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Abstract 

In recent years, government aid agencies and international organizations have increased 

their financial commitments to controlling and eliminating malaria from the planet.  This 

renewed emphasis on elimination is reminiscent of a previous worldwide campaign to 

eradicate malaria in the 1960s, a campaign which ultimately failed.  To avoid a repeat of 

the past, mechanisms must be developed to sustain effective malaria control programs. 

 A number of sociobehavioral, economic, and biophysical challenges exist for 

sustainable malaria control, particularly in high-burden areas such as sub-Saharan Africa.  

Sociobehavioral challenges include maintaining high long-term levels of support for and 

participation in malaria control programs, at all levels of society.  Reasons for the failure 

of the previous eradication campaign included a decline in donor, governmental, 

community, and household-level support for control programs, as malaria prevalence 

ebbed due in part to early successes of these programs. 

 Biophysical challenges for the sustainability of national malaria control programs 

(NMCPs) encompass evolutionary challenges in controlling the protozoan parasite and 

the mosquito vector, as well as volatile transmission dynamics which can lead to 

epidemics.  Evolutionary challenges are particularly daunting due to the rapid 

generational turnover of both the parasites and the vectors:  The reliance on a handful of 

insecticides and antimalarial drugs in NMCPs has placed significant selection pressures 
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on vectors and parasites respectively, leading to a high prevalence of genetic mutations 

conferring resistance to these biocides. 

 The renewed global financing of malaria control makes research into how to 

effectively surmount these challenges arguably more salient now than ever.  Economics 

has proven useful for addressing the sociobehavioral and biophysical challenges for 

malaria control.  A necessary next step is the careful, detailed, and timely integration of 

economics with the natural sciences to maximize and sustain the impact of this financing. 

 In this dissertation, I focus on 4 of the challenges identified above:  In the first 

chapter, I use optimal control and dynamic programming techniques to focus on the 

problem of insecticide resistance in malaria control, and to understand how different 

models of mosquito evolution can affect our policy prescriptions for dealing with the 

problem of insecticide resistance. I identify specific details of the biological model—the 

mechanisms for so-called ―fitness costs‖ in insecticide-resistant mosquitoes—that affect 

the qualitative properties of the optimal control path.  These qualitative differences carry 

over to large impacts on the economic costs of a given control plan. 

 In the 2nd chapter, I consider the interaction of parasite resistance to drugs and 

mosquito resistance to insecticides, and analyze cost-effective malaria control portfolios 

that balance these 2 dynamics. I construct a mathematical model of malaria transmission 

and evolutionary dynamics, and calibrate the model to baseline data from a rural 

Tanzanian district.   Four interventions are jointly considered in the model: Insecticide-

spraying, insecticide-treated net distribution, and the distribution of 2 antimalarial 
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drugs—sulfadoxine pyramethamine (SP) and artemisinin-based combination therapies 

(ACTs).  Strategies which coordinate vector controls and treatment protocols should 

provide significant gains, in part due to the issues of insecticide and drug resistance.  In 

particular, conventional vector control and ACT use should be highly complementary, 

economically and in terms of disease reductions.  The ongoing debate concerning the 

cost-effectiveness of ACTs should thus consider prevailing (and future) levels of 

conventional vector control methods, such as ITN and IRS:  If the cost-effectiveness of 

widespread ACT distribution is called into question in a given locale, scaling up IRS 

and/or ITNs probably tilts the scale in favor of distributing ACTs.  

 In the 3rd chapter, I analyze results from a survey of northern Ugandan households 

I oversaw in November 2009.  The aim of this survey was to assess respondents’ 

perceptions about malaria risks, and mass indoor residual spraying (IRS) of insecticides 

that had been done there by government-sponsored health workers.  Using stated 

preference methods—specifically, a discrete choice experiment (DCE)—I evaluate: (a) 

the elasticity of household participation levels in IRS programs with respect to malaria 

risk, and (b) households’ perceived value of programs aimed at reducing malaria risk, 

such as IRS.  Econometric results imply that the average respondent in the survey would 

be willing to forego a $10 increase in her assets for a permanent 1% reduction in malaria 

risk.  Participation in previous IRS significantly increased the stated willingness to 

participate in future IRS programs.  However, I also find that at least 20% of households 

in the region perceive significant transactions costs from IRS.  One implication of this 
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finding is that compensation for these transactions costs may be necessary to correct 

theorized public good aspects of malaria prevention via vector control. 

 In the 4th chapter, I further study these public goods aspects.  To do so, I estimate 

a welfare-maximizing system of cash incentives.  Using the econometric models 

estimated in the 3rd chapter, in conjunction with a modified version of the malaria 

transmission models developed and utilized in the first 2 chapters, I calculate village-

specific incentives aimed at correcting under-provision of a public good—namely, 

malaria prevention.  This under-provision arises from incentives for individual malaria 

prevention behavior—in this case the decision whether or not to participate in a given 

IRS round.  The magnitude of this inefficiency is determined by the epidemiological 

model, which dictates the extent to which households’ prevention decisions have 

spillover effects on neighbors.  

I therefore compute the efficient incentives in a number of epidemiological 

contexts.  I find that non-negligible monetary incentives for participating in IRS 

programs are warranted in situations where policymakers are confident that IRS can 

effectively reduce the incidence of malaria cases, and not just exposure rates.   In these 

cases, I conclude that the use of economic incentives could reduce the incidence of 

malaria episodes by 5%—10%.    Depending on the costs of implementing a system of 

incentives for IRS participation, such a system could provide an additional tool in the 

arsenal of malaria controls.    
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Background and Summary 

THE HISTORY OF SPECIAL ANTIMALARIAL CAMPAIGNS IS CHIEFLY A RECORD OF 

EXAGGERATED EXPECTATIONS FOLLOWED SOONER OR LATER BY DISAPPOINTMENT AND 

ABANDONMENT OF THE WORK.  

-  League of Nations: Second General Report 

of the Malaria Commission (1927) 

Malaria is one of the most persistent infectious diseases of humans, and by some 

measures the most deadly.  The disease has had a dramatic impact on human economic 

systems for millennia, having been implicated in the decline of the Roman Empire 

(Sallares, Bouwman et al. 2004).  In modern times, intensive malaria within a given 

country has been linked to a 1.3% penalty in economic growth rates, controlling for other 

factors (Gallup and Sachs 2001).1 

The twin discoveries in the late 1800s of the malaria-causing pathogen Plasmodia 

and the Anopheles mosquito responsible for its transmission inaugurated an era of large 

scale malaria control programs.  The strategy of these programs was to eliminate malaria 

via reductions in Anopheline densities, reduction of human contact with these 

mosquitoes, and via the ―sterilization‖ of infected patients’ blood through the use of drug 

therapies (Nájera 1999).    

For the most part, these programs were aimed at immediate disease reductions, 

with little concern for sustaining initial successes over the long-term.  The quote at the 

                                              

1
 The causal relationship between malaria and economic growth has proven to be a Pandora’s box.  See Acemoglu and 

Robinson (2001).   What is clear is that malaria and poverty in modern times are strongly correlated. 
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top of the page suggests that this problem was recognized at the time.  However, as I 

show below, the sustainability of malaria control programs remains an open—and 

looming—question.  This dissertation is aimed at addressing specific aspects of 

sustaining the positive impacts of malaria control programs. 

The success of early malaria control projects hinged on the scale of support they 

enjoyed.  Elimination of malaria from the area surrounding the Panama Canal was the 

most lauded success, and was accomplished principally through mosquito reduction 

efforts (ibid.).  However, a similar vector control program around the same period at 

Mian Mir, Pakistan failed (Bynum 1994).  Nájera (1999, pp 15-16) implicates differing 

financial commitments, in particular ―the immense sums spent [in the Panamanian case] 

on the sanitation of the zone ten by forty miles,‖ as the source of these programs’ distinct 

outcomes.   

Discovery of the insecticidal properties of dichlorodiphenyltrichloroethane (DDT) 

completely changed the approach to malaria control.  The U.S. military pioneered the use 

of this chemical as an insecticide for malaria vector control in the 1940s, and by the 

1950s it had become a mainstay of the World Health Organization’s Global Malaria 

Eradication Program, or GMEP, which was launched in the 1950s (Nájera 1999).   
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FIGURE I: GLOBAL DISTRIBUTION OF MALARIA OVER TIME. © Reproduced from Hay, Guerra, et 

al. (2004) with permission from the copyright holders. 

The GMEP was as ambitious as its name suggests.  With malaria having been eliminated 

in most temperate areas of the world, the architects of the GMEP saw eradication (i.e. 

worldwide elimination) as a feasible goal given sufficient financial resources.  The 

remaining malarial areas of the world at that time were concentrated in tropical and 

subtropical areas (Figure I), and these areas became the focus of GMEP efforts.  GMEP 

operations were funded through a special account with the World Health Organization 

(WHO), the contributions to which are shown in Figure  for the period 1956-1996.  

The majority of GMEP funding through the mid 1970s was from the United 

States, and when the U.S. commitment waned so did the health impact of the GMEP. 
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FIGURE II: CONTRIBUTIONS TO THE WHO FOR THE GMEP, 1956-1996. Reproduced from 

Nájera (1999) with permission from the WHO.   

The resulting trend, not surprisingly, was that malaria was effectively reduced and 

eliminated in many areas for as long as GMEP resources were available, but rebounded 

severely when these resources dwindled.  Numerous examples of this trend can be found 

in government documents and the published academic literature.  Nájera (1999) 

illustrates this for Gezira, Sudan, in which a control program was launched in force in 

1974 and subsequently abandoned in the mid 1980s.  Figure III shows dramatic declines 

in malaria prevalence in this region when the program began.  An even more dramatic 

rebound of malaria followed cessation of the program in the 1980s.  Large rebounds in 

disease burden are commonly observed in such situations, and is predicted by a variety of 

theoretical models of infectious disease transmission. 
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FIGURE III: MALARIA PREVALENCE (PARASITEMIA) AMONG 2-9 YEAR-OLDS. Reproduced from 

Nájera (1999) with permission from the WHO.   

As Figure II illustrates, GMEP funding (from non-U.S. sources) did return in fits and 

starts beginning in the 1970s.  But the successes of the GMEP in the 1950s were not 

mirrored in this renewed funding.  Over time it was recognized that the goal of 

eradication could not be achieved with the GMEP’s available resources.  Much of the 

area targeted by the GMEP remained highly endemic in 2002 (Figure I).  Indeed, in 2000 

an estimated 800,000 African children died from malaria (Rowe, Rowe et al. 2006), 

hardly equating to success of the GMEP. 

