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The Affordable Medicines Facility for malaria (AMFm) was conceived as a
global market-based mechanism to increase access to effective malaria
treatment and prolong effectiveness of artemisinin. Although results
from a pilot implementation suggested that the subsidy was effective in
increasing access to high-quality artemisinin combination therapies
(ACTs), the Global Fund has converted AMFm into a country-driven
mechanism whereby individual countries could choose to fund the sub-
sidy from within their country envelopes. Because the initial costs of the
subsidy in the pilot countries was higher than expected, countries are
also exploring alternatives to a universal subsidy, such as subsidizing
only child doses. We examined the incremental cost-effectiveness of a
child-targeted policy using an age-structured bioeconomic model of
malaria from the provider perspective. Because the vast majority of
malaria deaths occur in children, targeting children could potentially
improve the cost-effectiveness of the subsidy, though it would avert sig-
nificantly fewer deaths. However, the benefits of a child-targeted subsidy
(i.e. deaths averted) are eroded as leakage (i.e. older individuals taking
young child-targeted doses) increases, with few of the benefits of a univer-
sal subsidy gained (i.e. reductions in overall prevalence). Although
potentially more cost-effective, a child-targeted subsidy must contain
measures to reduce the possibility of leakage.

1. Background

The use of artemisinin as a monotherapy, which expedites the evolution of
malaria parasite resistance, and the difficulty of accessing effective antimalarial
treatment in malaria-endemic countries are two major challenges to malaria con-
trol and elimination. The Affordable Medicines Facility—malaria (AMFm) was
proposed as a novel market-based solution to address both problems [1,2].
AMFm had three components: pooled procurement of artemisinin combination
therapies (ACTs) at a global level with pre-negotiated prices with manufacturers;
complementary interventions in countries to educate patients and ensure that
ACTs were used appropriately; and a subsidy for first-line buyers of ACTs,
intended to lower the end-user price of ACTs in the private sector to a level
that could displace artemisinin monotherapies (AMTs) and make ACTs afford-
able for most malaria patients. The proposed subsidy was intended to be
global; however, to assess how effective a subsidy would be in expanding
access to ACTs through reduced prices (at the expense of monotherapy), a pilot
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national-scale trial of AMFm was implemented starting in 2010
by the Global Fund to Fight AIDS, TB and Malaria in seven
countries in Africa: Ghana, Kenya, Madagascar, Niger, Nigeria,
Tanzania (including Zanzibar) and Uganda [3].

The objectives of AMFm were twofold: to reduce the use
of artemisinin as a monotherapy, thereby prolonging the effec-
tiveness of artemisinin; and to expand access to a safe, effective
and affordable antimalarial through the private sector. The
results of the pilot appeared successful in achieving these
objectives [3]. Despite operational challenges, the market
share of AMT declined in all countries where it was widely
available, and the market share of quality-assured ACTs
(ACTq) increased in the private sector in all the countries
except Niger and Madagascar [3,4].

Although the subsidy significantly reduced ACT costs and
expanded the market share of ACTs in the private sector, the
cost of the programme was greater than estimated: demand
for ACTs outstripped available funding, which necessitated
prioritizing orders for public facilities and children, causing a
significant drop in the fulfilment of orders by the private
sector in the latter part of 2011. Although resource constraints
are one hurdle to broader adoption of AMFm, there have been
other concerns expressed about the programme including the
risk of overtreatment, the need to encourage patients with
non-malaria fevers to receive appropriate treatment as well as
the widespread use of ACTs leading to resistance. Concerns
have also been expressed about the likelihood of the subsidy
being captured by middle-men and not reaching the end con-
sumer, but this has been largely addressed by the AMFm
evaluation, which found that lower prices do reach the end
consumer [3].

Despite the success of the pilot, the Global Fund decided
to convert AMFm into a country-driven mechanism whereby
individual countries could choose to allocate funds from
within their country envelopes to subsidize treatment in the
private sector [5]. Several countries are actively pursuing
the integration of private sector co-payments into their new
funding model envelopes, and though the availability of
funds for these programmes will only be clear once applications
to the Global Fund’s New Funding Model are comple-
ted (http://www.theglobalfund.org/en/fundingmodel), it is
unlikely that funding envelopes will be sufficient to cover sub-
sidies in addition to all of the other competing priorities of
malaria programmes in all cases. The scarcity of subsidy
resources constrains choices in dealing with malaria. In evalu-
ating options, in addition to AMFm, countries must now
choose between programmes for bednets, indoor-residual
spraying, training of community health workers, scaling up
diagnostic testing and provision of ACTs through the public
sector. One potential cost-saving measure regarding AMFm
is focusing on a subsidy for children, the subpopulation most
likely to die from malaria.

