOQ lower liinit of quantitation 

MIC minimum inhibitory concentration 

MMV Medicines for Malaria Venture 

MPC maximum parasiticidal concentration 

M&S modeling and simulation 

p probability 
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ABBREVIATIONS, TERMS, AND SYMBOLS 

Abbreviation 

PAUCo-4s 

PAUCo-PTmax 

PAUC4s-96 

PAUC1ast 

PCmax 

PCmiu 

PCT 

PCT½ 

PD 

PK 

PK/PD 

PRR 

PTmax 

PTmin 

qPCR 

R&D 

SCID 

TAMIC 

Full Term 

area under the parasite-time curve from time Oto 48 hours postdose 

area under the parasite-time curve from time Oto time at which peak model-predicted parasite 

count occurs postdose 

area under the parasite-time curve from time 48 to 96 hours postdose 

area under the parasite-time curve from time O to last quantifiable parasite count 

peak model-predicted parasite count 

last model-predicted parasite count above the study-specific lower limit of quantitation 

parasite clearance time 

parasite clearance half-life 

pharmacodynamic(s) 

pharmacokinetic(s) 

pharmacokinetic/pharmacodynamic 

parasite reduction ratio 

time at which peak model-predicted parasite count occurs 

time at which last model-predicted parasite count above the study-specific lower limit of 

quantitation occurs 

quantitative polymerase chain reaction 

research and development 

severe combined immunodeficiency 

time at which the model-predicted concentration rises above the minimum inhibitory 

concentration value 
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Abbreviation 

TAMPc 

TBMIC 

TBMPC 

Tmax 

Tmin 

Vc/F 

VOF 

VPC 

QIMR 

ABBREVIATIONS, TERMS, AND SYMBOLS 

Full Term 

time at which the model-predicted concentration rises above the maximum parasiticidal 

concentration value 

time at which the model-predicted concentration declines below the minimum inhibitory 

concentration value 

time at which the model-predicted concentration declines below the maximum parasiticidal 

concentration value 

time at which peak model-predicted concentration occurs 

time at which last model-predicted concentration above the study-specific lower limit of 

quantitation occurs 

apparent volume of distribution of central compartment 

value of the objective function 

visual predictive check 

Queensland Institute of Medical Research 
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INTRODUCTION 

Background 

Human challenge studies (HCS) are a key source of knowledge regarding the potential for 

success with new antimalarial chemical entities. Before these studies were employed, 

preliminary efficacy data were obtained from field studies in patients with endemic parasitemia. 

In contrast, HCS obtain efficacy data in a controlled environment with simpler logistics. The 

parasite count data and drug concentration-time profiles from HCS are rich in information and, 

when analyzed using M&S techniques, potentially enable the prediction of drug response in 

clinical trials of patients with malaria. 

Medicines for Malaria Venture (MMV), in collaboration with Queensland Institute of Medical 

Research (QIMR), has conducted a series of HCS and clinical trials. These trials include both 

monotherapy and combination therapy regimens in healthy volunteers, in healthy volunteers 

inoculated with malaria parasites (that is, HCS), and in patients in malaria-endemic areas. 

OZ439, a drug currently under investigation by MMV and QIMR, will serve as the drug of 

interest for this modeling analysis plan. 

The goals of this proposed modeling analysis plan will be to demonstrate the value of M&S and 

to highlight opportunities for further development of the mathematical model currently used to 

describe and predict antimalarial PK and pharmacodynamics (PD). The recent United States 

Food and Drug Administration workshop on Clinical Trial Design Considerations for Malaria 

Drug Development highlighted opportunities to streamline clinical development plans for 

antimalarial therapies by means of M&S. During the workshop, M&S was briefly mentioned, 
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but a dynamic discussion regarding the predictability of the current model used to describe 

antimalarial pharmacokinetics and pharmacodynamics (PK/PD) was notably absent. An 

exemplary series of M&S activities can be used to help guide not only the development of the 

parasitemia growth model but also to provide insight for subsequent guidelines and workshops 

regarding antimalarial M&S. The purposeful design and presentation of the proposed 

predictability assessment to the regulatory and clinical communities will provide a platform for 

a detailed interdisciplinary consideration of the value of M&S as a basis for decision-making 

during antimalarial drug development. 

Rationale for Project 

A series of M&S activities using existing data from OZ439 will be performed to assess the 

predictability of a PK/PD model for malaria at different stages of drug development. The first 

M&S activity in this series will be the assessment of predictability of the current PK/PD model 

describing parasitemia counts as a function of drug concentration (the growth model), as 

described in Equation 1.1 ·2 

Growth Model: dP = P(k - k X e r J (1)
dt g d e r + Eefo 

Where: 

dP . f h f . .- 1s rate o c ange o parasite count over time; 
dt 

P is parasite count; 

kg is parasite growth rate; 
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kd is parasite death rate (maximum parasite killing rate); 

C is concentration of drug in blood/plasma; 

Y is steepness parameter for dose-response relationship; and 

EC50 is concentration of drug in blood/plasma eliciting 50% of maximum parasite killing 

rate. 

Areas of potential improvement and extension of the growth model have been historically 

identified and include the characterization of parasite growth behaviors not included in the 

current model (for example, host immunity, splenic clearance, number of erythrocytes, 

synchronicity of the infection, stage specificity, sequestration, inclusion ofmalaria species other 

than P lasmodium falciparum) and further testing of the assumptions of the current model ( for 

example, growth is assumed to be first-order and efficacy of drug is constant across asexual 

stages).3 

It is hypothesized that the results of the first M&S exercise will help confirm and identify the 

specific strengths and weaknesses of the current model and their relation to the current model 

assumptions. The M&S results will also provide a platform for interdisciplinary collaboration 

among data scientists, experimentalists, and pharmacometricians to determine possible solutions 

for deficiencies of the current model, provide further testing of model assumptions, and 

identification ofmethods for closing the collaboratively identified knowledge gaps that may exist 

regarding parasitic growth and drug pharmacology. 
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The knowledge gained from the proposed M&S activities, and the interdisciplinary 

collaborations they enable, will allow focus on the development of a more comprehensive 

disease-drug model for predicting the time-course of parasite counts under different treatment 

scenarios by the malaria community. Development of the more comprehensive, and potentially 

more clinically relevant, disease-drug model with features such as stage specificity, drug 

synergy, stage-specific resistance, host immune response, killing mechanism for predicting 

parasite counts, and biomarkers (for example cytokines, surface proteins) will have implications 

for the design, analysis, and interpretation of future clinical trial data. The more comprehensive 

model will also support more expansive conversations regarding the most appropriate 

approaches for further development of antimalarial medications. This is of particular interest 

since the 2007 draft guidance for malaria was recently withdrawn.4 

Goals 

• Evaluate the predictability of an iterative M&S analysis of data across the lifecycle of 

R&D. 

• Characterize the PK and PK/PD of OZ439 monotherapy. 

• Assess predictions of the parasitemia growth model and applicability of its use m 

optimizing clinical trial outcomes. For the purposes of this analysis, the phrase parasite 

counts will refer to blood-stage parasites. 
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Objectives 

1. Iteratively develop and refine PK and PK/PD models for OZ439 monotherapy as each 

treatment cohort is completed. 

a. The initial PK/PD model will use drug-specific ICso values from the 

preclinical study data. Later iterations of the model will estimate the 

drug-specific ICso values based upon observed parasite counts. 

b. Assess the predictability of the PK and PK/PD models for all completed 

treatment cohorts at each iteration. 

2. After all cohorts are complete, use the final PK/PD models for OZ439 and a virtual 

patient population with endemic malaria to conduct stochastic clinical trial simulations. 

a. For OZ439, perform a clinical trial simulation of the MMV_OZ439 _10_002 

study. 

b. Assess the differences between the clinical trial simulation outcomes and the 

observed clinical trial outcomes for the study. 

