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Effect Sizes as Function of Treatment Coverage, early treatment
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Table 1. Antimalarial Effect Sizes in Two Treatment-Seeking Contexts

Simulated 
Location Measure Untreated Chloroquine

Artesunate 
Mefloquine with 
gametocytocidal 
effect removed

Artesunate 
Mefloquine

Artesunate 
Mefloquine + 
Primaquine

Artesunate 
Mefloquine + 

Methylene blue

Full transmission 
blocker

Southwestern 
Thailand (early 

treatment)

Area Under 
Infectivity Curve 31.02 4.69 5.81 1.77 0.33 0.62 0.04

Southwestern 
Thailand (early 

treatment)
Effect Size N/A 6.61 5.34 17.49 92.97 50.15 745.62

Myanmar (late 
treatment)

Area Under 
Infectivity Curve 40.14 14.73 18.92 12.39 8.31 10.57 4.68

Myanmar (late 
treatment) Effect Size N/A 2.72 2.12 3.24 4.83 3.80 8.58

Table 1. Antimalarial Effect Sizes in Two Treatment-Seeking Contexts. The effect sizes of various artemisinin-based treatment regimens were simulated using 
the mechanistic within-host malaria model. Treatment-seeking behavior was assumed to match field pattens observed in either Southwestern Thailand (early 
treatment) or Myanmar (late treatment).  The areas under the infectivity curves were computed for the various treatments listed in each of the two regions; reported 
values are the arithemtic means of 1000 simulated individuals.  Effect sizes were calculated by taking the ratio of the mean infectiousness of untreated treatment-
seeking individals vs. the mean infectiousness of treatment-seeking individuals who received treatment. 
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a. Pharmacokinetics of artemisinins 

b. Pharmacokinetics of lumefantrine  
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I) Pharmacokinetics 

a. Pharmacokinetics of artemisinins 

For all ACTs we assume that artemisinin and/or artesunate and dihydroartemisinin are present at 

relevant concentrations for only the days on which they are consumed. This is due to the fact that 

artemether, artesunate, and dihydroartemisinin (the active metabolite of both), are rapidly 

absorbed [1] and very quickly eliminated (t1/2: .5-3 hrs) [2,3]. We thus do not explicitly model 

the plasma concentrations of this component, as clearance of pharmacodynamically relevant 

concentrations occurs within the smallest time step of the model (1 day). 

b. Pharmacokinetics of lumefantrine  

The pharmacokinetics of lumefantrine differ from those of artemisinins. Clinical studies have 

found that lumefantrine pharmacokinetics follow a two compartment model with first-order 

absorption and a lag time of approximately two hours between ingestion and onset of absorption 

[2]. Lumefantrine is cleared much more slowly than the artemisinins (the mean terminal half-life 

ranges from 30 – 87 hours) [2]. Due to its much-longer half-life, we explicitly model 

lumefantrine plasma concentrations.  

The standard adult prescription regimen of AL is four doses of a fixed dose tablet 

containing 20 mg artemether and 120 mg of lumefantrine twice daily for three days; it is this 

regimen that we are interested in modeling. For the pharmacokinetics of lumefantrine, we rely 

upon a group of studies that were conducted in Thailand among patients with P falciparum 

infections who were treated with AL [1,2,4]. In these studies, plasma concentrations of 

lumefantrine were tracked over time and a two-compartment model was fit to the population 

data. To simulate plasma concentrations for our model, we used the equations describing a two-

compartment model and parameterized them with the parameters from Ezzet, van Vugt et al. [5]; 
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the current dosage recommendations correspond to what they called ‘regimen B.’ For this 

regimen, 18 Thai patients hospitalized in Bankok were paired with 72 community-based patients 

from Mae La, and pharmacological modeling was performed to fit the plasma lumefantrine 

measurements. The Cmax achieved was approximately 7,000 ng/ml for the patients from Bankok 

and approximately 8,000 ng/ml for the patients from Mae La. Since the pharmacokinetic 

parameters differed slightly between the two populations, we utilized the values from Mae La. 

This combination of parameters was found to fit day 7 plasma lumefantrine 

concentrations from a later study [6] quite well. At day 7, the PK model parameterized as 

described above yielded a prediction of 759.5 ng/ml for lumefantrine, compared to an observed 

mean value of 528 ng/ml (range 49-5175 ng/ml) in a study among Karen women in Thailand (the 

model predicts that 528 is reached between days 8 and 9) [6]. The two other Thai studies 

yielding plasma lumefantrine concentrations near these values are Ezzet et al. [1] (although this 

study examined a two day regimen rather than three) and van Vugt et al. [4] (with 

pharmacokinetic parameters as reported in White et al. [2]). 

While these studies have similar pharmacokinetic profiles, some other studies report 

much higher levels of lumefantrine plasma concentrations. In one study, 219 patients with acute, 

uncomplicated P falciparum malaria in Thailand were treated with AL and lumefantrine 

concentrations were monitored during treatment [7]. In a second study, lumefantrine 

concentrations were monitored among 14 Western Europeans without malaria but treated with 

AL [8]. In both studies, the mean Cmax was much higher than in the set of trials above: ≥ 25,700 

and 28,300 ng/ml, respectively. Further, the terminal half-life of the latter study was quite long 

(11.5 days vs 3.1 and 4.5 for two Thai studies) [2]. The higher values for the latter study were 

expected: lumefantrine levels are lower among individuals who are infected with P falciparum, 
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and in this study the medications were taken with a standard diet (ensuring adequate lipid 

consumption). However, the former study provides a slight outlier, as these were infected Thai 

individuals; moreover, since their plasma concentrations were not followed after treatment, few 

pharmacodynamic implications can be drawn. Thus, for lumefantrine modeling we utilize the 

two compartment model parameterized from the Ezzet, van Vugt et al. [5] study. 

To model pharmacokinetic variation, we multiply the bioavailability parameters 

𝐹! − 𝐹!  by a randomly chosen constant, simulating the effects of increased or decreased 

absorption. We do not simulate the effects of parasite load on bioavailability, though high loads 

generally yield lower bioavailability [5]. 

c. Pharmacokinetics of mefloquine 

For the pharmacokinetic profile of mefloquine, we utilized a recent study in which adults 

presenting with P. falciparum at the Hospital for Tropical Diseases, Bangkok, Thailand were 

treated with either a fixed dose (n = 25) or loose dose (n = 25) formulation of AM [9]. The fixed 

dose formulation consists of two fixed dose tablets containing 100 mg artesunate and 200 mg of 

mefloquine daily for 3 days. The loose dose formulation is dosed by weight and consists of non-

fixed artesunate at 4 mg/kg of body weight/day for 3 days plus mefloquine at 15 mg/kg on day 1 

and 10 mg/kg on day 2. These individuals’ mefloquine plasma concentrations were followed for 

28 days.  

We used a different study for estimation of the terminal half-life of mefloquine. In this 

study, 39 Peruvian adults infected with P falciparum were treated with a loose dose formulation 

of AM and their mefloquine plasma concentrations monitored for 56 days [10]. The terminal 

half-life was calculated (utilizing concentrations at days 21, 28, 35, 42, and 56) as 347 hours, 

compared to 286 and 322 for the fixed and nonfixed regimens in Thailand. Mefloquine 
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pharmacodynamics are often described by a two component model, [11] and because the Thai 

half-life estimates come from earlier measurements, they might not represent the true terminal 

half-life but rather a combination of initial and terminal half-lives. In neither study was a 

compartmental model fit to the concentrations.  

To model the plasma concentrations of both loose and fixed concentrations, we extracted 

the recorded mefloquine plasma concentrations data for days 0-28 from Krudsood et al. [9] using 

the DataThiefIII software [12]. To extrapolate plasma mefloquine concentrations past day 28, we 

utilized the terminal half-life from the Peruvian study [10]. This model allows for simulation of 

mefloquine concentrations at any day during and after treatment for both loose and fixed 

formulations and utilizes the most reliable data from both studies. 

To model pharmacokinetic variation for mefloquine, because we do not have an analytic 

pharmacokinetic model, we simply multiply plasma concentrations by a random constant (taking 

the first 29 days of treatment) and then use the terminal half-life to extrapolate the remainder; we 

choose a value between !
!
 and 3 (the upper and lower bounds are proportionally equal as 

mefloquine absorption is not as negatively affected by diet as lumefantrine). 

d. Methylene Blue 

Regarding the pharmacokinetic profile of methylene blue, all of its pharmacokinetic data are 

from uninfected individuals. In these individuals its oral and intravenous half-lives are short (5–

6.5 hours) [13,14]. Further, its bioavailability via oral or intravenous administration is poor [15]. 

However, the bioavailability and half-life of methylene blue depend significantly on the mode of 

administration and are increased by aqueous delivery (faction absorbed = 72.3±23.9%; terminal 

half-life = 18.4 hours) [15]. Efforts are ongoing to adjust its pharmacokinetic profile [15]. 
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i. Equations Determining Pharmacokinetics 

The plasma concentrations of lumefantrine in the central compartment are given by the equation 

𝐶 𝑡

=   

𝐷! 𝐴𝑒!! !!!!�!!"#$ + 𝐵𝑒!! !!!!!!!"#$ − 𝐴 + 𝐵 𝑒!!! !!!!!!!"#$  if
!!!

!!!

𝑡 − 𝑡!! ≤ 𝑇𝑙𝑎𝑔

𝐷! 𝐴𝑒
!! !!!!!!!"#$ + 𝐵𝑒!! !!!!!!!"#$ − 𝐴 + 𝐵 𝑒!!! !!!!!!�!"#

!

!!!

if not

 

The parameters for this model are given in [2,16]. For mefloquine and chloroquine, we did not 

use an explicit compartmental model, rather we use the measured plasma concentrations from 

published studies and interpolate among them. For time points where we could not interpolate 

plasma concentrations, we use the terminal plasma concentration half-lives to extrapolate. 

 

II) Pharmacodynamics 

a. Pharmacodynamics of artemisinins, lumefantrine, mefloquine, and chloroquine 

against asexual parasites 

A variety of models have examined the pharmacodynamics of the artemisinins within the asexual 

blood stage cycle [17,18]. These models simulate the effects of artemisinins against the various 

developmental stages of the asexual stage (rings, mature trophozoites, schizonts). However, 

since the time step of this model is 2 days (1 complete asexual cycle), we can simulate the 

asexual effects of the artemisinins and their partner drugs as a bulk effect by decreasing the 

overall parasite densities by a given factor without regard to asexual stage-specificity.  

The effectiveness of antimalarials on asexual parasitemias is quantified using a parasite 

reduction ratio (PRR), which is the ratio of the initial parasite concentration to the concentration 

of parasites remaining 48 hours after drug administration. For the artemisinins, the maximum 

109



PRR in vivo is 103 - 105; for lumefantrine the maximum PRR in vivo is 10 - 103 [19]. For our 

model we have made the assumption that the maximum PRR of artemether is 10! and that of 

lumefantrine is 102. While the expected net maximum PRR would then be 10! ∙ 10! = 10!, 

because new parasites are being generated while the drugs are active, the net PRR is lower. In 

order to measure the net PRR for our model, we ran it 1000 times assuming treatment with AL 

according to the early treatment (Thailand) treatment seeking behavior (see below) and took the 

average daily interpolated asexual parasitemia.  

The modeled net maximum PRR for this average parasitemia was 7.48   ∙ 10! (the fold-

change between days 2 and 4 after treatment). This value is biased however, as approximately 

30% of individuals cleared their infections during this portion of treatment and their parasitemias 

were counted as having reached the model lower bound of 10-5 after clearance. When those 

individuals who cleared their infections during this portion of treatment are dropped, the 

modeled PRR falls to 2.01   ∙ 10!. The latter estimate of net maximum PRR for AL agrees with 

an estimate of 7.0 ∙ 10!  for the PRR of AL in treated Nigerian children [20]. Regarding 

mefloquine, because this drug is an arylamino alcohol along with lumefantrine, White et al. [2] 

speculated that the two drugs share similar modes of action (at least against asexual parasites) 

and so we set the maximum PRR of mefloquine to be 102 as well. 