Several factors make a subsidy targeted at children poten-
tially attractive: (i) it would focus on those believed to be
most at risk from serious complications; (ii) identifying the
target population is simple; and (iii) differential packaging
for young children would make it easy to separate payment.
Despite these advantages, the Institute of Medicine commit-
tee that initially recommended a subsidy for ACTs ruled
out a partial subsidy in its original deliberations, reasoning
that it would be difficult to prevent ‘leakage’ (older individuals
taking young children’s doses) of a subsidy targeted at a particu-
lar age group [1]. Older consumers would have easy access to

ACTs intended for young children and be likely to take advan-
tage of two-tier pricing by purchasing young children’s doses
and either underdosing or ‘stacking’—purchasing multiple
packs to make a full dose.

Other factors could impact the effectiveness of an age-
targeted subsidy. For instance, a subsidy aimed at children
would not reap the potential benefits of lowering malaria trans-
mission by reducing prevalence as a universal subsidy would.
Moreover, there would be a significant risk of underdosing,
which could contribute to the development of resistance to
ACTs, if adults chose to take the treatments intended for chil-
dren. Also, a partial subsidy aimed at young children would
not displace AMT use in older individuals or reduce the
influx of counterfeit artemisinin derivatives [6,7].

In this paper, we present an age-structured bioeconomic
model of malaria based on prior published models of malaria
to evaluate the impact and cost-effectiveness of a subsidy tar-
geted at just children, as well as reductions in the cost of the
subsidy. We explore the effectiveness, cost and cost-effectiveness
of the subsidy for varying levels of leakage and the likelihood of
emergence of resistance because of underdosing.

2. Material and methods

The ultimate purpose of an antimalarial subsidy is to avert mor-
tality and morbidity. Thus, the age distribution of mortality is an
important consideration, since targeting the subsidy to those age
groups with the highest risk would most cost-effectively reduce
mortality, assuming binding budget constraints and no external-
ities. According to this logic, a subsidy targeted towards children
under 5-year olds may be highly cost-effective, because children
of this age bear the majority of the mortality burden (though the
magnitude of this difference is in dispute [8,9]). Thus, our analy-
sis took a provider perspective and we estimate the number of
deaths that could be averted, the number of DALYs that could
be averted, the estimated cost and the expected cost-effectiveness
of a subsidy targeted at children under 5 for the seven pilot
countries of AMFm: Ghana, Kenya, Madagascar, Niger, Nigeria,
Tanzania (including Zanzibar) and Uganda. We examined a sub-
sidy for artemisinin combination drugs sold in the private sector
targeted at children under 5 as well as a universal subsidy.
Both options were compared to a scenario of no subsidy. In
addition, the incremental cost-effectiveness of going from a tar-
geted subsidy to a universal subsidy was also estimated. The
costs included were those for providing the subsidy per pack
as well as insurance and freight, but excluded administration
and management costs of a subsidy programme as well as the
costs of supporting interventions such as training and
communications.

Our analysis was performed based on data from the final
report of the AMFm Independent Evaluation Team [4] as
well as previously published estimates of fever incidence and
treatment-seeking behaviours [10]. We used a 5-year time
horizon with a 3% discount rate. Estimates are based on a
new analysis of a previously published model of malaria trans-
mission and immunity [11,12]. The model was modified
slightly: acquisition of clinical immunity to malaria—reduced
frequency and severity of clinical symptoms—was considered
to be a function of both age and infection [13,14], and we
assume that the population is structured into young children
(less than 5) and the rest of the population, where young chil-
dren are more likely to become clinically sick and die, §x, and
X is either young children (1) or everyone else (2). However, in
keeping with the current understanding of malaria epidemiol-
ogy, clinically immune individuals are still assumed to become
infected and infectious [15-18]; however, they become sick
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and seek treatment at a lower rate [19,20]. We assumed that
only a proportion of the population purchased drugs in the
private sector (and thus benefited from the subsidy) but that
this was slightly higher in young children using the formula
defined in Cohen et al. [10].

In addition to age structure, we also modified the model to
account for drug resistance by assuming that individuals can be
infected by drug-sensitive parasites or parasites resistant to one
or more drugs. The drugs were assumed to be (i) non-artemisinin
drugs, such as chloroquine or sulfadoxine-pyrimethamine (denoted
as NAT), which are not used in combination with artemisinin;
(i) AMT; (iii) a partner drug that is used with artemisinin-
combination therapy but not used alone (PMT); and (iv) ACT.
Thus, individuals can be infected with the wild-type, Iy x; singly
resistant infections, Inatx, Ipmrx and Iamrx; doubly resistant
infections, Inatpmr.x, InaTamTx and Iacrx; and triply resistant
infections, INAT ACT X-

The primary outcomes were deaths and DALYs averted.
DALYs averted were calculated based on the calculation and dis-
ability weights in Mathers et al. [21]. Specifically, we assume that
DALYs = YLLx + YLDg x + YLDN x, where YLL is years of life
lost, YLDy is the disability weight for an uncomplicated episode,
YLDy is the disability weight for an episode with long-lasting
neurological complications. YLL and YLDy assume that incidence
occurs on average at age 2 years and six months for children under
5 and age 29 for the rest of the population, while uncomplicated
episodes are expected to last 7 days. DALYs were discounted at
3%. Severe malaria was assumed to occur in 1 and 0.5% of cases
for children and the rest of the population, respectively, and 1%
of severe malaria cases were assumed to result in long-term
neurological complications [22-25].