SUMMARY OF WORK SCOPE 

The table below (Table 2-1) provides an overview of the models to be developed and stages of 

the analyses to be performed. If any data listed below are unavailable at the time of the analysis, 

the development plan will be modified accordingly. All modifications to the analysis plan will 

be detailed in the report. 

Table 2-1. Analysis Plan Overview 
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Analysis Dataset or 

Model Activities Trial Design Endpoint(s) Base Model 

OZ439 Pharmacokinetics Study QP12Cl0 OZ439 plasma cone. OZ439 preliminary 

A Cohort 1 pharmacokinetic model 

B. Cohorts 1 & 2 

C. Cohorts 1, 2, & 3 

OZ439 Parasitemia Study QP12Cl0 OZ439 plasma cone. Parasitemia growth model 

Pharmacokinetic/ A Cohort 1 and parasitemia cone. first -order growth 

Pharmacodynamic B. Cohorts 1 & 2 parasite reduction rate as an 

C. Cohorts 1, 2, & 3 inhibitory-Emax model of 

OZ439 cone. 

OZ439 Cohort Study QP12Cl0 A Predict Cohort 1 Parasitemia OZ439 growth 

Predictions and Comparison A Preliminary PK and B. Predict Cohort 2 model for the current stage 

to Observed Data preclinical ICso C. Predict Cohort 3 of development 

B. Cohort 1 

C. Cohorts 1 & 2 

OZ439 Monotherapy A MMV OZ439 _10_0 OZ439 plasma cone. Refined parasitemia OZ439 

Clinical Trial Simulation and 02 and parasitemia cone. growth model following 

Comparison to Observed inclusion of Cohort 3 data 

Data 

Abbreviations: cone, concentration; Emax, maximum pharmacologic effect; ICso, concentration of drug in 

blood/plasma eliciting 50% of maximum parasite killing rate; PK, pharmacokinetic. 

Source: Table 1. 

DATA 
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Study Designs and Populations 

Data will be obtained from the studies described in Table 1. All study participants were to have 

met the inclusion and exclusion criteria for the study in which they were enrolled prior to signing 

an informed consent (approved by an ethics committee). 

Dosing Regimens 

Dosing regimens for OZ439 for the clinical trials to be included in model development are 

described in Table 2. The planned dosing regimens for the clinical trial to be simulated 

(MMV _ OZ439 _ 1O_002) is also described in Table 2. 

Pharmacokinetic Sampling Strategies 

Pharmacokinetic sampling strategies for the clinical trials to be used for model development and 

simulations are described in Table 2. 

Pharmacokinetic Bioanalytical Methods 

The lower limit of quantitation (LLOQ) for the OZ439 assay is 0.1 ng/mL. 

Pharmacodynamic Endpoints and Sampling Strategies 

For the HCS included in these analyses (QP12C10), healthy volunteers were inoculated with 

- 1,800 viable erythrocytes containing Plasmodium falciparum strain 3D7 A. The methods of the 

blood-stage P lasmodium falciparum challenge inoculum are described elsewhere. 7 

For the study of endemic malaria, patients (MMV_OZ439 _ 10_002) may present with multiple 

species ofPlasmodium upon initial treatment in the clinic. 
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Because of limitations in the parasite assays, the parasite count that will be modeled is a 

representation of Plasmodium falciparum parasite and gametocyte counts. No other parasite 

species will be included in the PK/PD model. However, where available, Plasmodium vivax and 

gametocyte counts will be incorporated in the exploratory graphical analyses. 

Pharmacodynamic measurements and sampling strategies are described in Table 2. 

Pharmacodynamic Bioanalytical Methods 

For study QP12C10, the assay for Plasmodium falciparum could not distinguish gametocyte 

count. Therefore, the measured parasite counts represent both parasites and gametocytes. 

For study MMV _ OZ439 _ 10_ 002 the parasite counts may have been measured using microscopy 

instead of the qPCR assay. The methodology used will be defined in the report. 

For study MMV _ OZ439 _ 10_ 002 conducted in patients with endemic malaria, species other 

than Plasmodium falciparum could also be present and the assay also measured 

Plasmodium vivax. 

The LLOQ and limit ofdetection (LOD) for Plasmodium falciparum and Plasmodium vivax will 

be defined in the report 

Demographic and Clinical Assessments 

Sex, race, age, body weight, serum creatinine, and creatinine clearance ( calculated) were 

collected for each subject in these trials. Because the studies included in this analysis are short

term trials, the information collected at the baseline visit prior to the first dose of drug will be 
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used. If the information was not collected at baseline, the values recorded at the closest visit prior 

to dosing will be used (for example, screen). 

ANALYSIS DATASET CREATION 

Data to Be Included 

Data from relevant studies will be pooled for population analysis (see Table 1 and Table 2). Data 

to be utilized in the creation of analysis datasets will include dosing information ( amount, route, 

timing, fed/fasted status, if available), treatment assignment, PK sampling information (time 

relative to dosing, concentration of various analytes), parasitemia sampling information (time 

relative to dosing ofdrug, concentrations ofparasites), demographic data, and laboratory values. 

Analysis Populations 

The dataset for use in the population PK modeling will include data from the study QP12C10 as 

described in Table 1. Data from placebo treatment arms will be excluded. 

Because of the iterative nature of the planned analyses, there will be multiple analysis 

populations for the OZ439 population PK and PK/PD models (Table 4-1 ).If a patient is excluded 

from the population PK analyses, the patient will also be excluded from the PK/PD analyses. 
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Table 4-1. Population Pharmacokinetic/Pharmacodynamic Model Analysis Populations 

Analysis Population Description 

OZ439 PK/PD-1 Subjects enrolled m Cohort 1 of Study QP12Cl0 (PK) 

+ Bayesian PK model parameters (PK/PD) 

OZ439 PK/PD-2 OZ439 PK/PD-1 plus subjects enrolled m Cohort 2 of Study QP12Cl0 (PK) 

+ Bayesian PK model parameters (PK/PD) 

OZ439 PK/PD-3 OZ439 PK/PD-2 plus subjects enrolled m Cohort 3 of Study QP12Cl0 (PK) 

+ Bayesian PK model parameters (PK/PD) 

Abbreviations: PK, pharmacokinetic; PK/PD, pharmacokinetic/pharmacodynamic. 

The datasets for simulation of monotherapy and combined therapy will include data from one 

study, as shown in Table 4-2 and further described in Table 1. 

Table 4-2. Clinical Trial for Simulation of Monotherapy and Combined Therapy Populations 

Analysis Population Description 

OZ439 SIM-1 Simulation of OZ439 mono therapy. 

Subjects enrolled in MMV _OZ439 _10_002 

Abbreviations: SIM, simulation. 

Dataset Creation Methods 

For the PK analyses, a time-ordered sequence of relevant events will be constructed for each 

subject from time of first dose (PK) until time of last sample in analysis-ready datasets. For the 

PK/PD analyses, a time-ordered sequence ofrelevant events will be constructed for each subject 

from inoculation of the parasite or first parasitemia sample until time of the last parasitemia 
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sample or end of study. All edited values and data omitted for any reason will be documented in 

data editing and analysis exclusion listings. 