While the above calculations determine the maximum asexual killing effect of the drugs, 

once the plasma concentrations begin to fall, this killing effect will decrease, and thus dose-

response curves for these drugs must be calculated. Because the artemisinins are so rapidly 

cleared, we simulate the pharmacodynamics of the artemisinins as a binary model, such that the 

PRR is 104 when the drug is present and 1 when absent. However, for the partner drugs 

lumefantrine and mefloquine, because the duration of partial activity is on the order of weeks and 
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spans many asexual cycles, we cannot assume that the PRR for these drugs is either maximal or 

unitary. We thus need to determine the in vivo dose-response relationships for the partner drugs. 

While in vitro studies of drug effectiveness can be readily conducted so that dose-

response relationships might be derived, determining in vivo dose-response relationships is more 

complicated. Indeed, the in vivo relationship between observed plasma concentrations and 

parasite response is dependent on the proportion of free (more active) to bound (less active) drug, 

a proportion that is difficult to determine as high performance liquid chromatography measures 

only total plasma concentrations and this proportion varies according to drug. Other sources of 

variation are the concomitant effects of the immune system, which varies from individual to 

individual, and the diversity of genotypes found in the field. 

However, there have been field studies and mathematical modeling efforts at determining 

the dose-response relationships for mefloquine and lumefantrine. For mefloquine, two 

mathematical studies attempted to quantify the in vivo EC50, here defined as the concentration at 

which the drug kills parasites at a rate of .5 times the PRR; this value was computed from the 

minimal inhibitory concentration (MIC), the concentration at which the within-host growth of 

parasites is exactly equal to the parasitical effect of the drug (approximately equal to the in vivo 

EC90) [21,22]. Both studies utilized a MIC of approximately 500 ng/ml, a value that was 

determined from field studies among mildly resistant strains [23,24]. The study by Simpson et al. 

[21] calculated the EC50 as 665.4 ng/ml for mildly resistant strains, whereas the study by Hoshen 

et al. [22] yielded two EC50 values: 350 ng/ml for sensitive parasites and 1150 ng/ml for resistant 

strains.  

After experimenting with the model developed by Simpson et al. [21] with their original 

data, we decided to use an EC50 value of 600 ng/ml for mefloquine, a value that assumes mild-
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moderate mefloquine resistance. For the entire dose-response curve for mefloquine, we utilized a 

4-parameter sigmoidal curve with a Hill slope of 2.5, a minimum of 0, and a maximum of 1, as 

in Simpson et al. [21] (see equations below). For lumefantrine, less modeling work has been 

published; however, field studies have attempted to determine an in vivo MIC. These studies 

generally attempted to determine the day 7 lumefantrine plasma concentration that served as the 

best (greatest Youden index) predictor of treatment failure. The values from these studies ranged 

from 175-500 ng/ml, with 280 ng/ml often mentioned [2,6].  

Given the relative paucity of published research regarding the in vivo pharmacodynamics 

for lumefantrine and chloroquine, and the extensive modeling work done for mefloquine, for our 

study here we relied upon the mefloquine modeling work as our baseline and assumed that the 

EC50 for mefloquine was 600 ng/ml; for lumefantrine and chloroquine we multiplied this 

quantity by the ratio of their in vitro IC50 values to that of mefloquine. We assumed that the IC50 

of chloroquine was 25 nM (8 ng/ml) [25], that the IC50 of lumefantrine was 66 nM (34.9 ng/ml) 

[26], and that the IC50 of mefloquine was 170.4 nM (64.5 ng/ml) [27]. Thus, the ratio of in vitro 

IC50 values for chloroquine and mefloquine is 25:170 = .147, and the ratio for lumefantrine and 

mefloquine is 66:170 = .387.  

If we multiply these conversion factors to the assumed EC50 value for mefloquine (600 

ng/ml), we get that the corresponding values for chloroquine and lumefantrine are 88 ng/ml and 

232 ng/ml, which we round to 90 ng/ml and 235 ng/ml, respectively. These latter values are the 

EC50 values that we use for chloroquine and lumefantrine herein.  

i. Equations Determining Pharmacodynamics Against Asexual Parasites 

We assume that the antimalarial pharmacodynamic dose-response curves against asexual 

parasites (excepting the artemisinins) follow the form:  
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𝑃𝑅𝑅 ∙ 𝐾 𝑥 = 𝑃𝑅𝑅 ∙
𝑎 − 𝑏

1+ 𝑥
𝑐

! + 𝑏  

where a is fixed to be 0, b is fixed to be 1, c is what we term the ‘EC50,’ d is the Hill slope which 

we set to be 2.5, x is the plasma concentration of the drug, and PRR is the square root of the log10 

of the 48 hour maximum parasite reduction ratio for the drug. To determine asexual parasite 

densities during treatment, we subtract the quantity 𝑃𝑅𝑅 ∙ 𝐾 𝑥  from the log10 asexual parasite 

densities during drug treatment. If multiple drugs are present at a given time point we assume 

that the effects are strictly additive (i.e. no synergism).  

b. Pharmacodynamics of artemisinins, lumefantrine, and mefloquine against 

gametocytes 

One beneficial aspect of modeling gametocytes with a 1-day time step is that this granularity 

allows for simulation of the effects of antimalarial drugs over small time scales. Indeed, we can 

model the stage-specific effects of drugs on gametocytes, since we can track gametocytes as they 

age. These effects are very important to determining infectivity, as the duration of gametocytes 

within the host after drug treatment and clearance of asexuals determines how effective a drug is 

at blocking transmission. However, until recently, there was little data with which to 

parameterize such an effect. With the recent release of data reporting the stage-specific in vitro 

effect of various antimalarials on gametocytes [26], we can now parameterize the stage-specific 

gametocytocidal effects for many drugs.  

For this paper, we begin with two sets of assumptions. The first set, which we call the 

‘simplified’ assumptions, assumes that the artemisinins killed gametocytes that were up to 7 days 

old at the time of treatment, reduced gametocytes by 50% per day for days 8-10, and had no 

effect on late-stages. This assumption is consistent with prior evidence that the artemisinins are 
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effective at killing immature gametocytes, but that they do not affect mature gametocytes very 

strongly; see discussion in Bousema et al. [28] as well as the in vitro study by Kumar and Zheng 

[29]. For the partner drugs, before Adjalley et al. [26] lumefantrine alone was not known to have 

a gametocidal effect on P. falciparum, thought it has been shown to kill/disable gametocytes in 

both P. yoelii and P. berghei [30,31]. Regarding mefloquine, a recent study indicates that 

mefloquine is at best a very weak gametocytocidal drug against later stages (III-IV) [32]. Thus 

for our simplified assumptions, we assume that lumefantrine and mefloquine are not 

gametocytocidal. 

The second set of assumptions is that antimalarials decrease gametocyte populations 

proportionally by stage-specific constants. From the in vitro data [26], we assume that the 

artemisinins kill 45.3%, 17.4%, 18.8%, and 16.9% of stage I-II, III, IV, and V gametocytes per 

day, respectively. In the case of lumefantrine, the effects were more ambiguous; if we do not 

assume a delayed action phenotype, then these proportions are 22.4%, 0%, 0%, and 0%; if we 

assume delayed action, then we have reductions of 22.4%, 20.9%, 16.2%, and 11.1%, 

respectively [26]. We assume that lumefantrine acts without delayed action. Mefloquine was not 

included in [26]; however, data indicates that mefloquine is at best a very weak gametocytocidal 

drug against later stages (III-IV) [32]. Because mefloquine and lumefantrine share chemical 

similarities [2] and agree in their gametocytocidal effects in the limited data available, our 

default model assumption is that mefloquine and lumefantrine have identical gametocytocidal 

properties.  

The gender of gametocytes is not specifically modeled (although mature gametocytes are 

often found in male:female ratio of 1:4, and so gender could be predicted if needed) [33].  
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III) Fitting Thailand Gametocyte Carriage Data 

In order to test the treated model, we needed to select a dataset against which to validate the 

model. For our first analysis we utilized a dataset generated from patients treated in western 

Thailand [34]. Malaria transmission in this region is low and seasonal [35]. In this study, data 

from 1,175 patients treated with an ACT (artesunate-mefloquine and artemisinin-piperaquine) 

were pooled and analyzed [34]. No significant differences in gametocyte clearance were 

observed between the various ACTs used [34]. The proportion of individuals who were 

gametocytemic was tracked and monitored over time. Gametocytemic patients differed wildly in 

their admission characteristics in terms of age (2-62 years), duration of fever before seeking 

treatment (0-60 days), and intensity of infection at presentation; a variety of these individuals’ 

malariometric indices are reported in (Table S1). The daily percentage of Thai individuals who 

were gametocytemic at treatment and post treatment is shown in Figure S1 [34].  

The Thai study provides significant amounts of detail about the infections of individuals 

before and during treatment. In order to validate that the treated model infections cleared 

similarly to those from the field, we first needed to match the treatment seeking behavior of 

modeled individuals to those observed in Thailand. This would provide a simulated population 

resembling the Thai population at admission so that we could compare the two populations’ 

responses to treatment. The most important parameter to vary was the delay in treatment 

(assumed to be AM): a shorter delay meant a higher pre-treatment parasitemia, and a longer 

delay meant a lower parasitemia.  

After experimentation, we found a good fit assuming that individuals were treated on 

days 15-16 after emergence of parasites from the liver (Table S1). This assumption yielded a 

median number of fever days before treatment of 3.8 days, assuming fever every other day [36], 
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in line with the field-reported value of a median of 5 days of fever before treatment [34] (it is 

unknown how this value was calculated in the field). Further, the model-generated pre-admission 

geometric mean and median asexual parasitemias are roughly the same (though lightly lower) as 

those observed in the field (Table S1). Once the treatment seeking behavior and admission 

characteristics were matched, we then compared the geometric mean of the maximum 

gametocytemia observed before and during treatment as well as the rates of gametocyte 

clearance. 

We simulated treatment of the synthetic Thai population with AM. We varied the 

gametocytemic properties of AM in three ways in order to compare model response to field data. 

For the first set of simulations we utilized the ‘simplified’ assumptions. The second set of 

assumptions utilized the observed in vitro stage-specific killing proportions determined in 

Adjalley et al. [26]. For the third set of assumptions, we adjusted the various in vitro stage-

specific killing proportions for the artemisinins and their partner until a reasonable fit was 

achieved. 

The model using the simplified assumptions as well as the in vitro adjusted assumptions 

underpredicted maximum gametocyte levels, indicating greater than observed gametocyte 

killing, while the in vitro assumptions overpredicted the gametocyte levels (Table S1). This 

metric did not provide much useful information to discriminate among models other than to 

confirm that the maximum simulate gametocytemias were relatively close to those observed in 

the field.  

However, the daily percentage of individuals who were gametocytemic proved much 

more useful. In (Figure S2A), the model was run with untreated individuals and the daily 

percentage gametocytemic was plotted. The percentage gametocytemic is seen rise rapidly to 
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approximately 75% and then decay slowly over time due to killing of asexuals and gametocyte 

clearance by the immune system. We then treated this synthetic population with AM using the 

‘simplified’ and in vitro gametocytocidal assumptions and copared the results to the untreated 

model output as well as the Thai field data and output assuming that the antimalarials were not 

gametocytocidal. Figure S2B shows the gametocyte clearance data for these treatment types 

normalized to day 0. 