2.1. Entomology

The dynamics of infection in the model follow the notation of
Macdonald [26], as modified by Smith & McKenzie [27]. Vector-
ial capacity (V'), the number of infectious bites by a mosquito
over its lifetime, is given by the formula V = ma®e $"/g, where
m denotes the number of mosquitoes per human and a is the
number of bites on humans per mosquito per day. The instan-
taneous death rate is ¢ (e ¢ is the probability of a mosquito
surviving 1 day) and n is the number of days required for
sporogony.

The daily entomological inoculation rate (EIR), the number of
infectious bites per person per day, is calculated as the product
of vectorial capacity and the fraction of mosquitoes that are
infectious, P/(1 4+ aP/g), where P is the proportion of the bites
on the infected human population that infect mosquitoes.
Because we assume differing transmission efficiencies, cx, for
young children and everyone else, P = c1I; + culp, where ¢; > ¢,
and [; x is the sum of all children under 5 and the rest of the
population infected by either drug-sensitive or drug-resistant
infections. The force of infection (h), is calculated as DEIR,
where b is the fraction of bites on humans that produce a
patent infection, and h;, or the force of infection for each parasite
phenotype, is the contribution of each phenotype to the total
force of infection [28].

2.2. Drug treatment

Young children and everyone else are assumed to develop clini-
cal symptoms, fx, and seek treatment in the private sector, vy, at
different rates. Thus, p; = fiv; and p, = fov,. In addition, a frac-
tion of young children, on becoming infected, are assumed to
develop clinical symptoms and treat with drugs purchased in
the private sector immediately, & Those who are treated with
effective drugs are assumed to clear infection, but treatment
with ineffectual drugs is assumed not to clear the parasite and
increases the probability that a child will die. We further

assume that a fraction of individuals do not adhere to their medi-
cation, which results in underdosing. A fraction of them are still
assumed to effectively clear the parasite. After a bout of clinical
illness that is effectively treated, individuals are assumed to
remain refractory to infection, R;, for a period of time (i) because
of the prophylactic effects of drug treatment. Because not all
fevers are due to malaria, we assume that a fraction of suscep-
tible individuals (w) develop non-malarial fevers and treat at a
similar rate as infected individuals. Treated susceptible individ-
uals are then assumed to remain refractory for a period of
time. Which drug an individual treats with is driven by
demand for each drug, which is generated using a nested
constant elasticity of substitution (CES) utility function, as dis-
cussed in Laxminarayan et al. [29]. Briefly, utility is maximized
between general consumption, C, and a composite good of effec-
tive drug treatments, E, where o, is the substitution elasticity
between C and E. The drug composition is a CES function over
consumption of the possible drugs weighted by their respective
effectiveness, and o, governs the degree of substitution between
different drugs and thus the extent to which a subsidy
that lowers the price of ACTq will displace the use of NAT
drugs as well as AMTs and non-quality-assured ACTs (ACTn,
for details, see [29] and appendix A). The effect of the subsidy
on the price of ACTq in the private sector was estimated from
the final report on the first phase of AMFm [4] which surveyed
prices of drugs before and after the introduction of the subsidy.
Because there was a range on both the pre- and post-subsidy
prices, for each simulation we drew both from independent
samples and calculated the expected reduction due to the
subsidy as the difference.

2.3. Resistance

We assume that there is a small probability that when an indi-
vidual takes a drug, p; the treatment will lead to drug
resistance, dy. Furthermore, we assume that resistance is
encoded by a single mutation that affords complete resistance
to drug treatment. Because clinically sick individuals have
such high parasite densities relative to asymptomatic individ-
uals [30], we assume that only clinically sick individuals who
treat are likely to generate resistance de novo [31]. We also
assume that the partner drug (PMT) has a lower rate of de
novo resistance when used in an effective combination with
artemisinin (dpymr.a < dpmr)-

Mutations encoding antimalarial drug resistance either
affect the concentration of drug in the parasite or erythrocyte
[32] or alter the mechanism of action of the drug in the parasite
[33]. These changes, which provide a benefit in the presence
of drugs, have also been shown to produce a biological fitness
cost to the parasite [34,35]. To account for this effect, we
assume that drug-resistant parasites have a faster clearance rate
than drug-sensitive parasites. In addition, multidrug-resistant
parasites are assumed to have an even greater cost of resistance.
Thus, if natural clearance takes 1/r days, drug-sensitive parasites
clear at rate ry = r, single-resistant parasites clear at rate rnyar =
rpmT = 'amT = 'w, double-resistant parasites clear at rate
I'NAT.PMT = 'NAT.AMT — YaCcT = Vw772 and triple—resistant para-
sites clear at rate ryatact = rwm, where 7 is the fitness cost
of becoming resistant to an additional drug. No distinction
is made between clearance rates for children less than 5 and
everyone else.