 Thus was situation at the beginning of the 21st century, when the Bill and Melinda 

Gates Foundation (BMGF) and the Global Fund to Fight AIDS, TB, and Malaria 

(GFATM) declared earnest commitments to halting the disease’s spread.  Global 

development assistance for malaria control changed from less than $50 million in 1990 to 

nearly $800 million in 2007 (Figure IV). 



 

6 

 
FIGURE IV:  DEVELOPMENT ASSISTANCE FOR MALARIA IN USD2007. © Reproduced with 

copyright holder’s permission from Ravishankar, Gubbins et al. (2009) 

Recognizing the failure of the GMEP of the 1950s and 1960s—at least in 

accomplishing its primary goal—raises questions about the sustainability of the current 

wave of malaria control support.  Although remarkable progress has been made in 

developing new methods of malaria vector control and in crafting a viable malaria 

vaccine (Rowe, Rowe et al. 2006), the current tools for malaria control remain only 

slightly improved versions of what was available at the incipience of the GMEP:  

effective drugs, effective insecticides, the elimination of mosquito habitat, and the 

erection of barriers (including distance) between humans and mosquitoes.  Past 

experience therefore warrants a multilevel research agenda investigating how we can 

sustain and add to humanity’s accomplishments in reducing malaria and thereby improve 

households’ welfare throughout the world.            
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The explanations for the failure of the GMEP have included economic and 

biological factors that contributed to rebounding malaria levels across endemic areas.  

Biological factors included the spread and increasing frequency of malaria parasites that 

were resistant to antimalarial drugs (Laxminarayan 2004; Laufer, Abdoulaye et al. 2007), 

and mosquitoes resistant to both DDT and pyrethroids (Reimer, Fondjo et al. 2008).  In 

the background were also complex population-level dynamics resulting from individual-

level immune responses to malaria exposure.  Many populations living in the areas 

targeted by the GMEP had been subject to high levels of stable malaria exposure for 

thousands of years.  Biologists have identified an array of immunity mechanisms, 

acquired through individuals’ repeated exposure (Doolan, Dobaño et al. 2009) or through 

millennia of evolutionary pressure on human populations (Kwiatkowski 2005), adding 

nuance to our understanding of how malaria exposure translates into malaria episodes.  It 

is impossible to know with certainty how changing immunity dynamics impacted the 

outcomes of the GMEP. 

Economic factors implicated in contributing to the stalled progress of malaria 

control include the macro-level relationship between malaria control financing and 

reduction in global burden of disease (a relationship touched on above), as well as a 

number of micro-level factors. Such factors include the behavior of households in 

deciding whether or not to commit their own resources (e.g. time, money, or assets) to the 

public good of malaria prevention or to seek effective treatment.  Analysis of such 

behavior constitutes an active area of research among development economists 

(Whittington, Pinheiro et al. 2003; Cropper, Haile et al. 2004; Dupas 2009).  Moreover, 
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quantifying the economic value of reducing malaria, as perceived by exposed households, 

provides information for improving priority-setting in development assistance. 

This dissertation focuses on four specific challenges for improving the 

sustainability of malaria control, principally focusing on the control of the Anopheles 

vector.  Chapter 1 addresses theoretical aspects in the economic management of 

insecticide resistance in vector control programs.  The chapter begins with an overview of 

how the general problem of biocide resistance (e.g. insecticide resistance in agriculture 

and public health, antibiotic resistance in infectious diseases) has been treated by 

economists.  It then lays out a biological model embodying the tradeoff between 

increasing insecticide-usage to reduce current malaria levels and tempering current usage 

to maintain lasting—if less dramatic—disease reductions.  After constructing an 

empirically motivated cost measure, this biological system is then subjected to standard 

optimal control procedures, enabling an analytic characterization of the optimal steady 

states and numerical analysis of the transition paths to these steady states.  The primary 

contribution of the first chapter is the identification of a specific biological detail—the 

mechanism(s) leading to evolutionary fitness tradeoffs in insecticide-resistant populations 

of vectors—that qualitatively affects the economically optimal policy for managing 

resistance.  Identifying the economic relevance of this biological detail makes for a more 

nuanced perspective on how to manage insecticide resistance in malaria vectors, and 

more generally how to manage biocide resistance in a variety of bioeconomic systems. 

Chapter 2 approaches the problem of sustainable malaria control policies by 

treating the policymaker’s problem as one of dynamic profit-maximization.  In this 
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setting, ―avoided malaria burden‖ is produced using a set of conventional, time-invariant 

malaria interventions which comprise the inputs in the production function.  The research 

aim is first to identify ―profit‖ maximizing packages of inputs, i.e. malaria interventions, 

under a range of specifications for the production function.  By allowing for multiple, 

simultaneous epidemiological and biological dynamics that have been alleged to be 

important for malaria control programs, I am able to explore the properties of this 

production function in more realistic settings.  These dynamics include malaria infection, 

incubation, and recovery in humans and mosquitoes; evolutionary selection for drug 

resistance in parasite populations and insecticide resistance in vector populations; and 

lastly acquired immunity to malaria and age-structure in the human population. The bulk 

of the work in this chapter thus consists of the construction and analysis of this 

production function, and relies heavily on numerical and simulation methods.   

Not surprisingly, the epidemiological and biological dynamics considered in the 

model generate nonstandard properties in the production function, such as increasing 

marginal product of particular interventions (e.g. the distribution of insecticide-treated 

nets).  As a result, the package of malaria interventions that maximizes net benefits often 

lies at the boundary of the feasible space of controls, e.g. with all infected patients being 

administered antimalarial drugs and/or all households being sprayed with insecticides.  

The most striking result from this analysis is that, under realistic conditions, increasing 

the level of one input (e.g. use of insecticide-treated nets) can flip the production function 

from exhibiting decreasing to increasing marginal product of another input (e.g. 
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widespread use of antimalarial drugs), causing a discontinuous jump in the benefit-

maximizing package of interventions. 

     Chapter 3 shifts the focus of analysis to households’ expectations and 

preferences about vector control programs, the research aim being to investigate how 

households’ support for these programs could change under future epidemiological 

conditions (e.g. lower malaria risk).  I econometrically estimate households’ perceived 

costs from malaria infection and perceived benefits of insecticide-spraying campaigns in 

northern Uganda, accounting for transactions costs in these programs.  Using a stated-

preference, experimental approach (namely a discrete choice experiment), I am able to 

circumvent the potential endogeneity between households’ decisions to participate in 

spray programs, the expected malaria reduction gains from spraying, and actual levels of 

malaria risk.  The estimation permits the prediction of households’ participation in a 

given spray program as a function of the private risk reduction that a household can 

expect from the program.   

I find that households place significant value on reductions in malaria risk, with a 

willingness to forego an average 14% increase in the value of nonproductive, household 

assets for a permanent 1% decrease in the perceived monthly malaria risk per person.  

This estimate falls within the range of those reported in other stated-preference and cost-

of-illness studies (Whittington, Pinheiro et al. 2003; Cropper, Haile et al. 2004; Russell 

2004).  On the other hand, participation in these spray programs is predicted to be 

relatively inelastic to the expected malaria reduction gains from spraying.  This 

inelasticity is caused by transactions costs, which limit participation even when high 
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reduction in malaria risk can be expected from participation.  As one validity check of the 

econometric results, I find that the predicted participation rates of 75%-85% fall in the 

range of participation rates observed in the one previous round of spraying that was done 

in the study area. 

Chapter 4 returns to the endogeneity between spray program participation and  

malaria risk (perceived and actual).  The research aim of this chapter is to identify the 

potential efficiency gains from providing additional incentives for spray program 

participation.  It is well-known that one household’s decision to participate in a given 

spray program has positive spillover effects on neighboring households (e.g. Chitnis, 

Schapira et al. 2010).  Even when spray programs are offered free-of-charge, the presence 

of transactions costs will lead to an under-provision of the mixed public-private good of 

insecticide-spraying (setting aside possible negative health consequences from spraying).  

To quantify the extent of this under-provision and the magnitude of a cash incentive 

aimed at alleviating it, I construct an individual-based simulation model of malaria 

transmission, allowing for heterogeneous participation decisions of households.  Using 

estimates from the epidemiological literature, I parameterize the simulation model to 

reflect the type of malaria transmission present in northern Uganda, as well as the spatial 

structure observed in each of the surveyed villages in the Chapter 3 study.  I subsequently 

derive estimates of the private and public malaria reduction gains from spraying for all 15 

villages in my survey.   

Coupling these epidemiologically-derived estimates to the econometric estimates 

of preferences in the third chapter, I find that a welfare-maximizing set of cash incentives 
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for spray program participation could reduce the incidence of malaria episodes by 10%-

15%.  In the case where the system of cash incentives is self-financing, with subsidies for 

participating households being funded by levies on nonparticipating households, the 

economic value of the incentive program is estimated to be negligible, at less than 1% of 

the value of a household’s nonproductive assets.  However, this economic estimate does 

not account for additional external benefits of malaria reduction, such as decreased 

exportation of malaria cases to population centers, and decreased congestion of the health 

system.  Future work will address these external benefits and consider how such an 

incentive scheme could be implemented jointly with a development aid program, thereby 

creating a system of conditional cash transfers (CCTs) tied to spray program 

participation. 

Returning to the question of the sustainability of current and future malaria 

control programs, the chapters of this dissertation lay out four broad lessons for the 

epidemiologists, economists, policymakers, and technicians responsible for formulating 

the strategies of these programs.  First, as illustrated in Chapter 1, the biological details of 

any scientifically-grounded model used to formulate such strategies can dramatically (i.e. 

qualitatively) affect the recommended policy.  Second, taking an economic approach to 

coordinating vector control and drug therapy strategies—that is, embedding the 

epidemiological details into a malaria reduction ―production function‖—can significantly 

enhance the net benefits of such programs, by taking advantage of complementarities 

between malaria prevention and drug therapy.  Third, households place significant 

economic value on malaria reduction, adding credibility to previous estimates of the 
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economic value of malaria reduction.  Scientifically-rigorous estimates of this value can 

be used in cost-benefit analysis of malaria control programs to maintain and elevate the 

priority of these programs in aid budgets.  Finally, there is a role for incentive schemes to 

promote malaria prevention behaviors, to maintain public support for these programs, and 

to increase the efficiency of malaria control over the long-run, or until we finally reach a 

point where the disease is eradicated.    
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1. The Role of Diverse Evolutionary Fitness Costs in Computing 
Optimal Control Trajectories to Manage Selection for Superbugs:  
The Case of Malaria Control via Insecticide Spraying1  

1.1. Introduction 

Evolution of resistance among disease-causing vectors, pathogens, agricultural pests, and 

invasive species to biocides (e.g., insecticides and antibiotics) provides one of the clearest 

examples of the economic relevance of evolutionary dynamics.  However, evidence-

based economic analysis and control of these dynamics requires understanding the 

relative fitness of organisms which have evolved resistance to biocides.2   By definition, 

resistance confers a selective advantage in the presence of biocide exposure, and 

biologists have theorized that populations face a fitness tradeoff in evolutionary terms in 

order to acquire these genetic mutations (Carriére, Deland et al. 1994).  So-called fitness 

costs have been confirmed in antibiotic-resistant bacteria (Björkman, Nagaev et al. 2000), 

mosquito disease vectors (Djogbénou, Noel et al. 2010), and arthropod pests (Gassman, 

Carriére et al. 2009).     