The simplified assumptions matched the observed data quite well; however, gametocytes 

were cleared faster in the model than observed in the field, possibly indicating that ACTs do not 

completely kill early stage gametocytes. The in vitro assumptions do not fit as well: the 

gametocytemia levels are too high, indicating that the in vivo gametocytocidal effects of AM are 

significantly greater than those observed in vitro. After some experimentation, an approximate 

best fit of model output to field data was found using the parameters in Table S2. In fact, our 

fitting process was more complicated than this, because we also used other data sets to fit the 

stage-specific gametocytocidal factors (see below). Indeed, the parameters of Table S2 are those 

parameters that best fitted the Thai clearance data as well as the clearance data from Myanmar, 

Kenya, and Tanzania (see below); in this section we only describe the Thailand target data and 

model fits to this set. From Table S2 we see that more gametocytes died per day after exposure 

in vivo than would have been expected from the in vitro data. Because the Thai data came from 

quite varied individuals, a semi-quantitative fit is all that can realistically be achieved. 

The discrepancy between the field data and model outputs with the in vitro assumptions may 

have multiple causes; we examine two of them here. First, the difference may be due to the fact 

that the drugs in vitro were impairing the functionality of gametocytes without entirely killing 

them; these gametocytes might have been able to produce luciferin, but were otherwise impaired. 
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These gametocytes might possibly have been more easily cleared by the immune system and so 

the effects of drugs in vivo would be greater than those observed in vitro. Second, the effects of 

immunity on the proportion of individuals who were gametocytemic might be greater than 

assumed in the model. Although the majority (57.9%) of gametocytemic individuals in the Thai 

study were experiencing their first episode, and P. falciparum infections occurred only once 

every two years on average [34], some individuals might have developed anti-parasitic immunity 

beyond that observed in the malaria therapy data. It is difficult to identify how much of the 

difference is due to either cause because we cannot easily monitor the natural progression of 

gametocytemia in field settings (due to the ethical imperative to treat individuals on 

presentation), and our conversion factors necessarily incorporate both of these effects.  

 

IV) Fitting Treated Model to Field Data from Myanmar, Kenya, and Tanzania 

We used three other data sets as target data to match model outputs. The first data that we 

consider comes from Myanma children and adults treated with ACTs whose gametocytemias 

were monitored over time [37]. As for the Thai data, we first matched the gametocyte levels of 

patients at admission (7900 gametocytes per µL). We adjusted the modeled treatement seeking 

behavior so that individuals did not receive treatement until 23 days after emergence of parasites 

from the liver. However, even with this delay we were not able to replicate such high 

pretreatment gametocytemias, and we had to assume that only individuals with gametocyte 

densities in the top 20% were treated. Why these gametocytemias were so high even accepting 

for the delay in treatment is a matter of speculation, and we cannot decide the question here other 

than to note its importance.   
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Once the model treatment seeking behavior was set and individuals with high 

gametocytemias were selected, the model was run assuming various treatment types (Figure 

S2C). Since the Myanmar data included treatment with AM+PQ, we were also able to calibrate 

the modeled effects of primaquine; our best-fit parameters are provided in Table S2. We 

disaggregated the effects of PQ from those of AM by taking the normalized fraction of 

individuals gametocyte positive over time after treatment with AM and AM+PQ treatment and 

subtracting; these data for both model and field settings are shown in Figure S2 D. 

In addition to the percentage of individuals who were gametocyte positive over time, we 

also utilized the gametocyte densities of treated children from two sites as target data. In these 

studies, Kenyan and Tanzanian children treated with antimalarials had gametocytemia levels 

monitored over time using microscopy and polymerase chain reaction (PCR) [28]. Figure S3A 

shows the natural log of the gametocyte densities per microliter in the study sites, as well as the 

gametocytemias in individuals treated according to the Thai treatment seeking behavior (15-16 

days after emergence of parasites from the liver). These trends are taken from the daily 

geometric means of individuals registering gametocyte positive by PCR (the threshold for 

detection by PCR is assumed to be .02 gametocytes per µL).  

Gametocytemia levels in modeled individuals continue to rise after treatment as more 

gametocytes emerge into the bloodstream because individuals were assumed to have been treated 

early and there is a large bolus of sequestered gametocytes that emerge during treatement. All 

fits shown in Figure 3 assume the stage-specific killing parameters from Table S2. In Figure 

S3B these same data are plotted after normalizing by dividing each trend by its value at day 0. 

Normalization helps to illustrate differences in clearance that are unrelated to the pretreatment 

gametocyte densities. Modeled clearance rates are slower than those observed in the field; 
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however, this is true even for the Kenya non-ACT treatment set versus the modeled chloroquine 

data. Neither of these treatments should have significant impacts on gametocytemia over time 

other than to arrest their production from asexual parasites and thus both trends should overlap. 

The differences between the two trends may be related to the effects of immunity, both to the 

single infection and preimmunity from earlier infections, as well as to other complications. In 

order to identify the gametocytocidal effects of treatments from these other confounding factors, 

we normalized model trends by subtracting the modeled chloroquine trend from the other trends. 

Likewise, we subtracted the Kenyan non-ACT treatment trend from the observed field clearance 

trends; these data are plotted in Figure S3C.  

This figure illustrates that, after these two normalizations, the ACT+PQ treatment trend 

matches the Tanzania ACT+PQ trend quite well, even reproducing an upward slope in the last 

few timepoints observed in the field. This upward slope may be due to the fact that the 

distribution of gametocytemias among individuals is nonlinear (this is due to the fact that the 

distribution of maximum asexual parasitemias among individuals is log-linear). As individuals 

with fewer gametocytes have their infections clear, the remaining individuals have 

disproportionately higher gametocyte densities, and so the censored geometric means rise over 

time due. Figure S3C also illustrates that the modeled AM treatment trend approximately splits 

the difference between the Kenya ACT treatment trend and the Tanzania ACT treatment trend 

without PQ, as would be expected. 

Figure S3 (D-F) illustrates the same data as Figure S3 (A-C) with the exception that 

modeled treatment is assumed to occur according to the treatment seeking behavior observed in 

Myanmar (23 days after emergence from liver including only individuals with gametocytemia 

densities in the top ~20%). The starting gametocytemia densities are much higher than those 
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observed in the Thai scenario among modeled individuals (field trends are identical); however, 

after normalization the same qualitative trends are observed as above, with the exception of the 

peak in gametocytemia midway through the doubly normalized trends (Figure S3F). This peak 

is due to the fact that chloroquine clears parasites much faster in the model than observed in the 

Kenyan non-ACT treated data set (Figure S3E). The reason for this is that treatment in the 

Myanmar setting occurs at the absolute peak of observable gametocytemia, whereas in the field 

settings gametocytes are still presumably emerging from the liver in increasing numbers at the 

onset of treatment, and thus gametocyte levels post-treatment in the chloroquine-treated model 

scenario fall faster than those in the field (the reverse of the effect noted in the Thai model 

treatment). Because we do not know how far into their infections these children were treated, we 

cannot know which of the two treatment-seeking behaviors best match the field data. 

 

V) Coding Specifications 

The model was built in MATLAB (Mathworks, Version R2011a). The model outputs include the 

random number generator seed values so that runs may be replicated exactly. 
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Figure S2
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Mechanistic Malaria Model 1.0
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For MEF as partner, ‘LMF’ is recommended 
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Stochastic pharmacokinetics
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Table S1. Treated Model Validation

Parameter (Units) Measure Thai Patient Data1 (N = 
1,175)

Model, Simplified 
Gametocyte 

Assumptions (N = 
1,000)

Model, in vitro 
Assumptions (N = 

1,000)

Model, Modified in vitro 
Assumptions (N = 

1,000)

Duration of Fever Prior to 
Admission (Days) Median 5.0 3.5† 4† 3.5†

Geometric mean 5363 4240 4845 4311

Median 8720 7023 7820 6815

Minimum 1.0 10.0‡ 10.1‡ 10.0‡

Geometric mean 209.7 125.8 236.8 115.0

Maximum 20370 25628 62305 14715

1Piyaphanee, W. et al. Emergence and clearance of gametocytes in uncomplicated Plasmodium falciparum malaria. Am J Trop Med Hyg 74, 432-435, 
doi:74/3/432 [pii] (2006).

Table S1 | Treated Model Validation. In order to determine how well model behavior matches field data post treatment, the model was calibrated to 
reproduce the characteristics of the Thai study population. The malariometric indices of infected, ACT-treated individuals are shown in the first data column. 
The model fitting was performed to give the optimal match to the malariometric indices in the field. Once the model parameters were set, the model was run 
assuming treatment with one of three sets of assumptions: the 'simplified' assumptions, the in vitro gametocytocytemic data from Adjalley et al., or the 
modified stage-specific gametocytocidal drug effects (described in text).

Asexual Parasitemia At 
Presentation (PRBC/µL)

Gametocytemia At 
Presentation and During 

treatment (GAM/µL)

†Fever duration calculated assuming fever once every two days.
‡Minimum gametocytemia in model is 10 gametocytes per µL, given the assumpition of detection by smear.
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Table S2. Daily Proportion of Gametocytes Killed by Drug Treatment
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Table S2. Daily Proportion of Gametocytes Killed by Drug Treatment. The proportion of gametocytes killed per day as a function of gametocyte age. The model killing fractions were determined using the in vitro data (Adjalley et al., 2011) as a starting point and then curve fitting treated 
model gametocyte clearance to field data. All in vitro data is from (Adjalley et al., 2011). The ratio model:in vitro provides the scaling factors needed to translate in vitro killing to observed decreases in gametocytemia after treatment in the field. Mean scaling factors for each drug are provided at 
right. MFQ = mefloquine; LMF = lumefantrine; CQ = chloroquine; DHA = dihydroartemisinin; MB = methylene blue; PMQ = primaquine.
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I) Getting Started 

0. Terms of use 

You agree to all of the following terms of use when redistributing/modifying/using this software 

in any way, including use of its output and/or any part of its computer code. 

a.  Redistribution, modification, and/or utilization for commercial purposes 

The Mechanistic Malaria Model (M3) Simulator. Copyright © 2011 Geoffrey Johnston. 

This program is free software: you can redistribute it and/or modify it under the terms of 

the GNU General Public License as published by the Free Software Foundation, version 3. 

This program is distributed in the hope that it will be useful, but without any warranty; 

without even the implied warranty of merchantability or fitness for a particular purpose. See the 

GNU General Public License for more details. 

For a copy of the GNU General Public License see http://www.gnu.org/licenses/. 

b.  Citations  

Please cite this software in any publications that benefit from its use, including (but not limited 

to) its output or any of its computer code. 

1. Installation 

a. On a Windows computer 

In order to install and run the software, you will need to download two files. 

The first file, called a runtime library, allows the model software to run on any computer, 

whether or not MATLAB is installed.  To download this file, go to the Fidock Lab website and 

download the Windows MATLAB runtime installer.  
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Once downloaded, double click on the file MCRInstaller.exe; this file installs the 

MATLAB runtime compiler which allows MATLAB programs to be run on any computer even 

if MATLAB is not installed. Follow all of the installation directions; the ‘Typical’ installation is 

recommended.  

The second file that you will need is the model file itself (model.exe); this file is found in 

the supporting information. Place this file in the same directory as the MCRInstaller.  

To run the M3 software, simply double click on model.exe; this should open the graphical 

user interface to the model. 

b. On a Macintosh computer 

In order to install and run the software, you will need to download two files. 

The first file, called a runtime library, allows the model software to run on any computer, 

whether or not MATLAB is installed.  To download this file, go to the Fidock Lab website and 

download the Macintosh MATLAB runtime installer.  

Once downloaded, double click on the file MCRInstaller.dmg; this file installs the 

MATLAB runtime compiler which allows MATLAB programs to be run on any computer even 

if MATLAB is not installed. Follow all of the installation directions; the ‘Typical’ installation is 

recommended.  