The dynamics of the system are described by a set of ordin-
ary differential equations (appendix B and figure 1). The model is
first run to equilibrium without drugs, we then run the model for
30 years with NAT drug therapy to get a baseline resistance level
for the NAT therapies, and then run the simulations forward
with artemisinin and partner drug therapy assuming that there
is no resistance to these drugs at the outset.
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Figure 1. Schematic of transmission model. Diagram of the transmission model, where J refers to all possible infection states of wild-type and resistant infections.
Susceptible individuals become infected and then either naturally clear and go back to being susceptible or treat with drugs and become prophylactically resistant to
infection for a period before becoming susceptible again. Susceptible individuals who take drugs also become prophylactically resistant to infection. Young children

progress to older age status after a period of time, regardless of disease status.

2.4. Age-targeted subsidy

One potential consequence of a subsidy targeted solely at
children is that older individuals will purchase young children’s
doses at subsidized rates for self-treatment (‘leakage’). This
leakage of the subsidy would be expected to reduce the cost-
effectiveness of the subsidy unless the benefits of reducing
transmission outweigh the cost of treating individuals who are
unlikely to die. We define leakage operationally in the model
by assuming that a percentage of older individuals demand
child doses. In this case a percentage of older individuals have
a demand function that is determined by the subsidy (i.e. it is
the same as the young child demand function). Correspondingly,
we assume that increased leakage decreases the number of chil-
dren less than 5 receiving subsidized treatments in a linear
fashion. Thus, a percentage of young children have a demand
function that is the non-subsidized demand function, which is
the same as the older populations demand function. Further-
more, because young child doses contain less active ingredient
than doses for older individuals, there is the possibility of under-
dosing, which has two effects: older individuals are less likely
to effectively clear the parasite, increasing transmission; and
inadequate doses expose the parasite to sublethal drug concen-
trations, increasing the probability of resistance. The harms of
underdosing may be mitigated somewhat by ‘stacking’—the
taking of multiple young child doses at one time, thus attaining
a proper dose—though this comes at a cost of increased treat-
ments subsidized. We assume that at baseline adherence to
malaria therapy by all individuals is less than 100% [36], which
reduces the rate that individuals clear the parasite and increases
the rate of drug failure due to resistance. We further assume that
a percentage of older individuals are underdosing, which has the
same effect as lack of adherence, though individuals that stack
are assumed to effectively clear the parasite. Thus, total demand
under the age-targeted subsidy is the lowered children’s demand
plus excess demand from the rest of the population. Because we
assume that leakage affects a percentage of the population, and
the child population is less than half of the total population, this
results in an increase in the total number of treatments demanded
which is in relation to the population size.

2.5. Sensitivity analysis

We used a modified Monte Carlo method called Latin hypercube
sampling (LHS) to assess the uncertainty of our results to the
underlying assumptions about the parameters in each scenario
[37,38]. LHS is significantly more efficient than simple random
and fractional-stratified sampling designs at dealing with large
numbers of input parameters because each input parameter is
treated as a separate random variable [37]. Whereas a standard
Monte Carlo simulation randomly selects each input parameter
from within a probability distribution function, in LHS, each par-
ameter distribution is stratified into equiprobable intervals and

each interval is sampled exactly once, without replacement. An
input vector is then generated, composed of the random samples
of each of the input parameters for each simulation. LHS is effi-
cient because each value of every parameter is used only once.
The model may then be run N times to directly derive distri-
bution functions for each of the outcome variables, and
because of the probabilistic selection technique, the results can
be interpreted within a statistical framework including calcu-
lation of partial rank correlation coefficients (PRCCs). PRCCs
can help to determine the independent effects of each parameter
on outcome variables, even when the parameters are correlated,
and the relative importance of input variables in determining the
imprecision of the result can be assessed by comparing PRCCs
[37]. LHS has been used extensively to estimate uncertainty in
epidemiological models similar to the model in this paper
[39-44]. Parameters of the model are listed in table 1 and
electronic supplementary material, table S1. Finally, for the
incremental cost-effectiveness analysis, we used the bootstrap
percentile method [45] to calculate confidence intervals.