The time-ordered sequence of events will be constructed based upon recorded times or protocol

specified times as described below: 

A. Dosing: protocol-specified dates and times 

B. PK samples: recorded dates and times 

C. PD samples: recorded dates and times 

1. Calculation ofDose Amount 

The dose of OZ439 to be used in the PK analysis is the dose reported in Table 2. No adjustment 

for salt form is necessary. For the purposes of this analysis, the dose of OZ439 will be expressed 

in milligram (mg) units 

u. Pharmacokinetic Concentration Units 

For the purposes of these analyses, OZ439 concentrations will be reported and analyzed in 

nanogram per milliliter (ng/mL) units. 

m. Calculated Pharmacokinetic Exposure Measurements 

NONMEM will be used to generate individual measures of OZ439 exposures via integration of 

the differential equations from the final PK model and individual Bayesian parameter estimates 

describing the concentration-time profile for each patient. The exposure measures that will be 

calculated are defined as follows : 
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Cmax = peak model-predicted concentration 

Tmax = time at which Cmax occurs 

Cmin = last model-predicted concentration above the study-specific LLOQ 

Tmin = time at which Cmin occurs 

AUCnr= area under the concentration-time curve from time Oto infinity; calculated as Dose/CL 

AUCo-48 = area under the concentration-time curve from time 0 to 48 hours postdose 

TAMrc = time at which the model-predicted concentration rises above the minimum inhibitory 

concentration (MIC) value 

TBMIC = time at which the model-predicted concentration declines below the MIC value 

DURAMrc= duration of time that the model-predicted concentration is above the MIC value; 

calculated as T BMIC - TAMIC 

TAMPC = time at which the model-predicted concentration rises above the maximum parasiticidal 

concentration (MPC) value 

TBMPc= time at which the model-predicted concentration declines below the MPC value 

DURAMPC = duration of time that the model-predicted concentration is above the MPC value; 

calculated as T BMPC - TAMPC 

The MIC and MPC are defined in Section v. 
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1v. Pharmacodynamic Endpoints 

For the described analyses, Plasmodium falciparum parasite counts will be modeled. Where 

available, separate Plasm odium vivax counts and gametocyte counts of the parasites will also be 

included in the dataset for graphical exploratory analyses (Table 4-3). 

For the purposes of these analyses, Plasmodium falciparum and Plasmodium vivax parasite 

counts will be reported and analyzed in number of parasites/mL units. Gametocyte counts will 

be reported in number of gametocytes/mL units. 

Table 4-3. Pharmacodynamic Data Stratified by Analysis Type and Study 

Plasm odium Plasm odium 

falciparum vivax Gametocyte 

Study Medication Analysis Type Parasite Counts Parasite Counts Count 

QP12Cl0 OZ439 PK and PK/PD X NA NA 

MMV OZ439 10 002 - - OZ439 SIM X X X 

Abbreviations: NA, not applicable; PK, pharmacokinetic; PK/PD, pharmacokinetic/pharmacodynamic; SIM, simulation. 

v. Calculated Pharmacodynamic Measurements 

When appropriate, model-predicted parasite counts will be used to calculate the additional PD 

parameters as defined below for all studies. 

PRR = Parasite reduction ratio: the regression-predicted fractional reduction in parasitemia at 48 

hours post-inoculation3'8 

PCT½ = The half-life of parasite clearance: the time it takes for half of the initial blood-stage 

parasites to be killed and removed from the circulation3'8 
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PCT = Parasite clearance time: the time from the beginning of antimalarial treatment until 

parasites are no longer detectable in the peripheral blood9,1o 

ACPR = Adequate Clinical and Parasitological Response: defined as the "absence ofparasitemia 

at end of study (Day 28 or Day 42), irrespective of axillary temperature, in patients who did not 

previously meet any of the criteria of early treatment failure, late clinical failure or late 

parasitological failure" as per the World Health Organization definitions .11 For the purposes of 

predictability assessments, ACPR will be defined based upon the comparison of predicted 

parasite counts to pre-defined thresholds on specific study days. 

MPC = Minimum parasiticidal concentration is the lowest drug concentration which produces 

the maximum parasite reduction ratio3 

MIC = Minimum inhibitory concentration is the drug concentration at which the parasite 

multiplication factor per asexual cycle is equal to one3 

NONMEM will be used to generate individual measures of Plasmodium falciparum exposures 

via integration of the differential equations from the final PK/PD model and individual Bayesian 

parameter estimates describing the parasite count-time profile for each patient. The exposure 

measures that will be calculated are defined as follows: 

PCmax = peak model-predicted parasite count 

PT max = time at which PCmax occurs 

PCmin = last model-predicted parasite count above the study-specific LLOQ 

PTmin = time at which PCmin occurs 
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PAUC1ast = area under the parasite-time curve from time O to last quantifiable parasite count 

PAUCo-48 = area under the parasite-time curve from time O to 48 hours postdose 

PAUC4s-96 = area under the parasite-time curve from time 48 to 96 hours postdose 

PAUCo-PTmax = area under the parasite-time curve from time O to PTmax postdose 

Covariates 

The following covariates will be evaluated for their ability to explain variability in the PK and/or 

PK/PD model parameters: 

Table 4-4. Covariate Definitions 

Covariate Definition 

Sex 0 = male, 1 = female 

Race 0 = Caucasian, 1 = black or African-American, 2 = Asian, 3 = Indian, 4 = other 

Age Years 

Body Weight Kilograms 

Creatinine Clearance CrCL(mL/ . ) (140-age(years))xweight(kg) OSS.fi fi l l mm = x . or ema es on y
72 x SCr(mg/ dL) 

where: SCr = serum creatinine 

Cockcroft and Gault• 

Parasite Count Typeh 0 = Plasmodium falciparum , 1 = Plasmodium vivax 

Meal 0 = fasted; 1 = fed 

a Cockcroft DW, Gault MH. Prediction ofcreatinine clearance from serum creatinine. Nephron. 1976; 16(1 ):31-41. 

b This covariate will be used for exploratory graphical analyses. 
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Table 4-5 and Table 4-6 describe which covariates are to be evaluated on particular parameters 

of the PK and PK/PD models. The evaluation of covariates is dependent, in part, upon the 

distribution of the covariate in the analysis population. 

Table 4-5. Planned Evaluation of Covariates in Population Pharmacokinetic Analyses 

Pharmacokinetic Parameters 

Absorption 

Time Varying Relative Clearance Distribution 

Covariate Yes/No Bioavailability 

Sex No X X 

Race No X X 

Age No X X 

Body Weight No X X 

Creatinine Clearance No X 

Meal No X 

Table 4-6. Planned Evaluation of Covariates in Population Pharmacokinetic/Pharmacodynamic Analyses 

Pharmacokinetic/Pharmacodynamic Parameters 

Time Varying Inhibition or Stimulation 

Covariate Yes/No Parasite Growth Rate• Parasite Death Rateb Parameters 

Sex No X X 

Race No X X X 

Age No X X X 

Body Weight No X 

a Denoted by kg in the parasite growth model of Plasmodium falciparum . 

b Denoted by kct in the parasite growth model of Plasmodium falciparum . 
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Handling of Missing Data 

All imputed values and data excluded for any reason will be documented in data editing and 

analysis exclusion listings. 

vi. Missing Dosing Data 

If dosing dates or times are missing, the reasons for the missing data will be investigated. If 

missing dates or times are due to either an undocumented missed dose or suspected, but 

unconfirmed, subject noncompliance, or if the reason for the missing data is inconclusive, then 

the dosing records and PK samples measured after the dose and prior to the next known or 

assumed dose will be excluded from the analysis dataset. 

Ifmissing dates and/or times for at-home doses are a direct result of insufficient study methods 

to capture the complete dosing history, dosing dates and times will be imputed based on available 

dates and times or the protocol-specified dosing plan when compliance can be assumed. 

v11. Missing Pharmacokinetic Data 

If an OZ439 concentration for a PK sample is missing, the record will be excluded from this 

analysis. If the date or time for a PK sample or for the dose immediately prior to a PK sample is 

missing, the relevant concentration will either be deleted from the analysis dataset, or, if feasible, 

the date or time will be imputed according to protocol specifications or based on a logical 

interpretation of available information from data proximate to the missing data. 