The second file that you will need is the model file itself (model.exe); this file is found in 

the supporting information. Place this file in the same directory as the MCRInstaller.  

To run the M3 software, simply double click on model.exe; this should open the graphical 

user interface to the model. 

 

II) Running the Model 
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In the User Manual we will assume that the model is being run from the graphical user interface 

(GUI).The GUI appears as shown in Figure 1. The GUI allows users to change model parameters, 

examine output in real time, and save their results. 

 

Figure 1: The Graphical User Interface 

There are seven windows that are displayed on the GUI. The three windows on the left 

display the daily log10 asexual parasitemia per µL, the log10 gametocytemia per µL, the daily 

probability of human to mosquito transmission. These are termed the ‘Parasitological 

Responses.’ The top two windows in the middle of the GUI depict the modeled daily plasma 

concentrations of the partner drug used in treatment as well as the pharmacodynamics of the 

partner against asexual parasites (these windows remain blank if untreated).  

The bottom two windows depict the pharmacodynamics of the partner drug against 

gametocytes. The daily percentage of gametocytes surviving after drug exposures are shown (at 

left is the effects of dihydroartemisinin, at right is the partner of choice). The x-axis is the age of 

the gametocyte: in general, antimalarials have greater effects on young gametocytes than old 

ones. The higher the daily value for a given gametocyte age, the greater the proportion of 

gametocytes of that age that survive exposure. These windows display the pharmacodynamic 
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profiles against gametocytes regardless of treatment (but have no effect if untreated). These four 

windows are termed the ‘Host Responses.’ 

The parameters that can be adjusted in the model are found in the upper right hand 

section of the GUI. (Not all model parameters are user-adjustable in Version 1.0.) We describe 

these parameters here: 

Parameter Name Default 

Value 

Description 

Number of Runs 1 The number of runs the model will perform. Each 

run takes approximately 10 seconds on a Windows 

laptop with an Intel Core 2 Duo processor; faster 

computers will take significantly less time per run. 

Range: [1 – ∞). 

Probability infection is 

treated 

0 The probability that an infection will be treated with 

an ACT; the parameters determining the efficacy of 

this treatment are defined below. Set this value to 1 

to insure individuals are treated. Range: [0 – 1]. 

Treatment delay in days 2 The number of days after the first fever that an 

individual will receive treatment. Set this value to 0 

to have an individual treated on their first fever day. 

Range: [0 – ∞). 

Choice of partner drug LMF The partner drug that will be utilized in the 

treatment. This parameter determines the 

pharmacokietics of the partner, as well as setting the 
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in vivo IC50. The IC50 and other parameters can be 

adjusted separately. There are currently three 

possible selections: ‘LMF’ - Lumefantrine; ‘MEF 

fixed’ - Mefloquine, fixed dose; ‘MEF loose’ - 

Mefloquine, loose dose. 

Residual partner from earlier 

infection 

No Determines whether an earlier infection was treated. 

If ‘Yes,’ then the model simulates residual partner 

drug being present. The number of days previous the 

treatment was assumed to occur is set by a 

parameter below; the default value is 20 days. 

Number of days ago previous 

treatment was received (if 

infection occurred) 

N/A This paramter determines the number of days 

previous that an infection was treated. The model 

assumes that only the partner drug is present in the 

system (and that the dihydroartemisinin component 

is no longer present). The default value is 20 days. 

This parameter has an effect only if the ‘Residual 

partner from an earlier in fection’ parameter is set to 

‘Yes.’ Range: [0 – ∞). 

Gametocyte 

pharmacodynamics (Adjalley 

et al.) 

LMF This parameter determines the stage-specific effects 

of the partner drug on gametocytes. The x-axis 

indicates the age of the gametocyte and the y-axis 

indicates the proportion of gametocytes that survive 

one day of drug treatment. These curves were taken 
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from the Adjalley et al. paper. The ‘simplified’ 

assumptions are described in Text S1 and affect the 

pharmacokinetics of both dihydroartemisinin and its 

partner. 

Percent survival per 48 

hours, DHA 

.01 This is the percentage of parasites surviving 

treatment with dihydroartemisinin after 48 hours. 

This parameter can be adjusted in order to simulate 

the resistance observed in Pailin, Western 

Cambodia, by changing the value to 0.415. This 

parameter does not determine the net parasite 

reduction ration per 48 hours; that is determined by 

a variety of factors (including this parameter). 

Range: [0 – 100]. 

Percent survival per 48 

hours, partner drug 

1 This is the minimum percentage of parasites 

surviving treatment with the partner drug after 48 

hours. The effectiveness of the partner is modified 

by its plasma concentration; this parameter 

determines its maximum effectiveness. This 

parameter does not determine the net parasite 

reduction ration per 48 hours; that is determined by 

a variety of factors (including this parameter). 

Range: [0 – 100]. 

Stochastic pharmacokinetics No This parameter determines whether the 
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pharmacokinetics of the chosen partner drug are 

stochastic or not. If set to ‘Yes,’ the standard 

pharmacokinetic properties of the partner are 

modified as described in Text S1. 

Partner drug in vivo IC50 241 This parameter determines the plasma concentration 

at which the parter drug exerts half of the killing 

effects of its maximum parasite reduction ratio 

against asexual parasites. In other words, when the 

plasma concentration of the partner drug reaches this 

value, the 48 hour percent survival is half of its 

maximum value. The default value for mefloquine is 

900 ng/ml; for lumefantrine, it is 241 ng/ml.  

Assume that the partner drug 

completely blocks 

transmission 

No This parameter determines whether the partner drug 

is perfectly transmission blocking. If set to ‘Yes,’ 

upon treatment the partner drug immediately kills all 

gametocytes that were produced and does not allow 

any gametocytes to be produced in the future.  

Save data No This parameter determines whether some of the 

output data is saved. If set to ‘Yes,’ the daily asexual 

parasitemias, gametocytemias, infectivitys, and net 

infectivities aresaved. See Section III) ‘Saving the 

Outputs’ below for more information. 
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III) Saving the Outputs 

When saving the model outputs, first, set all of the parameters to their desired values. The ‘Save 

data’ parameter needs to be set to ‘Yes’ before the model is run; you cannot save data by 

adjusting this parameter once the model has started. Assuming that ‘Save data’ is correctly set, 

the model will save the following outputs: the daily asexual parasitemias, the daily 

gametocytemias, the daily infectivities, and net infectivities for each run. Each of these four sets 

of data is saved to a separate ASCII text file. The file names are ‘Asexuals.txt,’ 

‘Gametocytemias.txt,’ ‘Daily_Infectivities.txt,’ and ‘Net_Infectivities.txt.’ On Windows 

computers, these files should appear in the directory in which the model is run.  

 

IV) For Researchers 

Although the model GUI provides significant functionality to the end-user, researchers may 

desire additional capabilities. For example, researchers may desire to modify parameters beyond 

those included in the GUI or run very large numbers of simulations.  

There are two options to accommodate these needs. The first option is that researchers 

could modify the source code as they see fit and run multiple instances of the model from the 

command line or a modified GUI. The second option is to utilize the computing structure already 

developed by the authors to run massively parallel computations. To perform the simulations in 

the paper, as well as ongoing work, the authors use a high-performance computing cluster known 

as Hotfoot, based at Columbia University. This cluster runs Linux and utilizes the Maui/Torque 

job scheduler to allocate computing resources. To access this cluster, the authors wrote a script 

for Maui/Torque that allows for parallel execution of the model and modified the MATLAB 

code so that the code can be called by this script. This cluster allows for hundreds of 
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simultaneous runs, such that the time needed to run simulations is reduced approximately 50-fold 

versus single-instance simulation. If researchers are interested in accessing this resource to run 

their own simulations, please email the corresponding authors for more information. 
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Abstract 
Malaria is a leading cause of childhood morbidity and mortality throughout the developing 

world, particularly in Africa. Artemisinin-based combination therapies (ACTs) are currently the 

recommended first-line therapy for treating malaria and are in use worldwide. However, given 

their relatively high cost, these therapies are currently heavily subsidized in both the public and 

private sectors in many parts of Africa and Southeast Asia. The private sector subsidy 

mechanism, known as the Affordable Medicines Facility for malaria, is now under review. To 

help evaluate the benefits of antimalarial subsidization, we fitted semi-mechanistic models to 

malaria mortality data from 1980-2010. We simulated the impacts of first-line antimalarial 

therapy and drug resistance as well as insecticide treated bednets, ACTs, and rapid diagnostic 

tests (RDTs) on mortality during this period. We also projected future trends in mortality and 

assessed the benefits of treatment by the metrics of lives saved and dollars per disability life year 

(DALY) averted. First, we find that ACTs are cost-effective at reducing mortality over time: our 

model predicts that ACTs average approximately $13 per DALY averted, well below the $50 

threshold for an intervention to be considered ‘very cost-effective’ [1]. Second, we find that the 

risk-averse decision planner will only employ RDTs in a limited number of settings. Third, our 

model predicts an 8-10 year window after emergence of resistance in Africa before resistance 

necessitates a change in therapy for Africa as a whole. ACT subsidization is a highly cost-

effective tool even if resistance is not averted for a significant period of time. However, if 

resistance can be averted for even three years, we predict that ~1.3 million lives will be saved by 

2040, assuming emergence of resistance in Africa in 2015. 
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Introduction 
Malaria is a significant cause of morbidity and mortality throughout the developing world. 

Though estimates of the death toll during the past three decades vary substantially because of 

real underlying uncertainty, the general trends are well documented. During 1980-2000 a tide of 

mortality swept through Africa after chloroquine (CQ) and sulphadoxine-pyrimethamine (SP), 

the two previous first-line treatments, failed due to drug resistance [2,3]. The situation has 

improved recently due to improved treatments and large-scale deployment of long-lasting 

insecticide treated bednets (LLINs) in Africa [4].  

The recommended first-line therapy for malaria is now artemisinin-combination therapy 

(ACT) [5]. Artemisinin is a fast-acting, potent antimalarial with exceptional biological 

properties. Artemisinin-based combination therapies combine an artemisinin with a partner 

antimalarial in order to improve the clinical efficacy of artemisinin and delay the evolution of 

resistance [6-8].  

Given the importance of artemisinin to global malaria control, it is imperative to protect it 

from resistance to the extent possible while ensuring access to all who are in need. In 2002, an 

Institute of Medicine committee was convened to address concerns that resistance to artemisinins 

would evolve. The committee’s report, issued in 2005, advocated “a sustained global subsidy of 

artemisinin co-formulated with other antimalarial drugs in order to reduce malaria mortality 

(‘saving lives’) and delay resistance (‘buying time’) until new categories of antimalarials could 

be developed [6]. This subsidy would save lives by lowering the costs of ACTs and thereby 

increasing access; it would also buy time by ensuring that ACTs were more affordable than 

artemisinin monotherapies, thus crowding out the monotherapies from the market [6].  

Large-scale uptake of ACTs began in 2005, and the Affordable Medicines Facility for 

malaria (AMFm) was launched in the fall of 2009 in nine countries to subsidize the private-

sector purchase of ACTs and has been successful at lowering the retail price of ACTs [9-12]. In 

2011 the commitments toward AMFm amounted to $316 million from various partners [13]. A 

distinct advantage of the policy was pooled procurement, which allowed the AMFm to purchase 

ACTs at the cost of $1 per curative dose.  

The pilot AMFm program is now being evaluated for renewal [13]. In this paper we 

develop a semi-mechanistic model to evaluate the benefits of ACT subsidization. We examine 

trends in imputed malaria mortality over time from multiple sources and develop an 
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intermediate, ‘consensus’ set of mortality data. To this mortality data we fit a model of the 

effects of drug resistance, deployment of ACTs, and scaling-up of LLIN usage. We also include 

a model of the effects of rapid diagnostic testing (RDT) on ACT efficacy, given that RDTs are 

another mechanism by which resistance might be averted. 