3. Results

As a comparator, we first estimated the demand for ACTs
under the universal subsidy case, and compared the total
demand broken down by age class against the total number
of ACT doses ordered (not filled) from the Global Fund [46].
Figure 2 presents the mean and uncertainty of the LHS sensi-
tivity analysis for low- and high-elasticity values. Because
yearly summaries were only available for 4 years, and the sub-
sidy did not start until partway through 2010, we averaged the
total treatments ordered for the years 2011-2013 and multi-
plied by 5 to create an estimate of the total likely demand
over 5 years with confidence intervals based on the variability
in demand across years. Our estimates for annual ACT demand
are significantly lower than the estimated number of orders
reported by the Global Fund across elasticities and countries.
The primary drivers in variation between country demand esti-
mates were the initial fraction of ACTq use, the amount the
price of ACT is reduced, population size and the share of
the population using the private sector. Importantly, popu-
lation size as a factor is more greatly affected by the size of
the population 5 years and older, as they account for the
majority of treatments. Underestimates of demand may be
due to differences in heterogeneity in the transmission rate
that we do not capture, underestimates of country-specific
demand functions, or underestimates of overtreatment or pri-
vate sector use. Alternatively, private for-profit entities may
have been ordering more doses than demanded by consumers.
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aWhere source is not noted, the parameter is an estimate by the authors.
®Variation both by distribution and by country, values in electronic supplementary material, table S1.

One important aspect of the analysis of projected ACT
demand is that the majority of ACT treatments go to individ-
uals over the age of 5 (the difference would be even greater if

we used adult-equivalent dosing). This effect, combined with
the fact that the majority of deaths may well occur in children,
has led to the notion that the cost-effectiveness of the subsidy



450
estimated orders based on pilot
400 4 estimated orders rest of population
m estimated orders children <5
estimated demand from simulation
= 3501 rest of pop (high elasticity)
& m children <5 (high elasticity)
E 300 - rest of pop (low elasticity)
\5 m children <5 (low elasticity)
:
g 250 7
5
< 200 4
k)
0]
3
; 150 -
5
=
S)
100 I I
50 1 I I I
0 _—.-.,_-.-.. 1 BT i e ! ! I
Ghana Kenya Madagascar Niger Nigeria Tanzania Uganda

Figure 2. Estimated demand for quality-assured ACTs (ACTq) in the pilot countries with universal subsidy over 5-year time frame. Estimated demand for ACTq
treatments by age-class for a universal subsidy. Estimates are for different demand elasticities, low (blue bars) and high (green bars), and for children under
5 (dark) and older individuals (light) treatments. The error bars are 1 s.d. of the mean of our sensitivity analysis for total ACTq demanded. These are compared
to an extrapolated 5-year estimate of the total number of ACTq orders by the private-for-profit sector of each country based on data from the Global Fund for ACTq
requested (not delivered) through the AMFm subsidy (grey bars) from 2011 to 2013 (see text for calculation) for child doses (dark) and all other doses (light). The

error bars are 1 s.d. of the mean of our sensitivity analysis of ACTq requested.

could be increased significantly by targeting child dosages.
However, leakage could reduce the benefits of such a targeted
proposal, we therefore estimated the effect of an age-targeted
subsidy in each country assuming different levels of leakage
to those 5 years and older. As leakage increased from 0% up
to 50%, the number of ACT treatments demanded increased
(figure 3). The age-targeted subsidy was also compared with
a universal subsidy, and the number of child doses requested
through the subsidy mechanism with 50% leakage is approxi-
mately equal to the total number requested under a universal
subsidy because we are counting individual doses and not
adult-equivalent, and a portion of those 5 years and older are
assumed to be stacking.

Because we assume that deaths from malaria occur in
individuals 5 years and older, we find, not surprisingly,
that the number of deaths and DALYs averted is less than
with a universal subsidy (table 2, electronic supplementary
material, table S2). However, increasing leakage, even
though it increases the number of treatments in the popu-
lation as a whole, results in a reduced number of deaths
averted. The reduction occurs because of the assumptions
that leakage reduces children’s access to subsidized doses
and mortality in older individuals is lower. In addition,
because leakage does not reach the full population, there is
no indirect effect on mortality due to a reduction in the trans-
mission rate. This contrasts with the universal subsidy case
where both direct and indirect effects on mortality increase
the averted number of deaths of children less than 5,

though the indirect effect is not particularly significant (elec-
tronic supplementary material, figure S1). While death rates
differ across countries, the effect of the subsidy on the
number of deaths averted is not the same across countries
because of differences in the estimated demand, population
size and country-specific transmission rates. Because we
used the pre- and post-ACT prices as reported in the final
report on the pilot programme to estimate demand functions,
the subsidy had only a limited effect in countries with a small
change in the price of ACTs (e.g. Madagascar, which may
have even seen an increase in the price of ACTs).