The timing and frequency of concentration measurements reported as below the lower limit of 

quantitation (BLQ) will be summarized. If BLQ samples represent less than or equal to 5% of 
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the total samples in the dataset, and if the occurrence of BLQ samples does not appear to be 

treatment-group dependent, all BLQ values will be removed from the analysis dataset prior to 

analysis. This method corresponds to the Ml method recommended by Beal as appropriate for 

many datasets. 12 If BLQ samples represent greater than 5% of the data or if the occurrence of 

BLQ samples is substantially treatment-group dependent, an alternative procedure will be 

considered for implementation based upon a strategy discussed by the stakeholders. 

vm. Missing Pharmacodynamic Data 

If a parasitemia measurement is missing, the observation record will be excluded from this 

analysis. If the date of a PD observation is missing, the relevant PD data will be excluded or, if 

feasible, the date will be imputed according to protocol specifications or based on a logical 

interpretation of data proximate to the missing data. 

The timing and frequency of parasitemia concentration measurements reported as LLOQ and 

LOD will be summarized. The LLOQ measurements will be set to a value of LLOQ/2 and all 

LOD measurements will be set to a value of 1 (log1o(l)=0).8 

tx. Missing Covariate Data 

If a subject's sex or race is missing, the value will be imputed as the most frequently occurring 

for that study. 

If the baseline value for any other covariate to be treated as stationary is missing, the value will 

be imputed from the value recorded at the nearest screening visit. If the value is missing for both 

screen and baseline visits, the subject will be excluded from the analysis dataset. 
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If the percentage of missing data is greater than 10% for a particular covariate, no imputations 

will be made and the covariate will be evaluated only in exploratory graphical displays. 

OVERVIEW OF METHODS 

The general procedure that will be followed for the development of the PK and PK/PD models 

for OZ439 is outlined below. 

3. Exploratory data analysis of the current cohorts 

4. Base structural model development using data from the current cohorts 

5. Prediction of the next cohort 

The first 3 steps will be repeated as though data from each cohort was available in real-time until 

all studies to be used for model development are complete. 

Following the completion of all model development studies, the following steps will be 

completed to finalize the PK and PK/PD models. 

6. Evaluation of covariate effects 

7. Model refinement 

8. Model evaluation 

After the PK and PK/PD models have been finalized, simulation of a clinical trial will be 

conducted and the simulated results will be compared to observed outcomes of the trial in order 

to assess the performance of the models. 
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Software and Hardware 

All exploratory data analyses and presentations of data will be performed usmg SAS 

Version 9.413 and KIWI Version 1.6.5 Population modeling will be performed using the 

computer program NONMEM, Version 7.3.0. 14 NONMEM analyses are performed on an Intel 

cluster with the Linux operating system. 

Pharmacokinetic Model Development 

Pharmacokinetic models with the characteristics described below will possibly be evaluated for 

the PK of OZ439. The characteristics selected for evaluation will be guided by examination of 

graphs of the concentration-time data. The number of compartments tested will be guided by the 

number of apparent linear phases exhibited in semi-logarithmic concentration-time plots. 

1. Number of mammillary compartments: 1, 2, 3 

2. Absorption: first-order, first-order with lag time, sigmoid (zero-order to depot followed 

by first-order absorption) 

3. Elimination: linear, Michaelis-Menten, combined linear+ Michaelis-Menten 

4. Relative bioavailability/absolute bioavailability: estimated based upon fed status 

Because PK data to be used for the development of this model were collected following oral 

dosing, clearance and volume of distribution will be apparent values (that is, CL/F, Vc/F, etc.), 

where F represents the bioavailability fraction. The bioavailability fraction will initially be 

assumed to be 1.0; if preliminary results indicate potential dose-dependent differences in the 
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extent of drug absorption or considerable variability in peak plasma concentrations between or 

within individuals, then estimation of a relative bioavailability term may be warranted. 

Pharmacokinetic/Pharmacodynamic Model Development 

x. Description and Justification ofBase Pharmacokinetic/Pharmacodynamic Model 

A basic growth model reported in the literature and described previously (Equation 1) will be 

initially assessed for appropriateness in describing the PK/PD for OZ439. Other models will be 

evaluated, if warranted, based on exploratory analysis findings or diagnostic plots. 

Cohort Predictions and Clinical Trial Simulations 

xi. Predictions of Cohorts Based on the Pharmacokinetic and 

Pharmacokinetic/Pharmacodynamic Models 

After each cohort update to the PK and PK/PD models the models will be used to calculate the 

typical value ofpredicted concentrations and parasite counts at the planned dosing and sampling 

times for the next cohort. A plot of the typical value model-predicted concentration and model

predicted parasite count versus time will be generated. 

x11. Simulations Based on the Final Pharmacokinetic and 

Pharmacokinetic/Pharmacodynamic Models 

After the final PK and PK/PD models have been developed, the PK/PD model will be used to 

perform clinical trial simulations based upon the design of MMV _ OZ439 _ 1O_002. 

A virtual patient population for the simulation of the Phase 2 trial will be defined based upon the 

number of patients specified in the trial design and applicable exclusion criteria. The virtual 
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patients will be generated by re-sampling from a historical database ofdemographic information 

and initial parasite counts for patients with malaria stratified by geographical region. 

Stochastic simulations (500 replicates) will be performed to predict the range of expected 

outcomes for the trial described in Table 4-2. The final PK/PD models, and final parameter 

estimates, including measures of interindividual and residual variability, will be used as a basis 

for these simulations. Because the PK/PD model was based upon HCS data with inoculation of 

parasites and not patients with endemic malaria, the PK/PD model will be updated to use the 

initial parasite count of the virtual patients to initialize the parasite count in the PK/PD model. 

Dosing, PK, and PK/PD sampling will be assigned to each virtual subject based on the study 

design for the trial described in detail in Table 1. Stochastic simulations of the final PK/PD 

model will then be used to obtain the predicted concentrations, parasite counts, PK exposure 

measures (Section iii), and other PD measures (Section v) for each virtual patient. 

The median simulated concentration at each time point will be calculated, stratified by trial. A 

plot of the across-trial mean of the median concentrations at each time point and its associated 

95% confidence interval will be generated. 

The median simulated PK parameters and exposures (Section iii) will be calculated, stratified by 

trial. A table of the mean, standard deviation, and 95% confidence interval of the medians across 

trials for each PK parameter and exposure measure will be presented. This information will also 

be graphically displayed with the values standardized to the mean of each parameter. 
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The median simulated parasite counts at each time point will be calculated, stratified by trial. A 

plot of the across-trial mean of the median parasite counts at each time point and its associated 

95% confidence interval will be generated. 

The median simulated PK/PD parameters and other PD measures (Section v) will be calculated, 

stratified by trial. A table of the mean, standard deviation, and 95% confidence interval of the 

medians across trials for each PK/PD parameter and other PD measures will be presented. This 

information will also be graphically displayed with the values standardized to the mean of each 

parameter. 