Economic models of the optimal management of biocide resistance in arthropods 

usually allow for fitness costs only through increased adult mortality (Laxminarayan and 

Simpson 2002; Grimsrud and Huffaker 2004; Qiao, Wilen et al. 2008; Qiao, Wilen et al. 

2009).  That is, in the absence of insecticide exposure, resistant adult organisms are 

                                              

1
 This research was supported by funding from the National Institute of Environmental Health Sciences, 1 P30 ES-

011961-01A1, and by the Young Scientists Summer Program at the International Institute for Applied Systems 
Analysis (IIASA) in Vienna, Austria. This dissertation chapter is based on a 2010 working paper with Dr. Katie 

Dickinson and Dr. Randall Kramer. 
2
 Evolutionary fitness here is defined as ―the ability of organisms … to survive and reproduce in the environment in 

which they find themselves.‖ See: Orr, H. A. (2009). "Fitness and its role in evolutionary genetics." Nature Reviews 

Genetics 10(531-539). 
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assumed to die at a faster rate than their insecticide-susceptible counterparts.  These types 

of fitness costs have been documented in various contexts (see references in first 

paragraph).  In economic models of microbial infections and antibiotic resistance, fitness 

costs typically consist of higher recovery rates among hosts infected with an antibiotic-

resistant strain of the microbe relative to an antibiotic-susceptible strain in the absence of 

treatment (Wilen and Msangi 2003; Herrmann and Gaudet 2009).   

In both cases, theoretical economic modeling has shown that the magnitude of 

fitness costs in the pest/pathogen strain which is resistant to a biocide is decisive in 

constructing an optimal policy for biocide use (Laxminarayan and Simpson 2002; Wilen 

and Msangi 2003; Grimsrud and Huffaker 2004; Qiao, Wilen et al. 2008; Herrmann and 

Gaudet 2009; Qiao, Wilen et al. 2009).  This broad conclusion stands to reason:  The 

smaller the net biological advantage conferred to the pathogen, vector, or pest by 

resistance-causing mutations, the more biocide we may apply without the fear of creating 

―superbugs‖ in the long-run.     

Yet it also stands to reason that the biological details of the evolutionary system 

have important consequences for computing policies to maximize the net present value of 

a given biocide.  Indeed, intuition suggests that different types of fitness costs have 

different economic implications.  Some types of fitness costs, such as increased adult 

mortality in the case of insecticide resistance for disease vector control, have direct and 

indirect economic benefits. The indirect benefit of fitness costs is a reduced evolutionary 

competitiveness of biocide-resistant organisms, relative to a situation in which such 

fitness costs were absent.  This benefit lessens the threat of creating ―superbugs.‖  With 
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regard to disease vectors, a direct benefit would be one in which a fitness cost had a 

direct and tangible effect on disease transmissibility, which is the case with adult 

mosquito mortality and malaria transmissibility.  Other types of fitness costs, such as 

decreased sexual competitiveness or fecundity, can have an indirect benefit but a reduced 

or nonexistent direct benefit. 

Here I address the question of whether and how different mechanisms for 

evolutionary fitness costs can affect economic policies which seek to optimally manage 

biocide resistance to maximize the benefits of biocide use over time.  I focus on the 

specific example of reducing malaria burden by applying insecticides to indoor surfaces 

where vectors rest.  This is known as indoor residual spraying (IRS), and is one of the 

three principal methods of malaria vector control currently available, the other two being 

the use of insecticide-treated nets (ITNs) and the application of larvacides to mosquito 

breeding habitat. 

The approach I use to study this question is first to formulate a simple, 

deterministic model of malaria transmission and control via IRS, on the one hand, and the 

evolution of insecticide resistance, on the other.  In this model, I allow a distinction 

between fitness costs associated with adult mosquito mortality and with reduced 

emergence of adults, either through fecundity reductions or increases in larval mortality.  

I then apply standard optimal control and dynamic programming techniques to this 

biological system.  This requires specifying the objective of the policymaker, and the 

control(s) at her disposal.  I assume that the objective is to minimize the present-value 



 

17 

costs of malaria and IRS over a time horizon of infinite (or uncertain) length, by varying 

the coverage-levels/intensity of IRS over time (the control).   

My contributions to understanding the above research question are twofold: I first 

analyze how the optimal trajectory for the control is influenced by different combinations 

of the fitness costs described above.  I find that when both types of fitness costs are 

present, the optimally controlled system exhibits two economically-relevant steady states 

which are both stable.  Which steady state the system approaches depends on the initial 

conditions of the biological state variables.  Specifically, if insecticide resistance is low 

initially then it is optimal to keep it low for all-time (or until there is sea-change in the 

policy environment, e.g. the mass availability of a malaria vaccine), whereas if it is high 

then it is optimal to use insecticides intensively now even though this inevitably selects 

for ―superbugs‖ in the long-run.      

My second contribution consists of using the above framework to assess costs of 

incorrectly specifying the fitness costs in the biological model underlying the economic 

policy to manage resistance.  This is done as follows:  I specify the fitness costs within 

one biological system, compute a ―seemingly-optimal policy‖ (SOP) based on this 

specification, change the specification of fitness costs in the biological system, and then 

simulate the previously-optimal policy in the modified biological system.  I find, in the 

case where a SOP assumes all fitness costs can be expressed in terms of adult mortality 

differences (the status quo for current economic work in this area), that present-value 

costs can exceed 200% of the costs yielded from the optimal policy (OP).  These costs 

depend on the initial conditions of the biological variables.  The largest difference in 
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costs between the OP and SOP are found to occur at the threshold which separates the 

two steady states described above. 

The subsequent sections of this chapter detail the biological model, the economic 

optimization problem imposed on this model, analytical and numerical characterizations 

of solutions to this problem, and a discussion of my main findings.  

1.2. The Biological Model   

Here, I present the formulation of a 2 equation model of the evolution of insecticide 

resistance and malaria transmission.  I use a textbook compartmental model of vector-

borne transmission of malaria (Anderson and May 1991; Keeling and Rohani 2008):  

Humans are either susceptible or harboring blood-stage malaria parasites.  Ordinary 

differential equations are used to represent the flows of individuals to and from the 

susceptible ( ) and infected ( ) compartments: 

  

  
          

  

 
          

(1.1) 
  

  
        

  

 
          

This system depicts a process in which infected mosquitoes   bite humans at rate  , that 

each bite lands on an uninfected human with probability equal to the proportion of 

susceptibles in the population (    ), and infects that human with conditional probability 

         .  Infected humans recover at rate  .  Meanwhile, humans are born and die at 

rate   (the human population   is held constant).  This system can be reduced to a single 

differential equation for the prevalence of malaria in the human population: 
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           (1.2) 

where       is malaria prevalence.   

The number of infectious vectors   is determined by a separate set of dynamic 

equations.  A compartmental disease model is again assumed to apply, with vectors being 

either susceptible ( ), incubating malaria parasites ( ), or infectious ( ):      

  

  
                

(1.3) 
  

  
                     

      

  

  
                    

These equations represent a process in which a given mosquito bite lands on an infected 

human with probability      , is subsequently infected with probability    , and 

meanwhile dies at rate  .  Infected mosquitoes incubate malaria parasites for a fixed time 

interval   (   weeks), during which mosquitoes continue to die at rate  .   At the end of 

this interval, a proportion      of a given cohort is remaining and able to infect humans.  

These mosquitoes also die at rate  .  Finally, a constant number of   vectors are assumed 

to emerge per unit time.  This model of mosquito population and transmission dynamics 

is used by Kawaguchi, Sasaki et al. (2004).  I invoke a common assumption in the 

malaria modeling literature (see above references in this section) that the system 

depicting mosquito dynamics is always near equilibrium           , satisfying 

                   :   

   
 

       
 (1.4) 
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Substituting (1.4) into (1.2) reduces the disease dynamics to a single ordinary differential 

equation: 

   

  
 

             

           
             (1.5) 

where       is the number of newly emerged vectors per person per unit time.  We 

make one more transformation of the equation to obtain a form which is less notationally 

cumbersome, by defining    as the baseline vector mortality rate in the absence of 

insecticide control,       , and             
     

        
 is the ―basic reproductive 

number‖ of malaria: 

  

  
     

         

 
 
  

 
 

 

     

            (1.6) 

Equation (1.6) represents all of the malaria dynamics that I use in this analysis.  When 

vector mortality   is fixed at the baseline   , then         implies that          

   as    .  That is, when      then    provides the usual threshold for whether or 

not the disease will become fixed in the population (Anderson and May 1991).  When 

vector mortality exceeds the baseline, we can define a new threshold quantity: 

        
 

  

 
  

          (1.7) 

when          , then             as    .       
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 In this analysis, the quantity in equation (1.6) controlled by the policymaker is the 

average mortality rate of mosquitoes  .   Following others (Laxminarayan and Simpson 

2002; Grimsrud and Huffaker 2004; Livingston, Carlson et al. 2004; Qiao, Wilen et al. 

2009), I model this as a weighted mean of mortality rates corresponding to mosquitoes 

which are susceptible or resistant to insecticides and whether or not they are exposed to 

IRS:   

         
 

            
 

                                  
   

 
 (1.8) 

where the weight         denotes the fraction of the population that is covered by IRS, 

and constitutes the policymaker’s control.  The hazard rate of mortality     facing a given 

mosquito is determined by the mosquito’s genetic type   and whether it is exposed 

(   ) or unexposed to (   ) to IRS.  The weights          are the population 

frequencies of each genetic type  , which are determined via a system to which we now 

turn.     