Leakage also decreases the cost-effectiveness of the sub-
sidy (table 3; electronic supplementary material, table S3),
though a child-targeted subsidy costs significantly less than
a universal subsidy, even with significant leakage. However,
because of the relative paucity of malaria deaths in individuals
5 years and older, the incremental cost-effectiveness of moving
from a child-targeted subsidy to a universal subsidy is high,
unless a large amount of leakage is assumed (figure 4). We
also found that over the time period of the study, resistance
did not greatly impact the results, even when individuals
5 years and older were assumed to underdose more than
under our baseline assumptions (electronic supplementary
material, figure S2). Presumably a longer time frame would
increase the possibility that such actions would affect resistance.
Though the cost-effectiveness values calculated are similar in
magnitude to prior estimates [12], great variation was observed
between countries driven by differences in the death rates
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Figure 3. Estimated demand for quality-assured ACTs (ACTq) with child-targeted subsidy in pilot countries over 5-year time frame. Estimated demand for ACTq
assuming that the subsidy targets only doses for children less than 5 with varying levels of leakage for two different demand elasticites, low (a) and high (b).
Leakage assumes that older individuals are taking doses intended for children less than 5. Older individuals who take child doses are assumed to either ‘stack’
(take more than one child dose) or underdose. For those who underdose, only a proportion of population is assumed to adequately clear an infection, and the
rest have an increase in the probability of resistance. The universal subsidy scenario is a subsidy for all ages. Because the universal subsidy reduces the prevalence
rate, fewer children are infected and the total treatments for children is less than in the universal subsidy case. Bar heights are the mean and error bars are the
uncertainty range (one standard deviation of the mean) of the sensitivity analysis. These are compared to an estimate of the total number of ACTq doses that
would be demanded by the private-for-profit sector of each country based on data from the Global Fund for ACTq requested (not delivered) through the AMFm

subsidy from 2011 to 2013 for child doses. The error bars are 1 s.d. of the mean of our sensitivity analysis of ACTq requested.

Table 2. Estimated number of deaths and DALYs averted from child subsidy versus universal subsidy over 5-year time frame, low elasticity.

country

deaths averted
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Kenya
Madagascar
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Nigeria

. Tanzania
- Uganda
' DALYs averted -
Ghana
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Niger

Nigeria
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between countries, the effect of the subsidy on demand, and the
cost of the subsidy (electronic supplementary material, table S4).

4. Discussion

With the Global Fund’s 2012 decision to permit recipient
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interventions supported by their funding envelopes [5],
countries are now considering whether and how to include

private sector subsidies as part of the package of interven-
tions they will implement to fight malaria. These countries
may choose to subsidize young child doses at a different

rate or amount than doses for older individuals.

co-payments as

This

option is attractive because these treatments are cheaper
and malaria is more likely to result in a young child’s death
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is quite large in most countries because of the paucity of malaria deaths in older age groups. This is true both for (a) deaths averted and (b) DALYs averted. Results
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Table 3. Child-targeted subsidy cost and cost-effectiveness over 5-year time horizon, low elasticity.
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than in individuals older than 5 years, but these benefits may
be attenuated if targeting to children is unsuccessful. Our
analysis has examined the potential benefits of a child-
targeted subsidy in the countries where the pilot subsidy
was implemented and found that it would likely be more
cost-effective than a universal subsidy if there is only limited
leakage in most countries, though it would likely avert fewer
deaths. The benefit of a child-targeted policy was lower or
less clear in Niger and especially Madagascar because the
effect of the subsidy on ACT prices in both these countries rela-
tive to other countries was not as strong. The low impact of the
subsidy in these countries was potentially due to differences in
the structure of the private for-profit antimalarial sector,
unfavourable politics and economic instability [3,4]. In the
rest of the countries, the cost-effectiveness of the child-targeted
subsidy was similar to other estimates for malaria-prevention
programmes both measured as cost per death averted [12]
and cost per DALY averted [47].

A major assumption of our model was that countries
would be able to maintain the low price of high-quality
ACTs; demand that is more elastic than we assumed could
reduce the estimated benefits. For example, Nigeria has a
high burden of malaria and had a relatively low penetration
of ACTs during the pilot phase, raising the possibility that its
future elasticity of demand may be significantly higher. This
is a significant question, as under our high-elasticity scenario,
though significantly more deaths would be averted, the cost
of the subsidy in Nigeria would be more than double
(electronic supplementary material, table S3). Higher than
expected demand could lead to an inability to fully fund
ACT demand (as happened in the first phase), which
would keep the retail price higher and avert fewer deaths.
In other words, an estimate of the effect of demand on the
cost to subsidize ACTs should help countries determine
how much funding to allocate, but less funding would
necessarily result in a higher price in the shops and less effec-
tiveness of the subsidy in averting deaths. Such problems are
not a failing of a subsidy, but an indication that the demand
for ACTs outstrips the supply.