Predictive Performance Assessment of the Simulated Clinical Trial 

xm. Predictive Performance Assessment Based on the Pharmacokinetic and 

Pharmacokinetic/Pharmacodynamic Models for Cohort Model Refinement 

After each subsequent cohort ( except the cohorts used in the preliminary PK and PK/PD models) 

is completed, the typical value model-predicted concentration and parasite count versus time 

curves will be plotted against the observed data from the completed cohort. Prior to updating the 

model for this cohort, a prediction-corrected visual predictive check (VPC) will be performed 

using the observed data for the new cohort combined with the previous cohorts. The observed 

median concentration-time and parasite count-time plots of the prediction-corrected VPC will 

be examined to determine if the observed median lies within the 95% confidence interval of the 

model-predicted median. This will indicate potential model weaknesses prior to updating the 

model with the inclusion of the data from this cohort. These comparisons will assist in detecting 

model inadequacies and help to focus the model refinement efforts. 
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xiv. Predictive Performance Assessment Based on Predictions and Simulations of the 

Final Pharmacokinetic and Pharmacokinetic/Pharmacodynamic Models 

After the simulated study has been conducted, the final PK and PK/PD models with all 

parameters fixed to the typical values will be applied to the observed data. Using the resultant 

population and individual model-predicted concentrations and parasite counts, percent 

prediction errors and absolute percent prediction errors will be calculated. 15 

PRED-- - Observe~-
¾PE = 1 00 x IJ J 

Observe~j 

IPRED·· -Observe~-
¾IPE = lOO x IJ J 

Observe~j 

Where: 

PE is population prediction error; 

PREDij is population-predicted concentration or parasite count for individual i at time j ; 

Observe~j is measured concentration or parasite count for individual i at time j ; 

IPE is individual prediction error; and 

IPREDij is individual-predicted concentration or parasite count for individual i at time j. 

Percent APE (%APE) and ¾AIPE are defined as the absolute value of %PE and ¾IPE, 

respectively. 
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A listing of the summary statistics of the population individual prediction errors, stratified by 

measurement type ( concentration or parasite count) and time of sample, will be provided. Plots 

of %PE, %APE, ¾IPE, ¾AIPE versus time for concentration and parasite counts will also be 

presented. The plots of %PE and ¾IPE will provide information about model bias as a function 

of time and will assist in identifying possible weaknesses in the structure of the models. The 

plots of %APE and ¾AIPE will provide information about model precision and will assist in 

identifying possible weaknesses in the structure of the interindividual and residual variabilities. 

After the simulated study has been conducted, a prediction-corrected VPC for the final PK and 

PK/PD models will be performed using the observed data for the completed study. The 

prediction-corrected VPC will be examined to determine if the observed median, 20th percentile, 

and 80th percentile lie within the 95% confidence interval of the model-predicted median, 20th 

percentile, and 80th percentile. Examination of the plots will allow additional assessment of the 

structural and variability components of the models. 

The median observed and model-predicted concentration and parasite count at each time point 

will also be computed. The median curves will be overlaid on the plots of the simulated mean 

+/- 95% confidence interval versus time plots, as described in Section xii. This plot will assess 

whether the simulation of the final PK and PK/PD models were able to capture the behavior of 

the observed and model-predicted trial data across the full time profiles. 

Model predicted PK exposures and other PD measures for each patient will be calculated. The 

median of the individual Bayesian PK and PK/PD parameter estimates and the median of each 

model-predicted PK exposure and PD measure will also be calculated. Each of these model

predicted medians will be standardized by the mean of the associated simulated median 
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(Section xii) and presented graphically in context with the mean and 95% confidence intervals 

of the simulated parameters. 
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Table 1. Studies Included 

Study 

Number/Phas 

e Study Title 

QP 12C l0/ An Experimental Study to 

Phase 1 Characterize the 

Effectiveness ofOZ439 

Against Early 

Plasmodiumfalciparum 

Blood-stage Infection in 

Healthy Volunteers 

Participants 

Healthy volunteers 

(inocu lated with 

Plasmodium 

falciparum) 

Cohort 1: n = 8 

Cohort 2: n = 8 

Cohort 3: n = 8 

Total: 24 

Description of Dosing 

Cohort 1: 

Single dose 100 mg OZ439 powder for oral 

suspension 

Cohort 2: 

Single dose 200 mg OZ439 powder for oral 

suspension 

Cohort 3 

Single dose 500 mg OZ439 powder for oral 

suspension 

Modeled Endpoints 

OZ439 

concentrations 

and 

Plasmodium 

falciparum paras ite 

counts 

Use in Analysis/ 

Major Exclusions 

Pharmacokinetic and 

pharmacokinetic/ 

pharmacodynamic 

model deve lopment 
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MMV OZ439 Antimalarial Activity of 

10 002/ Artefenomel (OZ439), a -

Phase 2 Novel Synthetic 

Antimalarial 

Endoperoxide, in Patients 

With Plasmodium 

falciparum and 

Plasmodium vivax 

Malaria: an Open-Label 

Phase 2 Trial 

Abbreviations: 

Patients with 

Plasmodium 

falciparum or 

Plasmodium vivax 

malaria 

Cohort 1: n = 20 

Cohort 2: n = 21 

Cohort 3: n = 20 

Cohort 4: n = 21 

Total: 24 

Cohort 1: 

Single dose 800 mg OZ439 powder for oral 

suspension 

Cohort 2: 

Single dose 400 mg OZ439 powder for oral 

suspension 

Cohort 3 

Single dose 200 mg OZ439 powder for oral 

suspension 

Cohort 4 

Single dose 1200 mg OZ439 powder for oral 

suspension 

OZ439 

concentrations 

and 

Plasmodium 

falciparum parasite 

counts 

Pharrnacokinetic/ 

pharrnacodynamic 

simulation and 

prediction 

Patients with 

Plasmodium vivax 

malaria were not 

included in this 

analysis. 
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Table 2. Dosing Regimens, Pharmacodynamic Endpoints, Pharmacokinetic and Pharmacodynamic Sampling Plans 

Pharmacokinetic Pharmacodynamic Pharmacodyna mic 

Study Number/Phase Dosing Regimen Sampling Plan Endpoints Sampling Plan 

0.5, 1, 2, 3, 4, 6, 8, 12, 0,2,4,8, 12,24,30,36,48, 
Single oral dose administration 

24,36,48, 72,96, 120, Parasite count as measured by 60, 72,84,96, 120,144,336, 
QP12Cl0/Phase 1 in the fed state of either 100-mg, 

144, and 288. hours quantitative PCR (18s) 360, 384, 432, and 456 hours 
200-mg, or 500-mg 

postdose post-inoculation 

Every 4 hours until 24 hours 

postdose. After 24 hours 

0.5, 1, 2, 3, 4, 6, 8, 12, postdose, parasite samples 
Single oral dose administration 

MMV OZ439 10 002/ - - -
18, 24, 36, 48, 72, and 96 Parasite count as measured by were obtained every 6 hours 

in the fed state of either 800-mg, 
Phase 2 hours postdose and end microscopy until at least 72 hours or until 

400-mg, 200-mg or 1200-mg 
of study (Day 7) 2 consecutive negative 

readings were obtained within 

an interval of 6 to 12 hours. 
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APPENDIX THREE 

AN EXECUTIVE SUMMARY OF PHARMACOKINETIC/PHARMACODYNAMIC 

MODELING OF A COMPLETED COHORT OF AN INDUCED BLOOD-STAGE 

CONTROLLED HUMAN MALARIA INFECTION STUDY 

Author Contributions 

Kayla Ann Andrews1
,
2 Sebastien Bihorel1 and Ted Grasela1 drafted the content. 

Author Affiliations: 

1Cognigen Corporation, a SimulationsPlus Company, Buffalo, New York, USA 

2Department ofPharmaceutical Sciences, State University ofNew York at Buffalo, Buffalo, New York, USA 

This Executive Summary serves as an example of the types of malaria-specific canonical documents 

created as part of this dissertation. The original Executive Summary had links to documents and modeling 

results within an electronic repository, KIWI™, these have been removed and the text is now underlined to 

indicate the presence of a link. This Executive Summary has been adapted and revised from its original 

form. Portions of the Executive Summary which were not relevant and/or deemed confidential have been 

removed. 