 To parsimoniously capture the evolutionary dynamics of insecticide resistance, I 

assume there is a single gene controlling resistance to the single insecticide being used in 

the IRS operation.  While this assumption departs from reality to some degree, it is close 

approximation given that only 4 classes of insecticides are usable for IRS, and resistance-

conferring mutations in malaria vectors cover multiple classes of insecticides.  Appendix 

A reviews the insecticides and genetic mutations that are relevant for malaria vector 

control.  This gene is assumed to have 2 alleles—resistant ( ) and susceptible ( )—

yielding 3 different genotypes  :  The homozygotes    and   , and the heterozygote   .   
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Denote         as the proportion of the mosquito population with at least one 

copy of the susceptible allele  .  This constitutes the primary state variable measuring 

resistance in the system; the higher   is, the less prevalent is insecticide resistance.   

Assuming random mating, the Hardy-Weinberg principle as applied to an infinite 

population of diploid organisms implies (Hardy 1908):   

           

            

       

(1.9) 

This system can be substituted into (1.8) to simplify the expression for average vector 

mortality: 

                                            (1.10) 

 where I follow convention by assuming that the heterozygote’s mortality rate is the 

arithmetic mean of the homozygotes’ mortality.  To improve intuition, I define   

         , and             .  These terms are, respectively, the additional 

mortality susceptible mosquitoes are subject to when exposed to IRS, and a mortality-

specific fitness cost that resistant mosquitoes are subject to relative to unexposed 

susceptibles.   Baseline mortality    is set at     , the mortality of unexposed, 

susceptible mosquitoes (the genotype which prevailed before any IRS was used).  

Resistant mosquitoes are assumed to be entirely shielded from the effects of insecticide 

exposure. Hence,          .  Equation (1.10) can then be simplified to the following:    

                      (1.11) 
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Recall that   is controlled by the policymaker, while   is a state variable to which we 

now turn.  

The genetic fitness of any genotype   is denoted   , and the average fitness in the 

population is defined as         .  The genotype frequencies are assumed to follow 

standard replicator dynamics (Nowak 2006):   

   

  
                                                  (1.12) 

where     is a parameter controlling the speed of the replicator dynamics.  In such 

systems, genotypes with a fitness below the mean decline in frequency, whereas those 

above the mean increase in frequency.   

 Most economic work on the evolution of insecticide resistance assumes that 

evolutionary fitness is entirely determined by pest/vector mortality, i.e.          

         for any two genotypes   and   .  In such a system, genotypes with a higher 

mean mortality rate necessarily decline in frequency within the population.  The 

innovation in my analysis is to allow for other attributes to define a vector’s fitness.  

Empirical work has identified a number of mechanisms for fitness costs in arthropods 

which are genetically resistant to insecticides, including reduced fecundity and larval 

survival.  Appendix A provides details on this work.  To account for such mechanisms, I 

define genetic fitness: 

 
 
     

 
                                    (1.13) 

where    summarizes the component of genetic fitness which is independent of adult 

mosquito mortality. 
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 Inspection of equation (1.12) shows that only differences in genetic fitness matter 

for the replicator dynamics.  Therefore, I define          , which is a fitness cost 

for resistant organisms independent of adult mortality.  To isolate the effect of fitness 

cost mechanism versus magnitude, I define        as the total fitness costs, and 

       as the proportion which can be attributed to adult mortality mechanisms. In 

subsequent analysis, I fix   (the magnitude) and vary   (the distribution).  Combining 

(1.9), (1.12), (1.13), and the definition for    yields: 

  

  
                 (1.14) 

For a fixed level of IRS coverage  , this is a simple logistic differential equation:  When 

the effects of IRS exceed fitness costs (    ), then the resistant allele becomes fixed in 

the mosquito population to the exclusion of the susceptible allele (     as    ).  The 

reverse occurs when     .  When     , a singular equilibrium obtains and    

remains fixed at its initial level. 

 Gathering together the relevant equations, the biological system I analyze in the 

following sections is:    

  

  
     

          

 
 
  

 
 

 

     

            

(1.15) 
  

  
                 

                      

This dynamic system consists of 2 state variables (  and  ), 4 malariometric parameters 

(         and  ), 5 parameters for vector ecology and evolution (          and  ), and 
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the policymaker’s control  , which is the fraction of population covered by IRS.    I 

impose some regularity conditions on the parameters at this point:     (fitness costs 

are nonnegative),      (insecticides kill mosquitoes enough to cause selection), and 

     (malaria is endemic in the absence of spraying).  

 

FIGURE 1.1: STEADY STATES OF THE BIOLOGICAL SYSTEM WITH DIFFERENT LEVELS OF IRS. 

The above table shows the 9 types of steady states that can occur in the biological 

system for different levels of IRS intensity  .  Two thresholds are relevant here:  The first 

is the threshold IRS intensity which determines selection for insecticide resistance 

(     ).  The second is the threshold level of vector mortality above which malaria 

prevalence converges to zero; this threshold can be found by inverting the function      

defined in equation (1.7), and evaluating this inverse at unity:  That is, if         , 

then malaria remains endemic in the population.  Of course,   controls  , but only up to a 

point, since selection for insecticide resistance reduces the effect of IRS on vector 

mortality.    
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1.3. The Policymaker’s Optimization Problem  

I consider a policymaker that seeks a profile of IRS coverage levels                

which maximizes the present value of an IRS program, by minimizing the expected 

present value social costs of malaria and IRS over an uncertain time horizon  : 

                        
               

     
 
    

 
            

 

 

  

subject to (1.15) and given    and   . 

(1.16) 

where      is the marginal social cost of a malaria infection per unit time,      is 

the marginal social cost of IRS per person per unit time, and      is the pure rate of 

discount. 

 I assume that the time horizon   is distributed exponentially with probability 

density function         
       , where      is the hazard rate that the time horizon 

comes to an end.  This captures the possibility of a ―game-changing‖ malaria intervention 

making IRS obsolete.  Because the total population   is constant, we can divide (1.16) 

through by  , multiply the objective by    to obtain a maximization problem, and 

integrate out the expectations operator: 

               
               

    
 
    

 
           

 

 

 

subject to (1.15) 

(1.17) 

where         is the effective discount rate.         

 Equation (1.17) poses a standard optimal control problem with 1 control and 2 

state variables.   This problem can be more easily manipulated by changing variables 

from   to                The Hamiltonian for this problem is: 
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                   (1.18) 

where          
  

, and   and   are the co-state variables for   and   respectively.  

These co-state variables satisfy the differential equations: 

  

  
            

    

      

        
     

        
 
             

(1.19) 
  

  
               

  
   

 

      

 
                   

      

 

where I have suppressed arguments for the functions          and             to 

keep presentation concise.  The Maximum Principle implies that when          then 

the following first-order condition 
  

  
   at time   is satisfied: 

         
  

   
 

      

            
  

                                       
                

                      

      
       

         

       
        

      
         

     
        

            
          

 

(1.20) 

As long the marginal benefit (cost) of malaria is negative (positive), with     , then the 

left-hand-side of (1.20) is decreasing in    so that the first-order condition provides a 

global maximum.  If the solution to this first-order condition does not exist or does not 

fall in the interval      , then one of the boundary constraints binds.   

1.4. Analytic Characterization of Equilibria       

Setting               in equation (1.15) and               in equation 

(1.19), and using the optimality condition in equation (1.20), provides a set of 5 nonlinear 

equations which an interior steady state                  must satisfy.  In general, 
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closed-form solutions to these equations cannot be obtained, but a few economically-

relevant results can be drawn from these equations:  Most significantly, when fitness 

costs are mortality-specific with    —the status quo for economic research in this 

area—then any interior steady state of the optimized system is unique: 

PROPOSITION 1.1: If     then any interior solution to the steady state equations is 

unique.  If in addition elimination is feasible, with            , then there is no 

interior solution to the steady state equations. 

The proof is in Appendix A.   When elimination is not feasible, the unique interior steady 

state (if it exists) in terms of the model’s parameters is: 

     
 

   
 
   

 

(1.21) 

   
  

  
 

 

 
 

      
 

        
  

 
   

   
 

 
 
  

 
 

 
 
      

 

Note that this steady state is such that increasing the discount rate   increases the the 

steady state level of resistance  (        ).  This is due to two facts:  First, the steady 

state marginal shadow cost of infection    (not shown) decreases with an increasing 

discount rate, ceteris paribus.  This is because the higher the discount rate, the less the 

present-value cost associated with a long-run level of disease.   Second, the steady state 

shadow cost of resistance is zero when fitness costs are totally mortality-specific and 

when the steady state is interior.  Thus, a higher discount rate places less weight on future 

infection costs, decreasing the dynamic benefits from insecticide spraying and leaving 

resistance costs unchanged. This implies a less intensive spray program and hence a 

higher stock of insecticide susceptibility in the vector population.  Similarly, the cost 
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ratio 
  

   
 has a positive impact on   , so that, for instance, a higher direct marginal cost 

of infection    implies a lower steady state stock of insecticide susceptibility. 

1.5. Numerical Analysis of Equilibria: Stability and Transition Paths 

If evolutionary fitness costs stem from multiple mechanisms with    , then the steady 

state equations are ambiguous.  Multiple equilibria of the optimized biological system are 

possible and indeed occur, a fact which I demonstrate here.  To do this, values must be 

chosen for the parameters of the biological system in (1.15), and the economic 

parameters in (1.16).  Because the purpose of this analysis is to qualitatively characterize 

what can happen in this optimal control problem, rather than what will happen in any 

given context, I only seek reasonable values for the parameters in order to analyze the 

effect of varying the fitness cost distribution parameter  .  

First, I numerically solve the optimal control problem for 3 scenarios—one where 

    (Scenario I), one where        (Scenario II), and one where the evolution of 

insecticide resistance is turned off, which can be obtained by setting     (and    ).  

The values for the other parameters in each of these scenarios are shown in Table 1.1.  I 

use dynamic programming (DP) methods to obtain these solutions (Miranda and Fackler 

2002); see Appendix A for details.  Figure 1.3a shows that setting     leads to a single 

stable equilibrium on the boundary of the state space.  This agrees with Proposition 1.1 

since the parameterization makes malaria elimination feasible.  Figure 1.3b shows that 

setting        creates multiple equilibria in the optimally controlled biological system, 
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with a bifurcation separating a steady state in which resistance becomes very high and 

one in which IRS remains at a low enough level to prevent selection for resistance. 

TABLE 1.1:  PARAMETER VALUES USED FOR NUMERIC ANALYSIS. References in APPENDIX A. 