We then use this model to project what the effects of future ACT resistance might be, 

assuming similarity to the spread of resistance in 1980-2000. We evaluate subsidization from the 

perspective of numbers of lives saved as well as dollars per disability-adjusted life year, a 

common measure of program cost-effectiveness [14]. Given the difficulties involved in 

predicting to what extent subsidization will delay resistance, we conduct a sensitivity analysis of 

the effects of ‘buying time’ on these metrics. 

These studies lead to three main conclusions. First, we find that ACTs are cost-effective 

at reducing mortality over time: our model predicts that ACTs average approximately $13 per 

DALY averted. Second, we find that rapid diagnostic testing (RDT) can reduce ACT overuse by 

as much as 15-33% at high coverage levels, though costs are increased by 25-30% if RDT prices 

remain constant. Third, we predict that if ACT resistance patterns follow those of CQ, then the 

10% clinical treatment failure threshold is not likely to be reached in Africa until 8-10 years after 

the emergence there of resistance, providing a short window for the development and 

deployment of new pharmaceutical compounds.  

 

Methods 
Most mathematical models for the evolution of anti-malarial resistance, whether population 

genetic or population dynamic models, have several common properties [15,16]. Models must 

make some assumption about the initial frequency of resistance. These initial conditions can 

include a lag, called a “honeymoon period,” between the introduction of the drug and the 

emergence of resistance somewhere. Then, after resistance has emerged or been imported from 

elsewhere, some other model for the spread of resistance considers the initial condition and 

determines increases in the frequency of resistance in some set of populations. Models for spread 

predict that, if there is net positive selection for resistance because of drug use, the frequency of 

resistance will increase over time and that these changes in a single population will have a 

sigmoidal shape. Selection is related to factors that may vary from place to place, including the 

intensity of malaria transmission, the rates of use of antimalarial drugs, and the mathematical 
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assumptions of the model. There is also some uncertainty about the asymptotic frequency of 

resistance, which may be related to superinfection, the cost of resistance, and the effects of 

chemoprophylaxis [17,18]. In the end, though, key uncertainties can be reduced to four 

parameters: 1) the length of the honeymoon period; 2) the rate of increase of drug resistance over 

time; 3) the asymptotic frequency of resistance; and 4) the clinical consequences of resistance. 

Here, we have adopted a semi-mechanistic approach in which we take the sigmoidal shape 

without making any explicit underlying assumptions about the underlying biological (e.g. 

parasitological, pharmacological, epidemiological, clinical, behavioral, immunological) causes. 

Values of these three parameters are chosen to make the model consistent with existing data.  

 
Model Specification 

We used estimates of worldwide malaria mortality to parameterize a model of the spread of first-

line antimalarial resistance and subsequent reductions in mortality using LLINs, ACTs, and 

RDTs. The malaria mortality data came from three sources, which served as the basis upon 

which our semi-mechanistic model was built. The first data are the estimated worldwide malaria 

deaths from the Global Burden of Disease (GBD) Project [4]; these data estimate mortality from 

1980-2010. The second data are from the 2011 World Malaria Report, which provides the WHO 

estimates of malaria mortality from 2000-2010 [2]. These two data sets differ considerably in 

their estimates of mortality over time; as an intermediate scenario we took the arithmetic mean of 

the two datasets. This approach results in deaths for 2000-2010; the mean estimate for 2000 

matches the estimate for 2000 reported in [19] adapted from the WHO World Health Report, 

2002. For those years in which only one data set was available (1980-1999), we took the data 

from the GBD and scaled it linearly.  

The shape of the sigmoidal curves were scaled so that deaths in 1980 were 20% higher 

than what would have resulted if we had taken the GBD 1980-2000 mortality data and simply 

shifted it down to meet the mean estimate of 2000. The reason for this scaling is two-fold. First, 

since the trends are so prominent in the GBD data, if we had used the un-scaled trends then there 

would have been an unrealistically low number of deaths in 1980. Second, the effect of this 

scaling is that the increase in deaths during 1980-2000 is shallower than if the non-scaled data 

had been used; we wanted to produce a more conservative estimate of the spread of CQ 

resistance than would have resulted from a translation of the GBD data. The results of this 
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estimate are shown in Figure 1, where the red line indicates the intermediate scenario of deaths 

used in the modeling and the shaded area provides the difference between GBD and WHO 

estimates where both exist. 

Once the mortality data had been generated, we then fitted a semi-mechanistic model to 

these data based on the following assumptions. First, we assumed that in the absence of any 

treatment, malaria mortality would be increasing linearly over time. This assumption was 

justified on the basis that the rural African population has been increasing linearly over the past 

30 years (linear fit R2 = .998; data from World Bank DataBank; http://databank.worldbank.org) 

and that approximately ~90% of all malaria deaths are from Africa [2]. The second assumption 

was that first-line malaria therapy was relatively constant over the period 1980-2000 and that the 

increase in deaths was due to increasing resistance and declining efficacy of these antimalarials. 

Specifically, we assumed that resistance over time 𝑅 𝑡  was described by the function 

𝑅 𝑡 = 1− 1 1+ 𝑡 𝑎 ! . This model assumes that resistance had no significant effect on 

mortality until 1980; up to that point, resistance had been most prevalent in Southeast Asia, 

where the global share of deaths is low. The virtue of this model is simplicity: although the 

spread of first-line antimalarial resistance is a complicated process involving appearance, 

emergence, and spread in multiple locations [16], the trend of resistance worldwide will appear 

sigmoidal because the different rates of spread in various areas will be averaged over time. 

To account for the contributions of LLINs and ACTs to malaria reductions, we included 

the uptake of these control measures over time [2] in our model. We did not include any effects 

of spraying on reductions in mortality, as LLINs and ACTs were the likely first-order drivers of 

mortality over the past decade, given that spraying coverage in Africa is still low even after 

recent growth (~11% in 2010 [2]), and that spraying may not be as effective in areas of very high 

LLIN coverage [20]. For LLINs, we assumed a linear relationship between African household 

coverage (for 2000-2010 [2]) and deaths averted. For ACTs we also assumed a linear 

relationship between worldwide public and subsidized private sector purchases (2005-2010 [2]; 

we ignore unsubsidized purchases given their small share of total supply) and decreases in 

mortality. However, the effects of ACTs are also augmented by the use of RDTs, which increase 

the efficacy of antimalarial treatment by increasing the proportion of malarious individuals 

treated as a proportion of all treatment-seeking individuals. 
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To parameterize the effects of RDTs on improving ACT efficiency, we developed a 

model to predict how much RDTs increase the efficacy of ACTs and reduce overtreatment; we 

then applied this model assuming the RDT uptake trends from [2]. Consider the case of ACT 

usage in the absence of RDTs. Individuals with fever visit either public or private health care 

providers to purchase/receive treatment. Most of these individuals will have a febrile illness 

other than malaria but will receive malaria treatment nevertheless. The proportion of febrile 

individuals who have malaria (prop_mal) will vary with the levels of malaria endemicity in an 

area. However, WHO model estimates predict that prop_mal will be 38% on average under 

current LLIN coverage levels in 2015; this is the value that we use here [2]. In absence of 

diagnosis, prop_mal is the proportion of individuals who will be cured by treatment. A much 

smaller fraction of prop_mal will avert death, and the remaining proportion (1− 𝑝𝑟𝑜𝑝_𝑚𝑎𝑙) of 

individuals will be treated improperly. 

In the presence of RDTs, however, the probability that an individual will be properly 

treated for malaria increases. Thus, the probability that a given ACT will cure an individual or 

save a life will increase, and a given pool of drug will save more lives than in the absence of 

RDT usage. The probability that a febrile treatment-seeking individual will receive treatment for 

malaria (the true positivity rate or the sensitivity of treatment) is a function of six variables in the 

presence of RDTs: prop_mal; the proportion of individuals receiving RDTs (RDT_p); the 

probability that an individual will receive treatment given a positive RDT (c_pos); the 

probability that an individual will not receive treatment given a negative result (c_neg); the false 

negative rate of the RDT (false_neg); and the false positive rate of the RDT (false_pos). 

Given the function for the specificity of ACTs in the presence of RDTs, we can calculate 

by what factor specificity is increased versus the case with no RDT usage; we call this function 

sensitivity_mult and is defined as 𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 𝑝𝑟𝑜𝑝_𝑚𝑎𝑙. These parameters vary significantly 

depending on the treatment-seeking behavior of the population; for example, non-compliance 

with a negative RDT (1-c_neg) varies from <16% to 85% depending on age, season, training, 

etc. [21-23]. We assume very good compliance with RDTs: specifically, we assume compliance 

with a positive result is 95%, compliance with a negative result is 60%, the false negative rate of 

the RDT is 5% and the false positive rate is 20%. 

Given these assumptions, the specification for our model is (where mortality is the 

dependent variable, 𝛽 is the vector of parameters to be estimated, 𝜌 is the vector of assumed 
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parameters for the RDT specificity function, RDT(t) is RDT usage over time, ACT(t) is ACT 

usage over time, and LLIN(t) is LLIN usage over time): 

 

𝑌 𝒕 = 𝛽! + 𝛽!𝒕 − 𝛽! 1− 1 1+ 𝒕 𝛽! !! − 𝛽! ∙ 𝑠𝑝𝑒𝑐𝑖𝑓𝑐𝑖𝑡𝑦_𝑚𝑢𝑙𝑡 𝜌,𝑅𝐷𝑇 𝒕 ∙ 𝐴𝐶𝑇(𝒕)

− 𝛽! ∙ 𝐿𝐿𝐼𝑁(𝒕) 

 

To estimate 𝛽 we used the lsqnonlin function (MATLAB 2012a; MathWorks), which 

finds the best-fit estimates using least-squares (to minimize the sum of squares cost function) 

among a set of constrained parameters. We found that meaningful parameter identification with 

the full set of parameters was not possible, even though we specified functional forms for the 

effect of each of the contributors to mortality over time and we had differential patterns of uptake 

among the various contributors. We thus manually set the probability of an ACT saving a life in 

such a way as to be consistent with the data (see below); the rest of the parameters were then 

fitted to the data. We can also use this statistical model to explore parameter sensitivity apart 

from any mortality estimation. Table 1 provides the parameter estimates with this specification 

from the mortality data.  

Our assumption of linear returns to control measures is most applicable in areas of 

medium endemicity. In areas of high endemicity, interventions might have lower returns to 

control measures given the high levels of incidence. In low endemicity areas, interventions may 

be sufficient to interrupt transmission. We thus assume that malaria transmission is not reduced 

sufficiently on a worldwide scale such that elimination is achieved in many areas. In such a case 

the returns to ACTs will be higher than modeled here. We also do not consider any synergies 

among treatments (ACTs being more effective in the presence of LLINs, for example). 

We also assume that LLIN usage after 2011 is constant at 2011 levels with approximately 

50% coverage of African households with at least one bednet [2]. For RDT uptake, we used 

African data and assumed that if individuals seek treatment in a public health facility that 

provides RDTs, then the case is first tested by an RDT. In the public sector RDT coverage has 

risen rapidly over the past few years; in 2010 level, 45.7% of suspected malaria cases attending 

public facilities were in a facility that used RDTs [2]. However, only 29% of individuals are 

estimated to seek care in a public facility in Africa [2], and we assumed that there is no uptake 

outside the public sector; thus our coverage level was estimated at 13.25% of cases for 2010 and 
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afterwards. We also scaled RDT efficacy over 2007-2010 according to the panel detection scores 

reported in [2]. It is very likely that this proportion will rise over time1; however, our baseline 

estimates are for the effect of ACTs only, not in concert with other interventions. 