Name of Sponsor/Company: MMV/QIMR 
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Name of Active Ingredient: OZ439 

Title: An Experimental Study to Characterize the Effectiveness of OZ439 Against Early 

P lasmodium falciparum Blood-stage Infection in Healthy Volunteers 

Volume: Study Number QP12C10: Cohort 1 and 2 Data 

Results 

Summary Tables: 

Status stratified by cohort 

Cohort 1 Cohort 2 Cohort 3 Overall 

Enrolled 8 8 8 24 

Number of Subjects 
Completed 8 9 ongoing 17 

Enrollment 2/5/2015 2/1 4/2015 3/9/2015 

Date 
Completion 3/6/2015 3/31/2015 ongoing 

Previously Generated Executive Summary 
Type , Date NIA IN/A 

Reports 3/1 4/2015 

l l l 

Summary demographics stratified by cohort and overall 

Summary Table of Population Pharmacokinetic-Pharmacodynamic Analysis 

Results: 
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Table 1: Population PK parameter estimates and standard errors ofOZ439 for Cohorts 1 

and 2 

Table 2: Population PK/PD parameter estimates and standard errors ofOZ439 for 

Cohorts 1 and 2 

Graphical Displays: 

Evaluation of Final Population PKPD Model for OZ439 Concentrations and Parasite 

Count in Cohorts l and 2 

Goodness ofFit Plots (PK and PK/PD) 

Individual observed and model predicted drug concentration versus time (DIP PK) 

Individual observed and model predicted parasite counts versus time (PK/PD DIP) 

Conclusions: 

• Following oral dosing of OZ439, a 2-compartment model with sigmoid 

absorption and linear clearance with IIV on clearance and volume adequately 

described the PK data. 

• A I-compartment model for parasite with first-order growth inhibited by OZ439 

concentrations modeled as an inhibitory-Emax function was not adequate to 

describe the growth of parasite. 
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Individual Observed and Model Predicted Drug Concentration and Parasite 
Counts versus Time for Cohort 2 200 220 240 260 
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Key: black vertical lines indicate observed time to nadir; green vertical lines indicate model predicted 

LOQ; blue vertical lines represent the true modeled nadir, which is BLOQ. 
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Next Steps: 

• Refinement of the PK, PK/PD model using pooled data from Cohorts 1, 2, and 3 

• Complete a formal covariate analysis for the PK model and the PK/PD model 

• Simulate a phase 2a trial based on study design provided by sponsor 

Additional information on study design/methods can be found in the corresponding 
protocol. A more detailed description of the modeling procedure can be found in the 
MAP. 
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APPENDIX FOUR 

STANDARDIZED TEMPLATE PRESENTATION FOR MODELING AND 

SIMULATION OF INDUCED BLOOD-STAGE MALARIA PHARMACOMETRIC 

DATA 

Author Contributions 

Kayla Ann Andrews 1, 2 Jill-Fiedler Kelly1, Sebastien Bihorel1 and Thaddeus Grasela 1 contributed to 

the content and revised the draft. 

Author Affiliations: 

1 Cognigen Corporation, a subsidiary of Simulations Plus, Buffalo, New York 14221 , USA; 

2 Department of Pharmaceutical Sciences, State University of New York at Buffalo, Buffalo, New York 

14214, USA 
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MMV Modeling and Simulation 
Powered by the KIWI Platform 

A XX Analysis of Drug 222 to Investigate XY2 

Data from Study ABC 

YYYY-MM-DD 

Name of Presenter, Degree(s) 

OVERVIEW 

• Background 

• Brief History of Drug in Development 

• Goals & Objectives 

• Study of Interest 

• Study Design and Population 

• Dosing Regimen 

• PK and PD Sampling 

• Bioanalytical Methods 

• Dataset Preparation 

• Exploratory Data Analysis 

• Population Description 

• Dose Displays 

• Sampling Displays 

• Endpoint Displays 

BILLd-MELINDA 
GATES[,,,,,,,,, 

Affiliation 

• Approach / Methods 

• Software and Modeling Methodology 

• Model Evaluation 

• Results 

• Overview of Model Development 

• Final PK Model 

• Final PD Model 

• Final PK Model Evaluation 

• Final PD Model Evaluation 

• Key Points 

• Future Directions 

Gognigen 
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DRUG ZZZ DEVELOPMENT HISTORY 
Edit information below with appropriate information relevant to study 

Drug Information 

Discovery process 

Drug class / mechanism of action 

Unique properties 

Known ADME properties 

Known efficacy parameters 

Any relevant toxicity concerns 

Results of Previous Studies 

• Include EC50/IC50 values if available 

Ideas for visual: 
•Comparison of EC50/IC50 values 
•Chemical structure of drug 
•Compelling results of previous trials 

BILLd-MELINDA Cagnigen
GATES/•••'"''•• 
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RATIONALE FOR PROJECT 
Goals & Objectives 

Edit table below with appropriate information relevant to study 

What is the value added for this study? 

What are goals of this analysis? 

• Understand the dose-response relationship between Drug ZZZ and endpoint YY 

• Provide a scientific basis and rationale for dose selection for Cohort YY in Study ABC 

What are objectives of this analysis? 

Develop a PK/PD Model to describe Drug ZZZ and endpoint YY 

Estimate population PK/PD parameters and their variability 
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STUDY DESIGN AND DOSING REGIMENS 
lnserl Study Title(s) Here «Edit Below as Appropriate» 

Study Dosing
Study Title Participants Use in Analysis 

Number Regimen 

Ascending single-dose study Cohort A: 5 mg Example FiH N = 64 
to evaluate the Cohort B: 10 mg Cohort A will be excluded for PK Study 20 per cohort 

pharmacokinetics of ABC in Cohort C: 20 mg Analysis
ABC-001 healthy volunteers 

healthy volunteers Cohort D: 50 mg 

Abbreviations: N, number of subjects; PK, pharmacokinetic; PK/PD, pharmacokinetic/pharmacodynamic. 

Billo-MELINDA Mt,1V e e Cagnigen
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PHARMACOKINETIC SAMPLING 
Edit table below with appropriate PK endpoints to study 

Study Number Pharmacokinetic Sampling Plan 

Example Study ABC Serial sampling: Predose, 0.5, 2, 4, 6, 8, 12, 24, 50, 72, 98, 112, 130, 150h, and on Days 7, 14, 21 , and 28 

Abbreviations: xx , xx. 
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PHARMACODYNAMIC SAMPLING 
Edit table below with appropriate PO endpoints relevant to study «Delete this Text after population» 

Study Parasite lnoculum Dosing Regimen Pharmacodynamic Sampling Plan (relative to dose) 

100 mg, 200 mg, and 
Not applicable, 

Example FiH Study ABC 300 mg single-dose N/A 
healthy volunteers 

administration 

-96, -84, -72, -50, -25, -12, 0, 0.5, 1, 2, 4, 6, 8, 12, 24, 36, 48, 
72, 96 and on days 3,4,7, 14 and 28 

Plasmodium vivax 300 mg single-dose 
Example CHMI Study XYZ 

malaria administration 
Methemoglobin at screening, predose on Day 1, and Days 2, 

3 4 7 14 and 28 

BILLd-MELINDA Mt,1V e e Cagnigen
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BIOANALYTICAL METHODS 
Edit table below with appropriate information relevant to study «Delete this text after population» 

Pharmacokinetic Pharmacodvnamic 
Study 

Endpoint and LLOQ Assay / Method Endpoint and LLOQ Assay / Method 

DBS Drug ZZZ 
Example FiH Study ABC UHPLC/MS N/A 

concentration; 2 ng/mL 

Hemoglobin; XX/mL whole 
Drabkin's method 

blood 
Total parasite; 111

Drug ZZZ plasma HPLC/MS and qPCR 18s 
Example CHMI Study XYZ oarasites/ml

concentration; 0.1 ng/ml UHPLC/MS 
Female gametocyte; 500 

parasites/ml qPCR pfs25 
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DATASET PREPARATION 
Edit content below with appropriate information relevant to study «Delete this Text after population>> 

• Discussion of excluded data 

- Rationale for excluding any data (e.g. any outliers, any mishandled samples) 

• Discussion of missing data 

- Imputations that were used for both PK and PD data 

• Discussion of how data below the LLOQ were dealt with 

- PK: Method, justification, reference 

- PD: Method, justification, reference 
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POPULATION DESCRIPTION 

Recommended Visuals include one or 
more of the following: 

Summary Statistics of Variables by 
Treatment Group 

Frequency of Continuous Covariables by 
Treatment Group 

Matrix of Continuous Covariables 

Boxplot of Continuous vs. Categorical 
Covariables 

Contingency Table of Categorical 
Covariables 

Describe any trends in the data here. 