Parameter Symbol 
Scenario 

I II III 

Basic Reproductive number of malaria 
(# secondary per primary case) 

   100 100 100 

Recovery rate of malaria-infected 
individuals (per day) 

  0.01 0.01 0.01 

Incubation time of malaria in mosquitoes 
(days) 

   14 14 14 

Mass-action saturation factor 
(dimensionless) 

  61 61 61 

Baseline vector mortality 
(per day) 

   0.27 0.27 0.27 

Insecticide-induced mortality 
(per day) 

  0.83 0.83 0.83 

Total fitness cost 
(per day) 

  0.26 0.26 0.26 

Mortality-specific fitness cost 
(% of total) 

  100% 55% 100% 

Economic cost of a single infection 
(USD per case) 

   $10 $10 $10 

Spray cost per person 
(USD per person-year) 

   $1.21 $1.21 $1.21 

Risk-adjusted discount rate 
(% per year) 

  10% 10% 10% 

Speed of resistance evolution (per year)   15-1 15-1 0 

I then numerically solve the steady state equations for a range of fitness cost 

distributions        .  These solutions can be plotted in a bifurcation diagram shown in 

Figure 1.2.  This figure plots the equilibrium levels of insecticide susceptibility by the 

distribution of fitness costs.  The solid curves represent stable steady states, and the 

dotted curve represents a ―saddle-path stable‖ point.  The saddle path points represent a 
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bifurcation between the steady states of the system.  Qualitatively, this figure shows, for 

mixed distributions of fitness costs (   ), that when insecticide resistance starts at 

moderate levels, it is optimal to use more IRS to reduce malaria now, at the expense of 

selecting for ―superbugs‖ in the long-run.  On the other hand, if initial levels of resistance 

are very low or very high, then it is optimal to keep IRS coverage below levels which 

select for insecticide resistance.   If we attribute more fitness costs to adult mortality 

specifically (  increases), then the bifurcation point decreases: When   exceeds 93%, it 

is always optimal (in this scenario) to keep IRS below a level which will select for 

resistance. 

 
FIGURE 1.2: BIFURCATION DIAGRAM OF STEADY STATE INSECTICIDE 

RESISTANCE LEVELS BY FITNESS COST DISTRIBUTION PARAMETER  .

( ) 



 

 

 
FIGURE 1.3: SIMULATIONS OF MALARIA PREVALENCE AND INSECTICIDE RESISTANCE WITH THE IMPLEMENTATION OF AN ECONOMIC 

INSECTICIDE POLICY. (a) Trajectories from to Scenario I (Table 1.1).  Zoomed in portion that optimal steady-state does not eliminate malaria, but 

reduces prevalence to an extremely low level. (b) Trajectories from Scenario II.  Zoomed in portion shows that in this scenario the optimal control induces a 

limit cycle in the long-run.  The interior steady state of the optimally controlled system may only be stable in the sense of being orbited by a stab le limit 

cycle. 
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1.6. Discussion 

By including a more complex depiction of evolutionary fitness costs in an optimal control 

model of malaria vector resistance to insecticides, I have shown that economic 

prescriptions based on such a model can qualitatively vary with the nature of these fitness 

costs.  In the case of malaria control via insecticide spraying, the policy prescription is 

unambiguous about what should be done when insecticide resistance is initially low or 

very high:  Use of insecticides for malaria control should in the long-run be kept at a 

level low enough to prevent selection for insecticide-resistance in mosquitoes.  This is 

established by Proposition 1.1 and can be seen in Figure 1.3a.  

However, when initial levels of insecticide resistance are moderate—arguably, the 

most relevant case in malaria-endemic regions of Africa and Asia—the policy 

prescription hinges on the mechanisms of evolutionary fitness costs in malaria vectors.  

When such costs can be attributed to mechanisms other than adult mortality, the optimal 

control simulations suggest that it may be worth the risk of selecting for superbugs in 

order to reduce malaria in the short-term (Figure 1.3b).  This finding differs from those 

yielded from status quo bioeconomic models of these phenomena.  In the present context, 

the status quo model is captured in Figure 1.3a.   

These findings can be intuited from the following reasoning:  Recall that fitness 

costs associated with adult mosquito mortality should have direct economic benefits since 

higher vector mortality reduces disease transmission.  Thus, when fitness costs convey 

fewer direct economic benefits, the cost-benefit calculus embodied in the economic 

optimization values short-run disease reductions over long-run insecticide efficacy for a 
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wider range of initial insecticide resistance levels.  This can be most clearly observed in 

Figure 1.2, where the threshold insecticide-susceptibility level (the dotted curve) 

decreases as more of these fitness costs are attributable to adult mosquito mortality. 

How poor an approximation is it to oversimplify the role of fitness costs in our 

bioeconomic analyses?  The answer in this case is ―quite poor,‖ at least if we take 

forfeited reductions in present value costs as our measure of ―poorness.‖   Figure 1.4 

presents results from plugging a seemingly optimal policy (SOP), calculated from one 

biological model, into a slightly different biological model, and then evaluating how 

much present value costs increase relative to the optimal policy (OP).  When the SOP is 

based on a biological model in which fitness costs are fully attributable to adult mosquito 

mortality (   ), and the OP’s biological model assumes multiple fitness cost 

mechanisms, increases in present value costs can reach as high as 200% (panel A).  Of 

course, a similar increase in costs occurs when the SOP and the OP are reversed ( Figure 

1.4B). The main point of these panels is simply that misspecification is costly.  

In conclusion, seemingly small details—in this case, the nature of fitness costs—

in biological models of the evolution of insecticide resistance can lead to large and costly 

differences in policy prescriptions.  Maximizing the value of insecticides, and biocides in 

general, requires care in researching how populations evolve following exposure to these 

chemicals.                                     



 

   

 

 FIGURE 1.4: PERCENTAGE DIFFERENCE IN PRESENT VALUE COSTS OF OPTIMAL AND SEEMINGLY OPTIMAL POLICIES    
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2. Lessons from the Kitchen Sink: A Framework for the Economic 
Analysis of Malaria Control Portfolios in Complex Systems 1 

2.1. Introduction   

In sub-Saharan Africa, a handful of interventions have remained the primary tools for 

reducing the high morbidity and mortality burden of Plasmodium falciparum infections 

(Guerra, Snow et al. 2006; Teklehaimanot, McCord et al. 2007).  Although investment in  

research and development of new technologies such as vaccines against the parasite has 

greatly increased, the mass availability of such a vaccine is years away (Girard, Reed et 

al. 2007).  In the near term, proven control methods—such as the widespread treatment of 

malaria cases with current line drugs such as sulfadoxine pyramethamine (SP) or 

artemisinin-based combination therapies (ACTs), the use by households of insecticide-

treated bed nets (ITNs), and the indoor residual spraying (IRS) of residential structures in 

epidemic areas—will remain the primary tools for reducing malaria burden.  Rowe and 

Steketee (2007) suggest that scaling up overall coverage with conventional control 

methods of at-risk populations in sub-Saharan Africa from a prevailing level of 2% to 

over 70% could reduce malaria mortality in the region by 50% leading to a decrease in 

all-cause childhood mortality by at least 12%.  

 With increasing resources being directed at the large-scale deployment of 

conventional interventions, a need has developed for economic analyses of the costs and 

benefits of various types of malaria control ―portfolios,‖ as well as projections of the 

                                              

1
 This research was supported by funding from the National Institute of Environmental Health Sciences, 1 P30 ES-

011961-01A1, and by the Young Scientists Summer Program at the International Institute for Applied Systems 
Analysis (IIASA) in Vienna Austria.  This dissertation chapter is based on a 2010 working paper coauthored with 

Randall A. Kramer and Katia Koelle. 
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costs from obtaining target coverage levels (Hammer 1993; Mboera, Makundi et al. 2007; 

Kramer, Dickinson et al. 2009).  Moreover, the complex, interacting dynamics of vector 

ecology, malaria epidemiology, and human demography require that realistic cost-

effectiveness analyses account for the interaction of the different component 

interventions, i.e. coverage by drugs, ITNs, and/or IRS.  In particular, the combination of 

rapid malaria transmission dynamics with the imperfect monitoring of antimalarial and 

insecticide distribution and use in many areas of sub-Saharan Africa has lead to selection 

both for parasites that are resistant to ―workhorse‖ antimalarial drugs, such as 

chloroquine and SP (Koella and Antia 2003; Laxminarayan 2004; Laufer, Abdoulaye et 

al. 2007), as well as for mosquitoes which are resistant to DDT and many pyrethroids, 

which are the major insecticides used in vector control (Chandre, Darrier et al. 1999; 

Coleman, Sharp et al. 2006; Okoye, Brooke et al. 2007; Reimer, Fondjo et al. 2008).   

Thus, a major question in the formulation of efficient malaria control portfolios is 

how knowledge of multiple resistance dynamics should impact policy.  This paper 

describes an initial analysis of the potential interaction of these factors using simulation 

methods.  By parameterizing and simulating an age-structured and weather-dependent 

malaria transmission model, accounting for drug and insecticide resistance, I examine the 

potential interactions of simultaneously implemented malaria treatment and vector 

control policies.  I evaluate potential interactions in terms of economic costs, as well as 

overall and age-specific malaria prevalence. 
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2.2. Description of a Dynamic Systems Model and Data Sources 

2.2.1. Malaria Burden and Intervention Costs 

To consider the cost-effectiveness of different intervention strategies, I assume that a 

malaria episode incurs a cost of    per unit time, and that the per-person costs per unit 

time of coverage by drugs, nets, and spraying are, respectively,                 and 

     .  Given a discount rate    , fractions     and       of confirmed malaria cases 

which are treated respectively with SP and ACTs, vector control coverage levels       

and     , the present value, annualized cost of malaria inclusive control costs is: 

 

      
 

 
 
 

 
                                     

 

 

                  
 

 

                
 

  
 
 

 
 

      
 

 

 (2.1) 

where   is the policy horizon, and       and       are respectively the density of SP-

sensitive and SP-resistant malaria infections of age  .  Time arguments are suppressed in 

the above for concision. 

 The remainder of the methods section details the construction of a model for the 

dynamics of                  and       . To simulate different combined treatment and 

vector control regimes, a mathematical model using partial and ordinary differential 

equations was created, by combining models from previous studies.  The combined 

model has three components, described below:  1.) malaria infection and treatment, 

incubation, recovery, and quasi-immunity acquisition among an age-structured human 

population, allowing for one drug-sensitive and one drug-resistant strain (8 age-structured 

state variables); 2.) vector ecology and malaria infection and incubation among a 
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homogenous vector population (5 age-independent state variables); and 3.) vector control 

impacts and insecticide resistance accumulation (1 age-independent state variable).  A 

description of these components follows, as well as an explanation of the model’s 

parameterization and the simulation procedure that was used.  The complete 

mathematical formulation of the model is presented in Appendix B. 