For our costing analysis and calculation of DALYs averted, we assumed that the price of 

ACTs fell from $3 per dose to $1 per dose over the period of 2005-2012 and then stayed constant 

at this level going forward [13]; the price of $1 per dose is the approximate price cap negotiated 

by the Clinton Health Access Initiative (CHAI) and reported by the Global Fund.2 We assumed 

that RDTs cost $0.67 per test and that this price is also constant.3 Our baseline assumptions thus 

consider the benefits of ACT subsidization certeris partibus. For the cost of the first-line 

therapies we assumed a cost of $0.085 per dose, which is the mean cost per treatment episode for 

an adult in 1990 [24]. Note that the cost of SP in 1990 was not much higher, at $0.13 per dose, 

and that the cost of CQ dosing for children would be lower (the relative proportions of each are 

described below). 

The DALYs averted for each treatment are derived from two sources: mortality and 

morbidity. For mortality, we use the age distribution of clinical malaria cases from [4] and the 

life tables for estimated African life expectancy in each age class from WHO estimates.4 For 

morbidity, we assume that the proportions of fevers that are malarious are cured for each 

treatment, accounting for resistance, and that these avert 3/52 of a DALY (i.e. each infection 

causes 3 weeks of morbidity). We do not consider prophylactic effects of treatment. 

One caveat to our analysis of resistance is that increasing ACT treatment levels past a 

certain point might increase the spread of resistance. Because there may be more selection for 

resistance when the number of treatments increases, resistance might spread faster. We do not 

consider such thresholds or functional responses here but do note that further research is needed 

to help understand the relationship between treatment, overtreatment, and spread of resistance. 

Also, we do not consider cases where ACT subsidization slows the spread of resistance versus 

the CQ case, which is also possible given the crowding out effect. Rather, because little is known 
	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  
1	
  See	
  www.theglobalfund.org/documents/amfm/AMFm_AffordableMedicinesFacilityMalaria_FAQ_en.	
  
2	
  The	
  CHAI	
  price	
  caps	
  (2009,	
  French)	
  are	
  here:	
  http://www.clintonhealthaccess.org/news-­‐and-­‐
information/chai-­‐act-­‐price-­‐list-­‐french-­‐2009;	
  and	
  the	
  Global	
  Fund	
  price	
  tracking	
  estimates	
  (monthly)	
  are	
  
here:	
  http://www.theglobalfund.org/en/amfm/pricetracking/.	
  
3	
  This	
  estimate	
  was	
  taken	
  from	
  the	
  RDT	
  cost-­‐effectiveness	
  estimator	
  provided	
  by	
  the	
  WHO:	
  
http://www2.wpro.who.int/sites/rdt/using_rdts/assessing_cost_effectiveness.htm.	
  	
  
4	
  See	
  Annex	
  Table	
  2,	
  http://www.who.int/healthinfo/paper09.pdf;	
  average	
  of	
  males	
  and	
  females	
  in	
  AFR	
  D	
  
and	
  AFR	
  E	
  regions.	
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about such processes on a global level we simply assume that ACT resistance and CQ resistance 

spread at the same rates, and examine what happens to the sensitivity of our results if the waiting 

time to resistance is varied. 

 

Consistency of Model Outputs with Prior Studies 

Once our statistical model was specified and fitted to data, we examined the quality of the fit; 

Figure 2 shows the model-predicted mortality as well as the estimated mortality over time, along 

with the estimated fractions of lives saved from first-line therapies, LLINs, and ACTs aided by 

RDT usage. The first point to note is that the model predicts that first-line therapies prevented 

~793,000 deaths or 55% 𝛽! 𝛽!  of total malaria mortality in 1980. By 1999, however, the 

model predicts that resistance to these therapies had reduced efficacy by approximately one-half. 

We consulted the literature to examine whether we could derive some estimates of these 

parameters as a basis for comparison with our estimates. We found few estimates of the total 

levels of first-line antimalarial usage during 1980-2000; however, one study estimated that in 

1989 national malaria control programs distributed the equivalent of 134 million adult doses of 

chloroquine (CQ); 17.7 million adult doses of sulphadoxine-pyrimethamine (SP); and 2.0 million 

doses of adult quinine (QN) [25]. Thus, the vast majority of first-line therapies (87%) provided 

through the public sector were CQ. Further, the paper reports that approximately 20% of 

treatments were through national malaria control programs, implying a total number of 769 

million adult doses of antimalarials consumed worldwide in 1989. We assume that private sector 

drug shares were similar to those of the public sector. 

We can use our numbers of lives saved from first-line antimalarial use to generate a very 

rough estimate of the number of doses received. We can assume that, at a first pass, the number 

of lives saved (β3) by first-line therapies in absence of resistance equals the number of doses (x) 

times the proportion of fevers that are malarious (prop_mal) times the probability that an ACT 

averts a death (β6) in absence of an RDT. Thus 𝑥 ≈ 𝛽! ∙ 𝑝𝑟𝑜𝑝_𝑚𝑎𝑙!! ∙ 𝛽!
!!; if we use our 

estimates from above, we predict a total of 1.40 billion treatments, or 1.8 times more treatments 

that estimated in [25]. One reason that our estimates differ is that our estimate is of total doses, 

whereas [25] estimates adult dose equivalents. The total recommended adult dose of CQ for 

acute malaria is 2.5 g; for children it is 25 mg/kg. If a child weighs an average of 25 kg (55 lb), 

this would represent 0.625 kg of CQ (1/4 of the adult dose). Thus, if two-thirds of the doses 
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estimated in [25] were for adults and the rest for children (at a 4:1 ratio of dosage), the two total 

dosage estimates would be approximately equal. This calculation assumes that the probability of 

saving a life given CQ or an ACT is equal (in the absence of resistance). 

Regarding the spread of first-line therapy resistance, the vast bulk of treatments during 

1980-2000 and onward were CQ. According to [26], “most African countries only abandoned 

chloroquine between 2004 and 2008.” Thus malaria drug resistance and mortality kinetics should 

roughly follow those of CQ. According to a contemporaneous study in three rural populations in 

Senegal [27], “from 1984 to 1995 … the emergence of chloroquine resistance has been 

associated with a dramatic increase in malaria mortality … (mortality in 0-9 year olds) was 

multiplied by 2.1, 2.5, and 5.5 times, respectively.” A recent retrospective analysis confirms that 

CQ resistance was causing substantial increases in mortality in Uganda through 1997-1998 [28]. 

There can be no doubt that mortality was increasing during 1980-2000 due to CQ resistance.  

Chapter 21 of [29] provides WHO estimates of chloroquine treatment failure rates 

throughout Africa, from 1997-2002. Failure rates range from approximately 70% in Ethiopia to 

as low as 0-15% in Nigeria (where a considerable number of deaths are concentrated). Thus there 

was substantial room for increases in mortality due to CQ resistance as late as 2002. The spread 

of resistance was slow throughout Africa during 1980-2005, likely due in part to the fitness cost 

of CQ resistance [30] in an environment of high multiplicity of infection. Indeed, CQ resistance 

was first discovered in Cambodia in 1957 [31] but was not documented in Africa until 1978. 

 We chose the parameter 𝛽! so that relative effects of LLINs and ACTs on mortality are 

approximately equal (Figure 2). (The proportion of lives saved by ACTs from 2006-2010 varies 

from  48-54%.) This is in some conflict with the study by Murray et al. [4], which attributes the 

bulk of changes in mortality over 1980-2010 to drug uptake and resistance. However, we have 

seen that our estimate of β6 is roughly consistent with available data. Further, LLINs and ACTs 

have both been found to be contributors to reduced morbidity and mortality in field settings 

[5,26,32]. 

 

Analytic Description of the Effects of RDTs for Malarial and non-Malarial Diseases 

There are many benefits to using RDTs to diagnose febrile treatment-seeking individuals [33]. 

First, RDTs reduce the level of ACT overtreatment, i.e., the treatment of individuals without 

malaria. By reducing ACT usage, RDTs will reduce the appearance, emergence, and spread of 
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ACT partner drug resistance and thus increase the waiting time to appearance of ACT resistance. 

Although the precise functional relationship between overtreatment and resistance is not known, 

there is evidence for the existence of such a relationship [34]. We do not consider the benefits of 

multiple first-line therapies here, although control strategies incorporating these might be able to 

preserve the effective lifetime of artemisinin [18]. Another benefit of RDTs is that individuals 

who are shown to be RDT negative can seek treatment for a disease other than malaria. If 

malaria-negative individuals are presumptively treated for malaria, either by themselves or a 

health-care provider, these individuals may delay seeking treatment for the true cause of 

morbidity because of the mistaken antimalarial use. 

 The extent to which malaria overtreatment interferes with rational treatment of other 

causes of morbidity is difficult to determine; however, we try to provide an estimate here. Figure 

S1A provides our estimate of the distribution of febrile illnesses in Africa; the proportions of 

each cause of fever are shown, including the fraction of comorbidity with malaria. The 

proportion solely attributed to malaria (purple) has fractions of comorbidities with other diseases, 

but these cannot be determined from the data. Text S1 I provides an explanation of our 

estimation. To breakdown how those causes might benefit from treatment, we apportioned the 

various causes of fever into categories. Text S1 II provides an explanation of the treatment 

options for each type of febrile illness. Figure S1B illustrates the assumed proportion of malaria 

mortality as a function of prop_mal; the remaining fraction of mortality is assigned 

proportionally according to the proportions in Figure S1A.  

 In order to sort out the complex effects of RDTs on treatment outcomes for malaria and 

non-malarial diseases, we can quantify the effects of RDTs as follows. We focus on the benefits 

of RDT information for improved antibiotic targeting in our analyses here. Let a be the increase 

in the extensive margin of treatment, i.e., the encouragement or discouragement of individuals to 

treatment in the presence of an RDT subsidy. Let b be the change in intensive margin in 

targeting, i.e., the increased proportion of individuals receiving proper antimalarial treatment. Let 

c be the change in extensive margin of RDTs for non-malarial disease, and let d be the change in 

intensive margin for non-malarial disease, considering only diseases that benefit from antibiotic 

usage. Thus, with RDTs, 𝑎 ∙ 𝑝𝑟𝑜𝑝_𝑚𝑎𝑙  is the percentage of individuals receiving treatment for 

malaria that actually have malaria, and 𝑎 ∙ 𝑝𝑟𝑜𝑝_𝑚𝑎𝑙 ∙ 𝑏 is the percentage receiving proper 

treatment, i.e., ACTs. Let 𝑝𝑟𝑜𝑝_𝑎𝑛𝑡𝑖𝑏𝑖𝑜 be the proportion of individuals receiving antibiotics in 
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the absence of RDTs who have a disease that is cured by antibiotics, then 𝑐 ∙ 𝑝𝑟𝑜𝑝_𝑎𝑛𝑡𝑖𝑏𝑖𝑜 ∙ 𝑑 is 

the percentage in the presence of RDT subsidies. 

 These percentages will differ depending on whether individuals seek treatment in the 

public sector or the private sector. Thus we have that the effect of RDTs can be broken down as 

follows: 𝑎!"# ∙ 𝑝𝑟𝑜𝑝_𝑚𝑎𝑙!"# ∙ 𝑏!"# is the percentage of individuals with malaria seeking treatment 

in private sector; 𝑐!"# ∙ 𝑝𝑟𝑜𝑝_𝑎𝑛𝑡𝑖𝑏𝑖𝑜!"# ∙ 𝑑!"# is the percentage in the presence of RDT subsidies 

in the private sector; the quantities 𝑎!"# ∙ 𝑝𝑟𝑜𝑝_𝑚𝑎𝑙!"# ∙ 𝑏!"# and 𝑐!"# ∙ 𝑝𝑟𝑜𝑝_𝑎𝑛𝑡𝑖𝑏𝑖𝑜!"# ∙ 𝑑!"# 

are the same percentages seeking treatment in the public sector. 