<<An example is shown to the right. Please 
delete upon population and insert your 
visual>> 

BILLd-MELINDA 
GATES!••••••'•" 

Age (y) Mean (S D) 26.3 (4.3) 26 .0 (4 .2) 24 .3 (2 .6) 25 .5 (3.7) 

Median 25 .5 26.5 24 .5 25.0 

Min, Max 22 , 33 20 , 34 20 , 28 20 , 34 

24 

Baseline Weight (kg) Mean (SD) 73.61 (12 .81 ) 74.89 (12.80 ) 70 .90 (10 .80 ) 73.13 (11.75) 

Median 75 .80 72 .45 68 .20 73.65 

Min, Max 53.9, 89.4 58 .6, 97.6 58.6, 90.7 53.9, 97.6 

24 

Baseline Height (cm) Mean (SD) 176.9 (10 .5) 175.3 (8.3) 172.3 (10 .0) 174.8 (9.4) 

Median 178.5 174.0 170.5 173.0 

Min, Max 162, 188 162, 186 160, 192 160, 192 

8 24 

Sex, n (%) Male 4 (50 .0) 6 (75.0) 2 (25 .0) 12 (50 .0) 

Fema le 4 (5 0.0) 2 (25.0) 6 (75 .0) 12 (5 0.0) 

Mt,1V e e Cagnigen 
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DOSE & SAMPLING DISPLAYS 

Recommended Visuals include one or 
more of the following: 

Dose: 

Summary statistics of dosing variables by 
treatment group 

Sampling: 

Frequency of number of samples per 
subject by treatment group 

Frequency of time after dose for PK or PD 
endpoint samples by treatment group 

Frequency of time since inoculation for PD 
Endpoints by treatment group 

Describe any trends in the data here. 

<<An example is shown to the right. Please 
delete upon population and insert your 
visual>> 
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Time since fi rst event 

- 100 mg - 200 mg - 500mg 
The number under each bar represents the midpoint of 1he range of values for that bar. 
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PHARMACOKINETIC ENDPOINT DISPLAYS 

Recommended visuals include one or more of the 
following: 

Summary of endpoint values by nominal time by treatment 
group 

DV vs. time since previous dose symboled by treatment group 

Summary of DV vs. time since previous dose graphed by 
treatment group 

Dose normalized concentration versus time since previous 
dose symboled by treatment group 

DV vs. time since previous dose joined by ID by treatment 
group 

DV vs. time since previous dose symboled by ID by treatment 
group 

Individual DV vs. time since previous dose profiles by 
treatment group and ID 

Describe any trends in the data here. 

<<An example is shown to the right. Please delete upon 
population and insert your visual>> 

BILLd-MELINDA Mt,1V e 
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PHARMACODYNAMIC ENDPOINT DISPLAYS 

Recommended visuals include one or more of the 
following: 

Summary of endpoint values by nominal time by treatment 
group 

Summary of DV vs. time since inoculation graphed by 
treatment group 

DV vs. time since inoculation by treatment group 

DV vs. time since inoculation symboled by ID by treatment 
group 

Individual DV vs. time since inoculation profiles by treatment 
group and ID 

Individual DV vs. time since inoculation profiles symboled by 
PK or PD endpoint by treatment group and ID 

Describe any trends in the data here. 

<<An example is shown to the right. Please delete upon 
population and insert your visual>> 
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1000Jl ~100 

150 200 250 
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10000 7 
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1000 
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10000 

1000 
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Time since first event 
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100 200 300 400 
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METHODS OF ASSESSMENT 
Edit content below with appropriate information relevant to study «Delete this Text after population>> 

Software: 

All exploratory data analyses and presentations of data was performed using «insert software & version here>>. 

Population modeling was performed using the computer program «insert software & version here>>. 

Model Methodology: 

Population nonlinear mixed effects modeling was performed using the XX estimation method 

PK and PD data were modeled sequentially 

Evaluation: 

Lack of trend or pattern in goodness of fit plots 

Reasonable estimation and adequate precision of parameter estimates 

Good condition number 

Visual assessment of comparison of an overlay of individual observed data with predicted individual and predicted 
population model fit 

Joel S. Owen JF-K. Introduction to Population Pharmacokinetic I Pharmacodynamic Analysis with Nonlinear Mixed Effects Models: Wiley· 2014. 
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PK MODEL DEVELOPMENT 
Edit content below with appropriate information relevant to study «Delete this Text after population>> 

• The model development proceeded in accordance with the modeling analysis plan 

• Outliers of measurements were identified during EDA as each cohort's data became 
available. 

• Drug ZZZ concentration was modeled with a lower limit of quantification of XX ng/ml 

• XXX samples were included in the PK CHMI analysis 

• X samples were BLQ 

• In accordance with the MAP, since the BLQ samples represented <5% of the total 
samples in the dataset, they were removed prior to analysis (M1) 
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PHARMACOKINETIC MODEL DEVELOPMENT 
OVERVIEW 

Tested: 
Various absorption models , log and CCV error models, different 
combinations of IIV 

Cohort 1 PK 

Dose----d 1----+ Ka 

Cl

l "v 

BILLd-MELINDA Mt,1V e e 
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Edit content on slide with appropriate 
information relevant to study 

List various structural models evaluated and 
what modifications were tested 

Insert a pictorial representation of final 
model clearly with /IV and/or any covariate 
effects 

<<An example is shown to the left. Please 
delete upon population and insert your 
visual>> 

<<Delete this Text after population» 

Cagnigen 

PHARMACOKINETIC MODEL RESULTS 
FINAL BASE MODEL 

Edit content on slide with appropriate information relevant to study. Insert Parameter Estimates and Standard Errors Table. 
Use this space to discuss plausibility of estimates. Use a colored box to highlight important information. 