Although a child-targeted subsidy may be more cost-
effective if there is no leakage, there is a significant likelihood
(as well as ample anecdotal evidence) that older indivi-
duals, including adults, will also take the doses that are
targeted for young children. Because young children’s
doses would be fewer tablets or tablets formulated with
less active ingredient, there is little to prevent older children
and adults from taking them. Leakage would make fewer
doses available for young children, and underdosing by
older individuals would reduce the efficacy of the drug
and increase the risk that drug resistance would emerge.
The main benefit of a child-targeted subsidy (i.e. deaths
averted) would thereby be attenuated, with few of the
benefits of a universal subsidy (i.e. reductions in overall
prevalence and thus indirectly mortality reduced) gained.
A child-targeted subsidy must therefore include provisions
for preventing leakage. Additional analysis should also be
done to see where the most appropriate age cut-off lies.
Our analysis assumed a child-age cut-off under the age
of 5 years, as this is the most vulnerable population, but
practicalities relating to development of pack-sizes might
necessitate a slightly different age target, though we do
not expect the qualitative results to vary significantly with
a slightly older age cut-off.

As with all mathematical model-based exercises, the accu- n

racy of our conclusions critically rests on our assumptions,
including the validity of our malaria model and the model
of demand for antimalarials. Although we have used the
most comprehensive data from the preliminary assessment
of the AMFm pilot [4], our estimates could significantly
underestimate true demand because elasticities might be
higher than expected. For example, in Nigeria, the subsidy
increased the ACTq market share from 2% to only approxi-
mately 18%, and buyers in Nigeria ordered more than 100
million co-paid ACTs, or less than approximately 0.5 per
person. Ghana, on the other hand, ordered 40 million co-
paid ACTs, or approximately 1.6 per person. Our estimates
of demand, however, were generally lower than the
number of estimated ACTs that were ordered. Though not
directly comparable, because we estimate the population
seeking treatment in the private sector and the Global Fund
orders are the number of drugs that first-line buyers tried
to procure for the private sector, there are some potential
reasons for this difference: (i) suppliers may have overesti-
mated demand, or been trying to stockpile drugs given the
knowledge that AMFm was time-limited, or they were
trying to place as many orders as possible once order caps
started to be implemented to limit procurement; (ii) suppliers
may have been buying for the public sector through the pri-
vate sector mechanism; (ii) procured drugs may have been
flowing to other countries without the subsidy (i.e. a different
form of leakage); and (iv) our estimates of demand are based
on adult equivalent treatment doses (AETD) which may bias
the demand function. Another issue may be our assumption
that demand remains static through the simulation. Demand
may continue to increase because of exogenous factors, such
as learning-by-doing or educational outreach, that are not
accounted for in our demand functions. Our substitution
function also assumes that consumers value health interven-
tions against a basket of consumer goods that remains
unchanged over time, even though outside factors, such as
the introduction of new goods, could alter their preferences
[48]. In addition, a subsidy targeted at children may
create a perception of scarcity in the market driving up the
retail price of subsidized ACTs or could alter ACT stocking
behaviour.

Another factor that could affect the results is our esti-
mate of overtreatment, or the rate that individuals with
fever not due to malaria are taking drugs. We assume that
approximately 60% of feverish individuals without malaria
parasites are treating, though we vary this amount over a
large range. Though based on data, this rate could change
with better information or with the introduction of rapid
diagnostic tests [49]. An additional issue is that we focus
solely on the private sector. Though the private sector is the
main target of AMFm, ACT usage in the public sector may
have indirect effects on the population as a whole due to
lowered transmission. Lastly, our analysis assumes the
country level as the unit of analysis, but significant variations
in transmission and disease within countries could affect the
cost-effectiveness at the country level.

5. Conclusion

Although AMFm as a global subsidy programme does not
enjoy support from some donors, some countries are
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examining the possibility of providing ACTs through their
private sector using funds from their country envelopes.
This is a testament to the strength of the idea of leveraging
the private sector to provide drug treatments. Given the
budget constraints facing each country, a child-targeted sub-
sidy may be both less costly and more cost-effective at
averting deaths than a universal subsidy. However, leakage
of the child-subsidized packs to older individuals would
reduce the benefits (particularly with respect to averted mor-
tality) and decrease the cost-effectiveness of the subsidy.
Since countries are actively pursuing this option, strategies
to mitigate this potential problem, such as packaging choices
and educational campaigns, should be undertaken, along
with studies to measure the extent of leakage and its
consequences.
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Appendix A. Demand functions

A.1. Social planner utility function

To generate drug demand functions, we adopted a nested, CES
utility function defined following the notation of Laxminarayan
et al. [29] over a period of duration #, and 6 is the discount rate:

£
u= J efet{ [C«crrl)/(ou» 1 F@=D/(0)
0

Zk {\] IEN-F } dt,
N

where k is each possible drug (NAT, AMT, ACTns and
ACTg), acost is the marginal disutility of infection and
S N." /N is the probability of infection with a parasite resistant
to drug k. The term in brackets is the utility from general con-
sumption C and a composite good of effective drug treatments
E. The responsiveness of aggregate drug use to changes in the

price of ACTq due to the subsidy is governed by o, the elasticity
of substitution between C and E.