2.2.2. Malaria Infection, Treatment, Immunity, and Antimalarial Resistance 

The age-structured human population is compartmentalized according to epidemiological 

status. Individuals are either: 

i. Susceptible  

ii. Incubating 

iii. Infectious and symptomatic 

iv. Recovered 

v. Infectious but asymptomatic 

The interactions between these different compartments, accounting for age structure, is 

displayed in Figure 2.1.  Because we are interested in how the interaction of drug 

resistance and insecticide resistance impact overall prevalence, age-prevalence profiles, 

and intervention costs, we allow for a ―naïve‖ malaria strain which is susceptible to 

treatment using either ACT or SP type drugs and a strain which is resistant to treatment 

using SP but susceptible to ACT type drugs. This amounts to a combination of a model of 

drug resistance by Laxminarayan (2004) and of Aguas, et al’s (2008) model of age-

structured immunity acquisition, additionally accounting for incubation time required in 

the human host.  As in previous malariological models of this sort (Koella and Antia 
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2003; Worrall, Connor et al. 2007; Águas, White et al. 2008), we make the simplifying 

assumption that there is no disease-induced mortality. 

The overall age-specific population density        across all disease 

compartments adheres to the McKendrick differential equation, 
  

  
 

  

  
       where 

     is a profile of age-specific death rates.  The boundary condition is characterized by 

population recruitment:                     
 

 
, where      is a profile of age-

specific fertility rates.  The long-run population density can thus be characterized using 

the Lotka number                 
 
   

 

 
, which is a threshold determining growth 

or decline of the population:      implies long-run stabilization of the population 

(Dilão and Lakmeche 2006).   

In this paper I maintain the assumption that    , by recalibrating human 

mortality rates     .  This assumption is necessary because exponential human population 

growth implies exploding human-vector ratios (in the presence of a bounded vector 

population), which leads to the inevitable elimination of malaria in the long-run.  This 

property of standard vector-borne transmission models was borne out in the simulations 

of the present model; an explanation for this property is provided by Keeling and Rohani 

(Keeling and Rohani 2008). 

The relevant epidemiological threshold in this model is the basic reproductive 

number   , which is heuristically defined as the number of secondary cases resulting 

from the introduction of one individual into an epidemiologically naïve population.  I 

calculate    for our model so that we can compare our estimates with those reported in 



 

41 

other studies, providing one validity check on our model.  The combination of human age 

structure, potential immunity, and vector-borne transmission (see below) make it difficult 

to analytically determine a threshold for whether a stable, endemic equilibrium exists.  

However, a good approximation of    for a susceptible-infected-susceptible epidemic in 

a fully susceptible, age-structured human population is provided by Busenberg, Cook et 

al. (1988).  I adapt these authors’ formula to the present case. (Busenberg, Cook et al. do 

not analyze a vector-borne disease, but their model is a good approximation of vector-

borne transmission, using a transmission rate which correctly aggregates vector-specific 

parameters such as biting rates, etc.) 

Another important epidemiological threshold relates to the spread or decay of 

antimalarial resistance.  For this quantity, I employ a method used by Laxminarayan 

(2004), in which the    of drug-resistant and sensitive strains of Plasmodia are compared 

in the absence of drug coverage.  When there is an evolutionary fitness cost in Plasmodia 

associated with drug resistance, one expects the    of the drug resistant parasites to be 

less than that of the sensitive parasites.



  

   

4
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FIGURE 2.1: COMPARTMENTAL DIAGRAM OF HUMAN EPIDEMIOLOGICAL MODEL.  The solid lines depict the progression of the disease in 

the presence of age structure, as individuals age by a small increment   .  The thick dotted lines capture immunity maintenance, loss, the 

effects of drug therapy, and drug resistance.  The labels describe these flows.  Note that individuals may remain in the same disease class as 

they age, implying some flows which included in our model but omitted from the figure here for easier interpretation. 
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2.2.3. Vector Ecology, Weather, and Infection of Mosquitoes with Malaria 

The purpose of modeling vector ecology here is to link impacts of insecticide spraying 

and nets on the vector population with epidemiological impacts.  Vector ecology in 

reality is influenced by many meteorological and hydrological variables; in the present 

model, we assume that vector ecology is only influenced by weather through temperature 

and precipitation.  I employ a standard characterization of the vector population, with 

density independent and weather dependent recruitment of mosquitoes per unit time 

(Worrall, Connor et al. 2007).   

Vectors’ disease status with regard to the naïve and drug resistant malaria strains 

is either susceptible, incubating, or infectious, amounting to 5 state variables in the 

mathematical model (see Appendix B).  Figure 2.2 diagrams the vector epidemiological 

model.  The key epidemiological variables determining the transition from one state to 

another, as well as whether vectors are exposed to ITNs or IRS, are as follows: 

i. The recruitment rate of mosquitoes, which is assumed to be proportional to 

rainfall (Worrall, Connor et al. 2007). 

ii. The biting behavior for a given mosquito, which determines the rates at which 

mosquitoes transmit/acquire nonresistant and resistant malaria strains to/from 

susceptible/infectious humans.  This includes the biting rate, which is modeled as 

proportional to its reproductive frequency or ―gonotrophic cycle,‖ which is in turn 

modeled as a known function of temperature (Worrall, Connor et al. 2007; 

Keeling and Rohani 2008). 
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iii. The average amount of time required for infected mosquitoes to become 

infectious, a phase known as the sporogonic cycle.  The length of this cycle is 

modeled as a known function of temperature, using data from Teklehaimanot, 

Lipsitch (2004). 

iv. Vector resting and feeding times. Vectors spend their time either (a) resting or 

attempting to lay eggs in insecticide-sprayed areas and hence exposed to IRS, (b) 

attempting to take a bloodmeal on humans and hence exposed to ITNs, or (c) 

doing to neither a or b and hence exposed to neither IRS or ITNs (e.g. feeding on 

non-human hosts or resting away from sprayed areas). 

The vector mortality rate, which depends on a mosquito’s insecticide resistance status 

and insecticide exposure, as detailed below. 

 
FIGURE 2.2: COMPARTMENTAL DIAGRAM OF VECTOR EPIDEMIOLOGICAL MODEL. 

2.2.4. IRS, ITNs, and Insecticide Resistance Dynamics 

The two vector control options in the model are coverage by ITNs and IRS.  The former 

is age-specific (e.g. all children under 5 may only be covered by nets).  IRS coverage 

applies to the population as a whole.  ITNs reduce malaria transmission by increasing the 

mortality rates of exposed mosquitoes which are not resistant to the insecticide, and by 

reducing the frequency of contact between mosquitoes and the protected individuals.  IRS 
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reduces transmission through increasing mosquito mortality among exposed and 

susceptible mosquitoes in the covered household. 

 
FIGURE 2.3: VECTOR MORTALITY BY INSECTICIDE EXPOSURE AND GENETIC RESISTANCE.  

Insecticide resistance was modeled by partitioning mosquitoes into 6 different groups according 

to whether they (a) were exposed or unexposed to insecticides, and (b) were homozygote resistant 

(2 copies of the resistant allele), heterozygotes (1 copy of the sensitive and resistant allele), or 

homozygote sensitive (2 copies of the sensitive allele). 

Insecticide resistance in mosquitoes in the model is characterized by diploid 

genetics.  Vectors are assumed to express one of two alleles—resistant or susceptible—at 

a single locus on a pair of chromosomes.  An example of such a polymorphism in a 

mosquito vector is the ―knockdown resistance‖ gene in A. gambiae.  Average vector 

mortality is a weighted mean of the mortality rates of resistant or sensitive genotypes in 

the presence and absence of the insecticide.  This amounts to a weighted sum of vector 

mortalities in 6 different states.  The relationship of the mortalities in each of these states 

is depicted in Figure 2.3.  In particular, the ordering in the second row of the figure 

captures the possibility of an evolutionary ―fitness cost‖ associated with insecticide 

resistance (e.g. Read, Lynch et al. 2009).  In the model, I also allow fitness costs to come 
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in the form of fecundity differences between resistant and nonresistant genotypes.  This 

representation of how vectors respond to insecticide exposure is a generalization of how 

insecticide resistance is modeled in the literature (e.g. Grimsrud and Huffaker 2004). 

In our model, positive fitness costs imply the existence of a constant, positive 

level of net usage and/or IRS such that the vector population will tend to full insecticide 

susceptibility in the long-run.   Conversely, the absence of such fitness costs implies that 

any positive level of net usage and/or IRS will lead to full insecticide resistance in the 

long-run.  In this case, the absence of net usage and IRS leaves the level of insecticide 

susceptibility stationary, at the initial conditions, or whatever the level of susceptibility 

was when net usage and IRS coverage was set to zero.   

Research on insecticide resistance in agricultural contexts has noted the economic 

importance of fitness costs (Laxminarayan and Simpson 2002; Qiao, Wilen et al. 2008):  

Abstractly, the presence of such costs makes insecticide susceptibility among the vector 

population akin to a renewable resource in standard dynamic economic models (e.g. a 

fishery), whereas the absence of fitness costs implies that insecticide susceptibility is a 

nonrenewable resource, which belong to a different class of economic models.  The 

mathematical formulation for vector mortality and the selection dynamic for resistance, 

including fitness costs are detailed in Appendix B. 

2.2.5. Data and Parameter Sources 

Temperature and precipitation data from Morogoro district, a rural region in southern 

Tanzania, were utilized to model periodic fluctuations in vector recruitment over time, as 
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well as gonotrophic and sporogonic cycling (Teklehaimanot, Lipsitch et al. 2004; 

Worrall, Connor et al. 2007).  

 For the weather data, I fitted temperature and precipitation functions with periods 

of one year to monthly data from the University of East Anglia Climate Research Unit 

(Mitchell and Jones 2005).  The data and fitted curves are displayed in Figure 2.4. 

Fertility and mortality rates, as well population distribution by age for Tanzania were 

obtained from the 2004 Demographic Health Survey for the country (Tanzanian National 

Bureau of Statistics and ORC Macro 2005).  Figure 2.5 shows these data, and fitted 

curves. 

To obtain reasonable values for parameters which are context-specific or for 

which estimates in the literature are unavailable or inapplicable to the present model, I 

used rudimentary data on malaria prevalence by age for Tanzania, available from the 

MARA LITe software provided by the Mapping Malaria Risk in Africa Project (Craig, 

Sueur et al. 2002).  Using the demographic data obtained from the 2004 DHS, the model 

was initialized at the observed population-age density for Tanzania, as well as negligible 

malaria prevalence and simulated forward in time until the dynamic variables—in 

particular the age-prevalence profile—converged to equilibrium (about 30 to 40 years). 
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FIGURE 2.4: TEMPERATURE AND PRECIPITATION FOR MOROGORO, 

TANZANIA. Data source: http://iridl.ideo.colombia.edu/.  Morogoro 

coordinates used: S 7º54’ E 36º54’. 

http://iridl.ideo.colombia.edu/
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FIGURE 2.5: TANZANIAN DEMOGRAPHIC CHARACTERISTICS. Source: Demographic Health 

Survey 2004. 