 Using this framework, we can analyze the complex data resulting from field studies. 

First, 𝑎!"#/𝑎!"#  and 𝑐!"#/𝑐!"#  represents ‘crowding out’; we assume that there is some 

crowding out and set 
!!"#
!!"#

= !!"#
!!"#

= 1.5, i.e., more people seek treatment in the private versus the 

public sector and that RDTs increase this proportion [35]. In the absence of RDTs we assume 

29% public 71% private so this ratio is 2.44; under RDTs we assume the proportions are 40% 

and 60%. We assume that RDTs do not affect the total extensive margins (𝑎!"# + 𝑎!"# = 1 and 

𝑐!"#   +  𝑐!"# = 1.  

 

1. Effects on Malarial Diseases 

For the effects on the intensive margin, we assume that RDTs actually slightly decrease the 

proportion of treatment-seeking individuals with malaria receiving of ACT treatment (𝑏!"# =

𝑏!"# < 1), which we generate using our RDT model. In the case of presumptive treatment, the 

number of DALYs averted is proportional to prop_mal. Once test-and-treat protocols are 

implemented, however, some individuals with malaria do not receive treatment because of 

failures of compliance and/or testing. Thus, as RDT coverage increases, the average number of 

DALYs averted per treatment-seeking individual decreases. This is one of the costs of RDTs; we 

call this ‘treatment discouragement.’  

 Corresponding to the quantities above, we can also consider the effects of RDTs on 

overtreatment outcomes. Let 𝛼 ∙ (1− 𝑝𝑟𝑜𝑝_𝑚𝑎𝑙)  be the percentage of individuals receiving 

treatment for malaria that do not have malaria under RDT subsidies and let 𝛼 ∙ (1− 𝑝𝑟𝑜𝑝_𝑚𝑎𝑙) ∙

β be the percentage of individuals without malaria seeking treatment and receiving ACTs under 
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RDT subsidization (‘overtreatment’). The proportion of individuals being overtreated is shown in 

Figure S2 which we generate using our RDT model; we assume that β!"# = β!"#.  

 Using our model of the effectiveness of RDTs, we find that antimalarial overtreatment 

can be reduced by 17.1% at 80% RDT coverage, assuming ‘very good’ compliance and by 33% 

at 93% treatment coverage, assuming ‘excellent’ compliance. (For ‘very good compliance’ we 

assumed 95% compliance with a positive RDT and 60% compliance with a negative RDT; for 

‘excellent compliance,’ 95% and 80%, respectively.) A recent report finds that overtreatment can 

be reduced by 58%; however, in this case the ACT subsidy was also reduced to discourage over 

consumption in addition to RDT subsidies [35]. Once the effects of the lowered ACT subsidies 

are controlled for, the authors find that, “(s)omewhat surprisingly, (our analysis) does not reveal 

many significant impacts of RDTs on ACT targeting” [35]. They attribute this lack of effect of 

RDTs on reducing overtreatment to the fact that “noncompliance in	
  our	
  population	
  was high,” 

thus illustrating the importance of encouraging compliance among RDT negative individuals. 

However, other studies report a nearly complete reduction in overtreatment [36], illustrating the 

sensitivity of antimalarial overtreatment outcomes to compliance, test sensitivity and specificity, 

RDT coverage, the proportion malarious among treatment-seekers, etc. 

 

2. Effects on non-Malarial Diseases 

Let 𝜅 ∙ (1− 𝑝𝑟𝑜𝑝_𝑎𝑛𝑡𝑖𝑏𝑖𝑜) ∙ δ be the percentage of individuals who have diseases that do not 

respond to antibiotics but receive antibiotics. Both of these quantities may be differentiated by 

public and private sectors as above. We assume that 
𝛂!"#
𝛂!"#

= 𝛋!"#
𝛋!"#

= 1.5 and α!"# + α!"# = 1 and 

κ!"#   +  κ!"# = 1, i.e., RDTs crowd out antibiotics at the same level as antimalarials and do not 

alter the extensive margins. For the change in the percentage receiving antibiotics, we assume 

that in the absence of RDTs, 25% of individuals with febrile illnesses receive them.  

 The effect of RDTs on antibiotics, 𝑑, depends on how individuals and health care 

practitioners use both RDT positive and RDT negative results. Let us assume that in the public 

sector, if antibiotics are prescribed to x% of individuals that are RDT positive that they are 

prescribed to (x + 24)% of RDT negative individuals (in line with field estimates [22,37]); this is 

the benefit of RDT targeting for non-malarial diseases. In order for the antibiotic prescription to 

be revenue neutral, that is, for there to be the same quantities of antibiotics prescribed before and 
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after RDT subsidization, antibiotics need to be prescribed to 1+ .24 ∗ 𝑅𝐷𝑇_𝑝𝑜𝑠  percent of 

RDT positive individuals, where 𝑅𝐷𝑇_𝑝𝑜𝑠 is the percentage of RDT positive individuals.  

 Using our RDT model, we predicted what proportion of RDT positive and RDT negative 

individuals had illnesses that were curable with antibiotics (Text SI III). Further, given our 

assumption of revenue neutrality and the 24% benefit of RDTs to targeting of antibiotics, we can 

calculate what percentage of individuals is cured of disease with antibiotics as a function of RDT 

coverage. The quantity 𝑑 as a function of RDT coverage and prop_mal in the presence of RDT 

subsidies is shown in Figure 3A, assuming RDTs have a false positive rate of 20% and a false 

negative rate of 5%.  

 As illustrated in Figure 3A there is a threshold region such that antibiotic targeting using 

RDTs saves more lives than no antibiotic targeting, because if most individuals do not have 

malaria, RDT negatives predominate and using RDT information improves treatment outcomes. 

However, outside of this region there are few RDT negatives and so RDT information should be 

discarded and presumptive antibiotics given. For simplicity we assume that 

𝑐!"# ∙ 𝑝𝑟𝑜𝑝_𝑎𝑛𝑡𝑖𝑏𝑖𝑜!"# ∙ 𝑑!"# = 𝑐!"# ∙ 𝑝𝑟𝑜𝑝_𝑎𝑛𝑡𝑖𝑏𝑖𝑜!"# ∙ 𝑑!"# , i.e., that individuals target 

antibiotics in the private sector at the same proportion as the public sector. Note that we have 

assumed a fixed targeting scheme with a ~24% difference. If antibiotic supplies are limited then 

preference should always be given to RDT negative individuals, i.e., there should be a 100% 

difference. Indeed, the greater the targeting, the larger the region of RDT coverage and prop_mal 

in which it is optimal to use RDT information.  

 Regarding the levels of antibiotic overuse, in the presence of RDTs overtreatment with 

antibiotics is reduced. However, in the absence of an RDT for bacterial febrile illnesses, these 

individuals cannot be said to be overtreated in a practical sense, since it is likely difficult to 

distinguish among individuals who will benefit from antibiotics among febrile treatment-seekers. 

We do not simulate the effects of antibiotic overtreatment on antibiotic resistance here, although 

this could become a significant factor as RDT usage increases; in this paper, we assume that 

RDTs do not affect the extensive margins for antibiotic usage. 

 

3. Combining Effects of RDTs on Malarial and non-Malarial Diseases 

Once we calculated the benefits of RDTs in terms of non-malarial deaths averted, we 

incorporated the effects of decreasing intensive margins for ACT treatment among treatment 
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seeking individuals (𝑏!"# = 𝑏!"# < 1; Fig S1) to get a fuller picture at the costs and benefits of 

RDTs. The resulting change in mortality averted per RDT used is shown in Figure 3B; the z-axis 

illustrates the change in probability of averting mortality with antibiotics and antimalarials 

among individuals who would have died. Once the treatment discouragement effect was 

incorporated, RDTs caused a net increase in mortality over the a large range of RDT coverage 

and prop_mal values, because the loss of malaria positive individuals being treated with ACTs 

outweighed the effect of improved antibiotic targeting. 

 However, three points must be noted. First, we have implicitly assumed that ACT usage 

is not supply constrained. That is, we have assumed that at baseline every treatment-seeking 

individual can purchase ACTs at subsidized prices. If this is not the case, i.e., if ACTs are 

rationed, then the benefits of RDTs increase (see example in Text SI IV). Figure 3C illustrates 

the net effect of using RDTs to target antibiotics and antimalarials. This figure illustrates that 

RDTs result in improved outcomes for a larger region of RDT coverage levels and prop_mal 

values. Second, we have assumed that RDTs do not affect the external margins of antibiotic and 

antimalarial treatment. Thus, the subsidized price of RDTs must be so low as to not affect the 

purchasing decisions of these other therapies, or individuals have a high willingness-to-pay for 

RDTs. If RDTs reduce external margins, then their benefits will be reduced. 

 Third, we have only considered the direct effects on mortality of RDT usage. We have 

not considered the positive and negative externalities that result from RDT targeting, namely, the 

benefits of decreased antimalarial usage on increasing the waiting time to ACT resistance. In the 

Results section below we determine how ACT resistance will result in a significant increase in 

malaria-related morbidity and mortality, and so our estimates here represent the lower bound for 

the benefits of RDTs.   

 

Effects of ACT Subsidization for non-Malarial Diseases 

Regarding the effects of ACT subsidization alone on treatment choice, there is some evidence 

that ACT subsidization alone (independent of RDTs) discourages antibiotic use even among 

individuals treating in the private sector [35], because individuals treat malaria with antibiotics if 

those are cheaper than antimalarials (‘lowest cost first’ purchasing behavior) [35]. Thus, ACT 

subsidization will affect the extensive and intensive margins of both antimalarial and antibiotic 

usage. Second, subsidization of private sector ACTs may crowd out public sector use; we 
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discussed the effects of crowding out in the context of RDTs above. We do not examine these 

complex externalities on non-malarial diseases other than to note that further research is needed. 

 

Results 
Once the model had been fitted and compared with other estimates, we used the model to 

forecast malaria mortality under various scenarios. Figure 4 shows the four scenarios considered 

here: (I) expansion of AMFm over time to reach approximately 384 million doses of ACTs 

delivered per year; (II) maintenance of AMFm at the current level of approximately 291 million 

doses per year; (III) discontinuance of AMFm to approximately 193 million doses per year; (IV) 

and the counterfactual scenario of AMFm having never occurred. These scenarios do not model 

where the expansion of AMFm occurs, i.e. whether in high or low endemicity settings, or the age 

structure of the expansion. Rather, we predict the effects of worldwide increases/decreases in 

uptake assuming that the probability of averting mortality and morbidity in the future is governed 

by the same probabilities as was fitted to the 1980-2010. It is possible that by targeting the 

subsidy to certain groups the subsidy would be more effective going forward, though such 

benefits might be reduced by leakage. We thus might consider the present estimates conservative 

in this sense.  

A sample model projection is provided in Figure 5; this figure assumes that AMFm 

usage going forward is maintained at a constant level (Scenario III). We see that the increase in 

ACTs provided through AMFm causes a large decrease in mortality in 2011 and beyond (green 

line). After reaching a post-resistance minimum of ~639,000 in 2011, deaths rise over time due 

to increases in the rural African population size. However, ACTs provide a substantial reduction 

in mortality; in 2011 onward, at current levels of public and private subsidization ACTs are 

predicted to save ~450,000 lives per year. 