] (eu=1)/(0w))

— Ucost

A.2. Elasticity of drug demand

The drug composite, E, is a CES function over consumption
of the four drugs weighted by their effectiveness:
(Anatenatanar) 7 o < INF
E— +(Aamreamraan) 7 2k Ni
+ (Aactueactaaact) /) N
+(Mactgeactgaacty) @

where ¢, and a; measure the effectiveness of and the m

demand for each drug, and o, governs the degree of substi-
tution between different drugs and therefore the extent to
which an increase in demand for ACTg will displace use of
the other drugs. A; is a distribution parameter chosen
to imply an observed initial drug mix and overall drug
coverage rate.

A.3. Demand functions

As outlined in Laxminarayan et al. [29], with consumption
constrained by a budget, demand functions for drug coverage
for each drug i can be calculated as,

o (p;(ra/(aiei)lfrrn);’a(*o‘u/(lfﬂ'u))INC
W e 14p

7

where p is the price of each drug, INC is the income of
the household (assumed to be per capita gross domestic
product) and p is an index of drug prices that accounts for
drug effectiveness,

p= il

(aier)

Thus, the proportion of individuals who demand each drug
varies both with the price and effectiveness of each drug in
relation to other drugs and with the overall price and effec-
tiveness of drugs relative to other goods, though it does not
vary with respect to malaria prevalence.

To calculate the effect of the subsidy on the demand for
quality-assured ACTs, we used estimated market share and
initial prices for each drug in the pilot countries as well as
the effect of the full subsidy in changing the price of the
drug. Initial market shares, initial prices and the final subsi-
dized cost are shown in electronic supplementary material,
table S1.

Electronic supplementary material, figure S3 shows
an example of both the drug demand and the percen-
tage demand for each drug, demonstrating that the CES
predicts an increase in quality ACT use as well as an
overall increase in demand, but that the subsidy must
lower the price substantially to have an effect. The final
drug demand of the full subsidy, as calculated by the CES
utility function, approximates the estimated market share
as described in the final evaluation report on phase 1 of
AMFm [4].

Appendix B. Epidemiological model

The following ordinary differential equations describe the
mathematical model of malaria, where we assume that births
(B) match deaths, that there is a background mortality rate
(n), and that children under 5 years become older at rate 4.

B.1. Equations for children
S1 =B —Si(h+ p+ q + pyolanari + aamra + dacr1))
+rwlw.i + rnatInati + remrlemra + ramrlavra
+ 'NAT.PMTINAT.PMT.1 + ’'NAT.AMTINAT.AMT.1
+ractlact1 + rNat.actInat.acT + Ridpr
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Ry = S1(py@(anat + aamri + Aact.)
+hwé + hnarénar + hemréemr + hamréavir
+ hnaremrénaremr + Inat.amrénar.avt + hactéact)
+ Iwapy@nata(l — dnar) +aamra(l — damr)
+aacra(l —dpmra — dact)) + Ipmrapr (@nata (1 — dnar)
+aamr1(1 — damr) + aact.i(l — damr))
+ InaT1p1@amt.a(1 — damr) + aacti(1 — dpmr.a — dact))
+ Iamrapr(@nata(1 — dnat) +aacta (1 — dpwir))
+ InaT.pmTap1 @AMt (1 — damr) + aacta(1 — damr))
+ InaT.amT1P1(@AcT1(1 — dppT))
+Iactapr@nara(l = dnar)) — Ri(+ p +9q)
Iw1 = Sihw(1 — & — Iw1 (i + 81 + py(anata + AamT.
+aact1) +1w +9)
Inara = Sihnat((1 = 9 + (£ — &uar)(d — 81))
— Inata(s + 81 + py(@amra + aacr) + NaT + 9)
+ dnatanat.iprwa
Tenma = Sihpmr(1 — & — Ipwra (i + 81 + py(anaTa + AamTa
+aacr1) + remr + 4) + demr adactipilwa
Invra = Sthaur((1 = § + (€ — ) — &) — Iamra (i + &
+ pr(anat +aacra) + ramr +q) + davraavripwa
Inatpvr = Stinaremr((1 — ) + (€ — &uarevm)(1 — 81))
— Inarpumra(p + 81 + pr(@amra + dact1)
+ 'NATPMT + 4) + dpmT.AdAcTaP1INATA
+ dnatanatipilpvr
Inatamra = Sthnaramr((1 — 8 + (€ — &uar.amr)(1 — 81))
— InaTAMT (R + 81 + praacTa
+ NAT.AMT + q) + damTaamT1P1INAT A
+ dNATANAT.1P1 [AMT 1
Incra =Sihact((1 — § + (£ — éacr)(1 — &)
—Iacta(p + 81 + pranati + ract +9)
+dacraacrapiwa + demraactipylamra
+damr(@amr +aacr)prlpvra
Inatacr1 = Sihnatact(l — €81) — Inatacra(p + 8
+ INAT.ACT T 4) + dacTdacT.1p1INATA
+dpmraacraprInat.amr +dnatanatipacta
+damr(@amr1 +aact1)prINATPMT
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