 

 



  

   

TABLE 2.1: PARAMETERS FITTED TO AGE-SPECIFIC TANZANIAN MARA LITE DATA. 

Symbol Best Fit Description Units 

           
Monthly mosquito recruitment.  Proportional to human population and precip 

(mm per year), as in Worrall, Connor et al. (2007) 

mosquitoes per mm of rainfall  

per person 

        
Recovery rate of untreated, symptomatic infections. 
(SP-susceptible)   

years
-1 

       
Recovery rate of, untreated, asymptomatic infections. 
(SP-susceptible) 

years
-1 

   
      Probability of passing parasites from mosq. to humans. probability 

                        Fraction of exposed immune who exhibit symptoms  fraction  

 

TABLE 2.2: ECONOMIC PARAMETERS. 

Symbol Value used Description Units 

           
Infection cost. Based on value of disability adjusted life years (DALYs) of $150. 
(Ad hoc Committee on Health Research Relating to Future Intervention Options 
1996; Lubell, Reyburn et al. 2008)  

$ per infected per year 

           
Unit cost of IRS coverage.   
See Yukich (2008) and Worrall, Connor et al. (2008)   

$ per covered person per year
 

            
Unit cost of net coverage (long-lasting nets). 

See Yukich (2008) 
$ per covered person per year 

                   
 

 
         

Unit cost of treatment for ACT, cost is halved for children under 5, Wiseman 

(2006)  
$ per covered person per day 

                  
 

 
         Unit cost of treatment for SP, cost is halved for children under 5, Wiseman (2006) $ per covered person per day  

       Standard WHO discount rate for health interventions (Gold, Siegel et al. 1996). Rate per year 

 

 

5
0
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Parameters were then selected which minimized the sum of squared residuals between the 

simulated equilibrium malaria prevalence-age profile and the reports from the MARA 

LITe database.  The resulting equilibrium prevalence-age profile is displayed in Figure 

2.6, and values of the free parameters which were adjusted to achieve this profile are 

presented in Table 2.1.   

 
FIGURE 2.6: TANZANIAN MEAN MALARIA PREVALENCE BY AGE.  The points are from the 

MARALITe database, the solid line is the model’s equilibrium after datafitting, and the dotted 

line, is a shifted gamma function.   
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The long-run population density, not displayed, is virtually identical to the initial 

density (based on data), the result of stabilizing the Lotka number at unity.  While the 

simulated age-prevalence profile is unable to reproduce the reportedly high prevalence 

among older Tanzanian children and teenagers (e.g. a rescaled, shifted gamma 

distribution fits better), the model is able to reproduce the qualitative properties of the 

reported age-prevalence data: Prevalence increases from infancy through early childhood, 

peaking among older children, and then declining, as immunity accumulates in older 

populations. 

Costs of different interventions as well as infection vary greatly across study 

areas.  As with the other parameters, our purpose is merely to employ reasonable 

numbers here; our choices for these numbers are presented in Table 2.2, along with 

references.  The baseline economic cost of a single case of malaria is assumed to be $80, 

which is based on a WHO standard value of a DALY of $150 and a probability of 

complications for a given malaria episode of 0.0075 (Lubell, Reyburn et al. 2008), which 

was assumed constant across ages. The cost of coverage for ITNs (specifically, long-

lasting insecticidal nets or LLINs) was assumed the same as per-person coverage costs of 

IRS.  While the costs of IRS traditionally have been assumed less than the costs of nets 

when expressed in comparable terms, LLINs appear to impart a pure cost advantage over 

ITNs in that they last longer and require less maintenance than traditional ITNs; see 

Yukich (2008).  SP and ACT treatments costs in Tanzania are reported in  (2006). 

To parameterize the component of the model which captures selection for SP-

resistant parasites, I use numbers consistent with the limited empirical literature on this 
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topic (Laxminarayan 2004), which yields a drug-resistant    which is 84% that of the 

sensitive   .  Although in the theoretical model I allow for potential for fitness costs 

associated with the evolution of insecticide-resistance, I make the assumption in the 

baseline parameterization that such costs are nonexistent.  This is in keeping with the 

limited evidence on the topic (Okoye, Brooke et al. 2007).  As discussed above, this 

means that insecticide susceptibility cannot be ―recharged‖ through a suspension of net 

usage and/or IRS.  It also means that initial levels of insecticide resistance could 

dramatically alter results; unless otherwise specified (e.g, in sensitivity analyses), I 

assumed that initial level of insecticide resistance was 15%.  In sensitivity analyses, I 

examine how fitness costs alter the cost-effective portfolios. 

2.3. Simulation Results 

2.3.1. Demographic, Epidemiological, and Evolutionary Thresholds 

The Lotka number corresponding to the Tanzanian demographic data in Figure 2.5 was 

calculated to be 2.2, indicating that high fertility rates have dominated high mortality 

rates in the country, resulting in a rapidly growing population.  As stated above, I want to 

preclude the possibility of an exponentially increasing ratio of humans to mosquitoes.  

Therefore, I calculate an age-constant population ―decay‖ rate, interpretable as an 

emigration rate, which stabilizes the Lotka number at unity.2  For the Tanzanian data, this 

emigration rate is about 3%.  In this paper, I only consider fertility and death rates which 

yield a stable population in the long-run.  Allowing for population growth, and vector 

                                              

2
 This is equivalent to evaluating the inverse Laplace transform of the Lotka number integrand at unity, an operation 

which generally must be done numerically.  The emigration rate was independent of disease status. 
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recruitment to be proportional to the human population, yields essentially the same 

dynamics (see Appendix B).  

 With the epidemiological and vector ecology parameters described in section 2.5, 

I calculate    using the formula from Busenberg and coauthors (Busenberg, Cooke et al. 

1988), yielding a value of 250 when evaluated at middle-range values for precipitation 

and temperature (75mm of rainfall and 21°C).  Across the range of precipitation and 

temperature values in rural, lowland Tanzania (see Figure 2.4), the    can range from 

134 to 1,167.  While it is important to note that this formula is not intended for use with 

the model constructed here (e.g. the model described above accounts for immunity, the 

Busenberg formula does not), it is equally important to emphasize that it is the most 

applicable published result pertaining to the derivation of    for the present model, in 

particular accounting for demographic heterogeneity.  As a comparison, when I input 

estimates of the entomological inoculation rate (EIR)—the number of infectious bites per 

person per year—for Tanzania provided by the MARA LITe database in the   -by-EIR 

graph derived by Smith and coauthors (2007, Figure 2), I retrieve an    range of roughly 

160 to 3,670, which reasonably coincides with our range of estimates, particularly given 

that Smith and coauthors use an entirely different method to estimate    and generate 

their graph.    

When I consider the spread of SP-resistance, I find that the parameterization of 

the clearance rates of the drug-resistant and sensitive malaria strains translates into an 

overall threshold level of SP coverage of less than 1%, above which complete selection 

for the drug resistant parasites will occur in the long-run.  The speed at which this 
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selection occurs, of course, depends on many other model components, including vector 

mortality rates, which are in turn influenced by spraying. 

 Insecticide resistance evolution is more easily characterized in this model, since it 

is independent of the disease dynamics, i.e. malaria transmission and drug therapy does 

not impact the spread of insecticide resistance.  In particular, it is the fitness cost of 

resistance relative to the vector mortality associated with insecticide exposure that 

determines the threshold level of ITN and/or IRS coverage.  Above this threshold, 

selection for insecticide-resistant mosquitoes occurs in the long-run. 

2.3.2. Cost-effectiveness Analysis 

Table 2.3 shows the least-cost portfolio that was found for each of the three policy 

horizons.  Costs for each portfolio are shown in terms of an annuitized amount per capita.  

Under the baseline parameterization, the present value cost of malaria—in the absence of 

any control—is equivalent to a per capita expense of $5.83 per year.  Full coverage of the 

population using ITNs is cost-effective for each of the three policy horizons, in spite of 

strong selection for insecticide resistance (the last column of Table 2.3). 

 I first present results on the relative merits of ITNs and IRS for different policy 

horizons.  While these vector control strategies have symmetric effects on present value 

total costs (Figure 2.7), IRS is a short-term policy, with 60% of households being covered 

by a spray regime under the CEP corresponding to a 5 year planning horizon, and no IRS 

being included in the 10- and 20-year CEPs.  This temporal effect on the allocation of 

resources between ITNs and IRS is due to the accumulation of insecticide resistance and 

the additional mosquito-contact-blocking action of ITNs.  Although resistance is side-
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effect of both ITNs and IRS, as demonstrated in Figure 2.8, the contact-blocking 

attributes of ITNs makes this intervention cost-effective in the long-run.  The 20-year 

CEP still includes full coverage of the population using ITNs, despite nearly complete 

insecticide resistance in the vector population at the end of the policy horizon.  

 

 
FIGURE 2.7: COSTS OF DIFFERENT ITN & IRS COMBINATIONS, 5 YEAR POLICY HORIZON. IRS 

and ITN impacts on costs are very similar here.  Interpolation performed using the MATLAB® 

Surface Fitting Toolbox. R-square of fit is >0.99. 

  



  

   

TABLE 2.3: COST EFFECTIVE PORTFOLIOS (CEPS) BY POLICY HORIZON. 1The parasite ratio here is defined as the overall fraction of the 

population which is infectious, either symptomatic or asymptomatic.  

POLICY 
HORIZON 

VECTOR CONTROL TREATMENT ANNUALIZED 
COSTS PER 

CAPITA 

BASELINE 

ANNUALIZED 
COSTS PER 

CAPITA 

PERCENTAGE 
REDUCTION IN 

COSTS 

TERMINAL STATES 

ITN IRS ACT SP parasite ratio
1 insecticide 

resistance
 

5 years 100% 60% 60% 40% $0.42 $5.83 92% 1.2% 96% 

10 years 100% 0% 80% 20% $0.50 $5.83 92% <0.01% 80% 

20 years 100% 0% 100% 0% $1.91 $5.83 67% 7.5% >99.99% 

 

 

TABLE 2.4: COST-EFFECTIVENESS OF TIME-VARYING PORTFOLIOS, 20 YEAR POLICY HORIZON. 