While the green line assumes constant ACT efficacy, we might also consider the effects 

of ACT resistance on deaths. Currently there have been no documented cases of clinical 

treatment failures with ACTs, which is what we refer to as ‘ACT resistance’ [38]. However, it is 

likely only a matter of when, rather than if, treatment failures to ACTs will appear. ACT 

resistance will eventually occur due to the therapeutic failure of artemisinin; we refer to 

artemisinin resistance and ACT resistance interchangeably since much of the therapeutic efficacy 

of ACTs relies upon the action of artemisinin.  
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We can simulate the effects of failing artemisinin and ACTs on mortality using our 

model. From the 1980-2010 mortality data we were able to estimate the shape of the curve 

describing the spread and effects of CQ resistance. This curve provides a baseline by which we 

might project mortality going forward if ACT resistance spreads as CQ resistance earlier did. It 

is not possible to know whether ACT resistance will spread faster or slower than CQ resistance 

at this point. However, using CQ resistance as a model for ART resistance might provide an 

illuminating reference point for further analysis. Further, the patterns of resistance between CQ 

and artemisinin might be similar for biological reasons as well. In the case of CQ resistance, at 

least four point mutations were required for CQ-resistant parasites, and mutants with 4-8 point 

mutations also occurred [39,40]. Given the nonspecific mode of action of artemisinin, it is likely 

that multiple mutations will also be necessary for the development of artemisinin resistance [41], 

possibly incurring fitness costs in the same way that CQ mutations engendered a fitness costs 

against wild-type strains. 

To simulate the spread of ACT resistance we used the same sigmoidal function as fitted 

for CQ and applied it to the efficacy of ACTs over time. It is not known how resistance for a 

combination might spread versus for a single drug; however, a degree of resistance to most of the 

ACT partner drugs has been documented (with the notable exceptions of piperaquine, where 

there is insufficient evidence, and lumefantrine, where there is limited evidence of high-level 

resistance), and so the spread of ACT resistance is likely to be governed by artemisinin failures 

[42]. For the purposes of modeling we assume here that ACT resistance will emerge in Africa in 

2015. Recall that there was a period of 21 years before appearance of CQ resistance in SE Asia 

and appearance in Africa. Our assumption of emergence happening early in Africa is thus a 

worst-case scenario. 

Given the assumption of a similar temporal progress of resistance for CQ and artemisinin 

and a date of 2015 for emergence in Africa, the projected mortality curve is shown in Figure 5A 

in red. The shaded red area illustrates the difference between the sensitive and resistant cases. 

The 10% treatment failure rate threshold (at which the WHO recommends that a therapy be 

replaced) would be reached at 2023 with 50% treatment failures worldwide by 2033. There 

would thus be a period of approximately eight years after emergence of resistance in Africa 

before the resistance would reach levels at which the WHO recommends switching therapies.  

One caveat to our analysis of resistance is that we do not consider the possibility of 
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reversion, i.e. that the proportion of resistant to sensitive alleles decreases, rather than increases 

over time. Certainly this phenomenon has been observed over time, for example the increase in 

CQ sensitivity in Malawi over time after cessation of treatment [43]. However, as noted in [17], 

“the complexity of malaria infections (in Malawi) suggests that drug-resistant parasites may still 

be present at low frequencies and that the reintroduction of CQ may be followed by a rapid 

resurgence in resistant infections.” Thus, we consider the general shape of the logistic resistance 

curve as areas where drug resistant alleles are present and where reintroduction would be met 

with rapid clinical failures.  

Figure 5B illustrates the number of lives saved using ACTs per year under each of the 

four scenarios. We can see that if the subsidy is expanded, then ~600,000 lives would be saved 

per year at maximum; 450,000 lives saved if AMFm were maintained, and 300,000 lives saved 

per year if subsidies go only to public providers. In each of the four scenarios we modeled the 

effects of resistance, which reduces the number of lives saved per dose with increased mortality 

coming rapidly around year 2025.  

As discussed previously, part of the justification for AMFm is that by crowding out 

monotherapies, resistance may be averted for a time. We simulated this effect by increasing the 

waiting time to appearance of resistance in Africa by 3 years until 2018 for the expanded subsidy 

levels. We see from Figure 5B that the result is to shift rightward the mortality curve such that 

more lives are saved per year in the ‘buying time’ case; the total difference over the depicted 

period is ~1,324,000 lives saved due to the three year shift. Thus, there are substantial returns to 

preserving the artemisinins in terms of lives saved, even by as short a time as a few years. 

  We also examined the cost-effectiveness of presumptive treatment (also called 

‘presumptive’ or ‘empirical’ treatment of febrile individuals) with CQ and ACTs over time, 

including the effects of resistance. Figure 6 shows the estimated number of dollars spent on each 

symptomatic therapy to avert one DALY. The dashed line illustrates the $50 threshold for an 

intervention to be considered ‘very cost-effective’ [1]. Due to the very low cost of CQ, dollars 

per DALY averted is low for presumptive treatment during the 1980s through the mid 1990s, 

though there is some cost of treatment of febrile patients who do not have malaria. However, 

resistance slowly increases the costs of treatment because of increased numbers of treatment 

failures, and by ~2022 the costs of treating individuals is no longer very cost effective. This 

might seem counter-intuitive, as resistance has rendered CQ almost useless at this point (96% 
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treatment failure rate). However, given the extremely low cost of CQ, even at this low 

probability of cure, it would still make financial sense to use CQ up to this point had no other 

therapies been available. In terms of the human costs in morbidity and mortality, however, as we 

have seen the therapy should have been supplanted many years ago (~1991). Our costing 

analysis for CQ resistance does not take into account the very considerable drug development 

costs to find replacement therapies, and so the costs of resistance are even higher than reported 

here. 

As regards ACTs, these are cost-effective even at the $3 per dose level, but much more so 

at the CHAI-negotiated price of $1 per dose. Our modeled treatment scenario for ACTs also 

includes the effects of RDTs; we call treatment with ACTs conditional upon a positive RDT a 

‘test-and-treat’ protocol. At current RDT coverage levels the vast majority of treatment is 

presumptive. From Figure 6 we see that ACTs became more cost-effective than presumptive 

treatment with CQ around 2010 as the prices for ACTs dropped. However, if we include the 

effects of resistance on ACT treatment outcomes, ACTs rapidly become less and less cost-

effective; whereas it took 42 years for presumptive treatment with CQ to fail from a cost-

effectiveness perspective, it only takes 25 years for the ACTs to fail.  

 

Discussion 
The costs of malaria over the past few decades have been great in terms of lives lost and 

morbidity incurred. In this paper we used a simple statistical model to examine the effects of CQ 

usage and resistance on overall malaria mortality over time. We also incorporated the effects of 

LLINs and ACTs on mortality, including the benefits of RDTs.  

 We found that our model could replicate the mortality trends averaged over three studies 

for the period of 1980-2010 using a set of parsimonious assumptions. We also corroborated our 

estimates from a variety of other published sources. The effects of CQ resistance during the 

period of 1980-2004 were dire: our model estimates that 5.7 million deaths are attributable to CQ 

resistance over this period. We also found that the 10% threshold of treatment failures worldwide 

was reached ~8-10 years after emergence of CQ resistance in Africa. If we compare this period 

to the time it takes to bring a new malaria drug or drug combination to market, it took 

approximately twenty years before ACTs were widely deployed after they were first reviewed in 

the literature [44]. Thus, our findings imply that the spread of resistance is faster than the spread 
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of drug development even if that resistance incurs a substantial fitness cost, unless urgency is 

brought toward development and clinical trials.  

 Our results have important implications for the preservation of ACTs. Regarding the 

extension of AMFm, we find that ACT subsidization saves lives relatively cheaply. Presumptive 

treatment with ACTs costs well below the level of ‘very cost-effective’ interventions in terms of 

dollars per DALY. Thus, even if ACT subsidization does not buy a substantial amount of time 

against resistance, there are very strong arguments in favor of subsidization from the perspective 

of both lives saved and dollars per DALY. Second, we found that delaying resistance can avert 

many deaths in the medium-term. If we assume ACT and CQ resistance spread similarly, 

pushing pack resistance for only three years would save approximately 1,324,000 lives by 2040, 

in the absence of new antimalarials.  

The main mechanism by which ACT subsidization would ‘buy time’ would be by 

crowding out monotherapies. Given that the pilot phase of AMFm began only in 2010, there are 

few studies of the effectiveness of subsidization at reducing monotherapy use. In Tanzania, 

artemisinin monotherapy use was quite low at baseline (< 1%) and so ACTs did not crowd out 

monotherapy so much as replace older treatments and increase treatment coverage [45]. In rural 

Cambodia, in the absence of any ACT subsidy, ACT coverage was low (11%) and artemisinin 

monotherapy coverage rates were quite high (~40% in 2002) [46]. The artemisinin monotherapy 

coverage rates at baseline in Cambodia were so much higher than in Tanzania likely because of 

proximity to producers in China, higher incomes, and familiarity with artemisinin. In areas where 

ACTs were provided at low or no charge, coverage rates increased (23-52%) and artemisinin 

monotherapy rates declined (5-13%).  

The extent to which the subsidy might buy time by crowding out monotherapies is 

unknown, but it surely depends upon context and there is some evidence for a benefit. Further, a 

perverse outcome is also possible if AMFm is discontinued. Because CHAI and the Global Fund 

have encouraged widespread artemisinin cultivation, if the subsidy is reduced it is possible that 

those producers will sell the artemisinins as monotherapies, thus increasing the supply of 

monotherapy above levels that would have prevailed had the subsidies never existed. It is also 

possible that increasing levels of antimalarial subsidization will actually decrease the time until 

onset of antimalarial resistance and/or increase the rate of spread of resistance because of the 

increase in selection pressure. Given these uncertainties, it is not immediately clear whether or 
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not antimalarial subsidization will delay or speed the onset of resistance, and thus we simply 

point out these conflicting factors and note that further research is needed. 

Another mechanism by which resistance might be averted is through decreasing the 

overtreatment of ACTs by increasing the proportion of malarious individuals among treatment-

seekers. Overtreatment can be reduced using RDTs, and here we have analyzed the relationships 

between overtreatment, cost-effectiveness, and RDT usage. Our first result regarding RDTs was 

that RDTs have a net benefit on mortality outcomes for only a small range of RDT coverage and 

prop_mal values.  

However, our analysis did not include the benefits of reduced overtreatment. If 

compliance is very good to excellent and coverage is increased to a high level (~70-90%), then 

overtreatment can be reduced by as much as 15-33% versus the purely presumptive treatment 

case (Figure S2). Thus, RDT usage is faced with a tradeoff of a decreased proportion of 

malarious individuals treated versus decreased overtreatment levels.  

In terms of a tradeoff, we predicted above that increasing the lifetime of ACTs by three 

years would save ~1,324,000 lives by 2040, or 9.23% of the total number of lives saved at 

baseline. Thus, each year of preserved ACTs results in 441,000 lives saved (3.1% of total until 

2040). We can use this result to quantify the positive externalities of reduced overtreatment. 

Let us assume that a 17.1% reduction in overtreatment (80% RDT coverage) at the 

expanded AMFm level preserves 1.5 years of effective ACT lifetime over five years of RDT 

coverage. Then 384,000,000 ∙ 5 ∙ .8 = 1,536,000,000 RDTs would save 663,000 lives, i.e., 

each RDT increases the probability that an individual treated with an ACT would survive by 

0.043%. To consider the magnitude of this effect in context, in Text S1 we calculate that every 

treatment-seeking individual has a 0.66% chance of dying. The magnitude of change from the 

effects of RDTs on targeting is on the order of ~1-5% (Figure 3); the effects are small because 

the improvements in targeting of antibiotics and the effects of ‘treatment discouragement’ are 

small.  

Thus, the changes shown in Figure 3 will affect on the order of 0.01% of treatment 

seeking individuals in the optimal case, which is smaller than the scale of changes due to delayed 

resistance. From this perspective, RDTs are a net benefit, as the benefits of increased lifetimes of 

ACTs outweigh the individual costs. However, RDTs are a net benefit from the perspective of 

the social planner. Individuals who are profit-maximizing would not internalize the benefits due 
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