<<An example is shown below. Please delete upon population and insert your visual>> 

Parameter Estimates and Standard Errors Table 

Final P ,u·31lleter E ti.mate lnter-Indhidual & Residu::tl Yari.ability 

Par:tmeter Population :\I•on % SEM Fiuol Estlm art. %SHI ~lagnitude En·orMod•I 

Ka: Absorption R.st• (1/h) 0.263 I: 7.39 
CL: Cl•aranc, (L/h) 80.5 5.56 0. 103 34.6 32.l «!oCV E,,pon.ent ial 

Yl: Yoluru• of Distribution (L) 99.5 21.7 0.129 36.S 47.8 %CV Exponential 
Q3: ln!•Howparbneutol C1•arauct (C and p•ril) (Ln,) 1-l.-l 12.7 
"V3: P•ripherol l \i>luwe ofDisn;bution (L) 3460 27.7 0.236 46.5 -l8.5 ~oCV £.,,:ponentiaJ 

Q4: lmtr-comparnn•ntol C.1,arauct (C aud p•ri2) (Ln1) 15.0 14.4 

Y-l: P•riphtral 2 \ i>luru• of Distribution (L) 116 8.33 
DI : Duration of ZHo-order Input (b) 325 9.54 0.023 7 66.8 15.-l ~oCV Exponenti al 

Fl: Pt-op. Sltlft in R,latin Bio for 200 mg 0.553 22.4 
RY:RY 0.108 1-l.6 32.9 ~oC\r Constant CV 

:\futlmuw Yalue of th• Objectin Function: 2026.021 
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FINAL PK MODEL FIT 
Edit content on slide with appropriate information relevant to study. <<An example is shown below. Please delete upon 
population and inserl your visual>> 

Dose= 100 mg Dose= 200mg Dose =,500':1:!g = 
~ 

Su rn ,o 

~~ -,~~ 
' 

! ~~ ! ~~ 
1-~~ l:~~ 

1001 10 1~ Su · 101 5 

~-~ ~'== 
o ~-- -...--- ---- ....-ptd<l<>fta ~- - - -...--• ---- Pop;ta..,,,.,._..,,.. r.,..--,•--•--Ill'-- ...._,___ ,,..,._..,.__ """'_,, __ 0 ,,,.,,._ ~..,,, .,.._.,. __ _ ~-p,-.._ __,,....,._,..,, _ 
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PK/PD MODEL DEVELOPMENT 
Edit content below with appropriate information relevant to study «Delete this Text after population>> 

• The model development proceeded in accordance with the modeling analysis plan 

• Outliers of measurements were identified during EDA as each cohort's data became 
available. 

• Parasite count was modeled with a lower limit of quantification of XX parasites/ml 

• XXX samples were included in the PD CHMI analysis 

• X samples were BLQ 

• In accordance with the MAP, since these samples constituted >5% of the total 
samples were therefore censored based on their likelihood they were BLQ 

• Initial models included parasite counts prior to and post treatment 
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PHARMACODYNAMIC MODEL DEVELOPMENT 
OVERVIEW 

Edit content on slide with appropriate 
information relevant to study

Tested: 
List various structural models evaluated and Various indirect response models, log and CCV error models, 
what modifications were tested

different combinations of IIV 
Cohort 1, 2 & 3 PK/PD 

Show a pictorial representation of final 
model clearly with /IV and/or any covariate 
effectsD

V2 /IV <<An example is shown to the left. Please 
V4 delete upon population and inserl your 

visual>> 
Cl 11v 
j 

<<Delete this Text after population» 
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PHARMACODYNAMIC MODEL RESULTS 
FINAL BASE MODEL 

Edit content on slide with appropriate information relevant to study. lnserl Parameter Estimates and Standard Errors Table. 
Use this space to discuss plausibility of estimates. Use a colored box to highlight imporlant information. 

<<An example is shown below. Please delete upon population and inserl your visual>> 

Parameter Estimates and Standard En-ors Table 

Final Pnrawtler Esth1111te Jnt l'r-ludi\'idu:d & Residunl Vuinbility 

Parame1er Population i\b:rn 0/oSEM Fiu:11 Estimate 0/oSEM Magnitude Error Model 

Kg: Firs t-order Growth Rnte of Parasite (1/11) 0.0774 24.7 I 0.376 I 89.1 I 61.3 %CV I Exponemial 

Kd: Firsr-order Death Rnte of PllrnSile (1/b) 0.157 18.6 I 0.258 I 19.3 50.8 %CV [ Exponential 
EC50: CouC'. ofOZ439 a t whkb 50%1 ofM:u:. Parnstte Killing (ug/wL) 2.98 14.9 I I I 
Giuuwa : S1eepuess Par::1we,1er for Dose--Respouse Re,latiousbip (uuitle,ss) 1.79 2.93 I I I 
PCBL2 I 0.520 I 77.2 72.l %CV I Exponential 

PK RV SD (log unit) I 0.1 72 I FIXED 0.4 15 SD I Additive 

PD RV SD (log unil) 0.509 27.2 0.713SD AdditiveI I I 
M.inimum V:1 1t1e of the Ohjerli\'e Funr1ion: -79.707 
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FINAL PK MODEL FIT 
Edit content on slide with appropriate information relevant to study. <<An example is shown below. Please delete upon 
population and inserl your visual>> 

Dose= 100 mg 

200 220 

SUr-ct 1003 

0 0° Dose= 500 mg 
~ 

Sub.eel 1018 Sub·ect 1019 

100001 

1000\ \
0 

' 
100 

200 250 300 350 

Dose= 200 mg 

Time 
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FINAL PK MODEL VALIDATION 

• Describe the type(s) of model 
validation or evaluation methods 
chosen and the rationale for selecting 1000 

each method . :::; 

t
• Discuss the results of the model .S 100 

0validation methods performed. 
C: 

~ 
i:• Recommended visuals include: a, 
0
§ 10 

Objection Function Mapping Visual u 

Bootstrap results compared to final u 0 

parameter estimates ¥ 
0.. 

Visual Predictive Check 

Numerical Predictive Check 

<<An example is shown to the left. Please 
delete upon population and inserl your 
visual>> 
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0 50 150 250100 200 
Scheduled Time (h) 

Data: + Observations 
-- Median 10th and 90 th percentiles 

Predictions: -- Median - - - - 10th and 90 th percentiles 

Mt,1V • • Cagnigen 

300 

404 



---

FINAL PK MODEL VALIDATION 

• Describe the type(s) of model 
validation or evaluation methods 
chosen and the rationale for selecting 
each method . 

• Discuss the results of the model 
validation methods performed. 

• Recommended visuals include: 

Objection Function Mapping Visual 

Bootstrap results compared to final 
parameter estimates 

Visual Predictive Check 

Numerical Predictive Check 

<<An example is shown to the left. Please 
delete upon population and inserl your 
visual>> 
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Data: + Observations 
10th -- Median - - - - and 90th percentiles 
10thPredictions: -- Median - - - - and 90th percentiles 

■ 95% Cl of prediction percentiles 
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CONCLUSIONS 

■ How do the results of this analysis compare with what we knew before? 

■ What were the limitations of the analysis? 

■ Summarize key findings. 

■ What do we now know as a result of this analysis that we did not know before? 

■ What take-home message do you want the audience to know? 

BILL d- MELINDA 
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NEXT STEPS 

■ Outline a list of next steps based on the results of this analysis. 

o Does additional data need to be collected? 

o Who do the results need to be communicated with? 

o How will these results guide decision-making? 

Cagnigen 
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SIMULATION PLAN 
Edit table below with appropriate information relevant to study «Delete this text after population» 

Simulation n=Virtual Sampling Plans
Cohort Dosing Plan Rescue Medication Plan

Number Patients PK and Parasite Counts 

PK: 0, 0.25, 0.5, 0.75, 1, 1.5, 2, 4, 6, 8, 10, 12, 18, 24, 
36, 48, 72, and 96 hours post-dose

Administered 48 hours 
1 60 250 mg single dose 

post-dose 
Parasite: 0, 24, 48, and 72 hours post-inoculation + 0, 

2, 4, 8, 12, 24, 30, 36, 48, 60, 72, 78, and 96 hours
Example postdose

Simulation 
ABC-002 

PK: 0, 0.25, 0.5, 0.75, 1, 1.5, 2, 4, 6, 8, 10, 12, 18, 24, 
36, 48, 72, and 96 hours post-dose

Administered 72 hours 
2 60 500 mg single dose 

post-dose 
Parasite: 0, 24, 48, and 72 hours post-inoculation + 0, 

2, 4, 8, 12, 24, 30, 36, 48, 60, 72, 78, and 96 hours 
post-dose 

Abbrev1at1ons: PK, pharmacok1net1c. 
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