 

ITN 

coverage 

TIME-VARYING TREATMENT ANNUALIZED 

COSTS PER 

CAPITA SP ACT 

Static 20-year CEP 
from Table 4 

100% 0% 100% $1.91 

Time-varying 
portfolio 

100% 
           

                                     
            

                                     
$1.88 

5
7
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The relative merits of ITNs and IRS in the short- and long-run are clear: On the 

one hand, IRS provides greater mosquito exposure to insecticides than ITNs.  In our 

model, vectors are assumed to rest for 55% of the day and thus exposed to IRS, whereas 

they are assumed to feed for 22% of the time on humans and exposed to ITNs.  

Therefore, in the short-run, IRS reduces malaria transmission more than ITNs.  In the 

long-run, however, mosquito exposure to insecticides matters less and less due to 

evolution of resistance.  As a consequence, the physical protection provided by ITNs 

makes it a more cost-effective vector control in the long-run.  This reasoning depends on 

the operational costs of these 2 interventions, which I have assumed to be equal in this 

analysis (Table 2.3).  

 
FIGURE 2.8: INSECTICIDE SUSCEPTIBILITY WITH 100% ITN COVERAGE. 

Insecticide resistance is initially 15% and climbs to over 95% after 12 years 

of 100% coverage by ITNs. 
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FIGURE 2.9:  COSTS OF DIFFERENT ITN AND ACT COMBINATIONS, 20 YEAR POLICY 

HORIZON. IRS and SP coverage at 0%. Interpolation was performed using the MATLAB® 

Surface Fitting Toolbox. R-square of fit is >0.99.   

Sustainable vector control was also found to depend on and affect drug therapy 

strategies.  Turning to the 20 year CEP, full ITN coverage was found to be cost effective 

regardless of the level of ACT coverage (Figure 2.6).  However, the marginal cost 

reductions from increasing ITN coverage were generally enhanced by ACT coverage ().  

That is, additional ACT coverage generally increased the effects of ITNs.  In terms of 

health outcomes over time, insecticide resistance remains a problem with ITNs as shown 

in Figure 2.8, but this problem is mitigated by dispensation of ACTs (panel A versus B).  

Thus, it is clear from these simulations that drug therapy and vector control strategies are 

closely linked in CEPs:  ACTs enhance the effect of ITNs, and ITNs strongly limit the 
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need—and costs—associated with nearly full coverage of malaria-infected individual 

using ACTs. 

 

FIGURE 2.10: INTERACTIVE COST IMPLICATIONS OF DIFFERENT ITN 

AND ACT COMBINATIONS, 20 YEAR POLICY HORIZON. (A) With ITNs, 

ACTs are cost-effective, but not otherwise. (B) Increased ACT coverage 

decreases the marginal costs of ITN coverage.  Costs here are net of 

avoided malaria. 

A 

B 
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Focusing on parasite resistance to SP drugs, I first note from Table 2.3 that SP use, as 

with IRS, is essentially a short-term drug control strategy:  SP coverage levels in the CEP 

strictly decrease as the policy horizon increases. Figure 2.11 plots the accumulation of 

antimalarial resistance in the model.  The main result shown in this figure is that both 

vector controls and the ACT regime can interact to affect the level of drug resistance for a 

given level of SP coverage.   

 

FIGURE 2.11: ITN-INDUCED INSECTICIDE RESISTANCE IMPACTS ON MALARIA PREVALENCE 

WITH AND WITHOUT ACT COVERAGE. An effective drug strategy can delay the effects of ITN-

induced insecticide resistance on infection levels, i.e. panel (a) as compared to (b). The cycling 

here is due to estimated precipitation profiles for this area (FIGURE 2.4). 

 

A 

B 
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Under high levels of ACT coverage, increased vector control—in this case higher 

ITN coverage—mitigates the problem of drug resistance (Figure 2.11a), whereas at lower 

levels of ACT coverage, the situation is reversed and higher ITN use accelerates the 

accumulation of drug resistance (Figure 2.11b).  This finding is consistent with previous 

modeling studies demonstrating a nonlinearity between transmission intensity and the 

time until emergence and fixation of drug-resistant malaria strains (Hastings 2003; Boni, 

Smith et al. 2008).  In these studies, the immunogenic response in humans makes any 

fitness costs in drug-resistant malaria strains more costly when competing with 

susceptible strains.  Thus, marginal reductions in a high transmission rate—e.g. 

increasing ITN use when ACT coverage is low—enhances the competitiveness of the 

resistant strain.  At a low   , the situation is more intuitive since relatively more cases 

are symptomatic, and so decreasing    decreases the generational turnover of resistant 

strains, delaying the spread of drug-resistance.       

   The age-structure of the model also allows us to consider the demographic 

impacts of the CEPs, as well as to consider interventions which target specific age 

groups.  Under the CEPs, disease reduction impacts appear relatively uniform across age 

groups.  Simulated malaria prevalence under the 20-year CEP (Figure 2.12) shows a 

steep decline within the first year of the program (due to very rapid introduction of the 

interventions), and resurgence in infections occurs around year 12 due to insecticide 

resistance.  During malaria resurgence, however, prevalence remains lower than the 

uncontrolled level, with this effect particularly pronounced at younger ages—where 

prevalence peaks in the uncontrolled scenario (Figure 2.6).   
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FIGURE 2.12: MALARIA PREVALENCE BY AGE OVER TIME UNDER 20-YEAR COST-EFFECTIVE 

PORTFOLIO. 

 I also am able to demonstrate the cost-effectiveness of malaria control portfolios 

which account for both age and time dynamics.  As an example, I take the 20-year CEP 

described in Table 5 and modify it as follows:  I introduce 100% net coverage just as in 

the 20-year CEP, but roll out ACT coverage over the course of 4 months starting with 

infants and moving to older ages Figure 2.13.  Of those malaria cases which are not 

treated with ACTs, 20% are treated with SP.  In practice, such a policy amounts to rolling 

out ACTs in concert with reductions in entomological inoculation rates owing to ITN 

adoption.   This ACT rollout is assumed to start with the youngest individuals and move 

to older ages until everyone is covered.  In this model, such a dynamic portfolio yields a 

1.7% reduction in present value costs relative to the 20-year CEP (Table 2.4).  Again this 
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is not intended as a quantitative prescription for such a policy—i.e. how long and over 

what age groups to roll ACTs out.   Rather, it is intended to use epidemiological 

principles to qualitatively inform how drug policies and vector control efforts may be 

coordinated to achieve reductions in present value costs, in thus case using nets to control 

drug therapy costs while still achieving desired levels of malaria reduction. 

 
FIGURE 2.13: COST-EFFECTIVE TIME-VARYING DRUG POLICIES GIVEN 100% ITN COVERAGE.  

This figure graphically depicts a time-varying malaria control portfolio which was found to be 

cost effective:  Initially, 100% ITN coverage is rolled out along with full coverage with SP drugs 

among symptomatic infections.  As symptomatic infections decrease, due to vector control, ACTs 

begin substituting for SP drugs, first at younger ages before expanding coverage to older children 

and adults. 
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2.3.3. Sensitivity Analysis 

Sensitivity analyses were conducted to examine how the CEPs responded when I varied 

economic and biological parameters one at a time. Table 2.5 displays the CEPs that were 

yielded from these analyses.  In terms of the economic parameters, I find that relatively 

large changes in the economic discount rate have relatively small effects on the CEP, 

although the annualized cost of malaria burden and interventions can vary significantly.  

The assumed cost per case—capturing the total economic burden of disease—has a 

dramatic impact on drug therapies included in a CEP, but no impact on ITN or IRS 

coverage levels:  At the 5- and 10-year policy horizons, drug therapy coverage shifts 20% 

of coverage from ACT to SP, as the cost per case is halved from $80 to $40. 

 The primary biological parameters of interest in this study were those directly 

involved with the evolution of insecticide resistance in mosquitoes and drug resistance in 

the pathogen.  Recall that our baseline simulations did not allow any fitness cost with 

insecticide resistance so that vector susceptibility to insecticides will not re-charge over 

time if insecticide use is suspended.  When I allow for such a fitness cost, suspension of 

insecticide use can lead to increased future efficacy of nets and IRS.  Allowing for such a 

fitness cost in the sensitivity analysis has a dramatic effect on the CEP:  In contrast to the 

baseline CEP, IRS is found to be more cost-effective and sustainable (i.e. coverage levels 

increasing with the length of the policy horizon) than ITN use.  SP use is more heavily 

favored than in the baseline (coverage increases of 0%, 20%, and 40% in the 5, 10, and 

20-year policy horizons respectively).  ACT is less favored in this scenario:  Coverage 

decreases match the increases in SP-use so that overall coverage stays constant.  If I 
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instead omit the fitness cost of the SP-resistant malaria strain, I find predictably that the 

CEP shifts 20% from SP to ACT coverage in the 10-year policy horizons.  The CEPs for 

the 5 and 20-year policy horizons remain unchanged when the drug-resistance fitness cost 

is omitted. 

2.4. Conclusions 

The evaluation of malaria control portfolios based on cost-effectiveness criteria in a 

generalized epidemiological model of malaria supports the overall hypothesis that 

coordination of drug therapy and vector control strategies is necessary to achieve 

sustainable reductions in malaria among at-risk populations.  Evidence from these 

simulations pointing to the efficiency of nets agrees well with many field studies (Guyatt, 

Kinnear et al. 2002; Stevens, Wiseman et al. 2005; Kolaczinski and Hanson 2006; 

Yukich, Lengeler et al. 2008).   

Our findings regarding the ambiguous cost-effectiveness of scaling up ACT is 

somewhat at odds with the literature.  In a Tanzanian study, Wisemen and coauthors 

(Wiseman, Kim et al. 2006) conclude that ACTs are more cost-effective than 

conventional drugs (amodiaquine alone or in combination with SP). These authors 

consider cost-effectiveness in clinical terms and do not consider benefits of reduced 

transmission through prompt and effective treatment; our epidemiological model captures 

this additional benefit.  In theory this additional benefit should enhance the cost-

effectiveness of ACTs, and yet I find that scaling up ACTs alone is not a cost-effective 

malaria control.  However, Wisemen and coauthors also ignore extant vector control 

strategies in their study area, in the case of Tanzania widespread ITN ownership, 
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suggesting use.  Moreover, in our present model ACTs incur a dynamic opportunity cost 

through preventing the acquisition of clinical immunity to malaria.  This is an assumption 

of our model, and as such identifies an important area for field experimentation 

(Langhorne, Ndungu et al. 2008).     

Due to the complicated—and persistent—question of ACT cost-effectiveness, I 

find it helpful to frame our results against another cost-effectiveness analysis of malaria 

interventions by Breman and coauthors (Bremen, Mills et al. 2006).  These authors 

conclude that: 

THE MOVE TOWARD ACT POSES THE MOST DIFFICULT QUESTIONS IN RELATION TO THE LONG-

TERM AFFORDABILITY OF MALARIA CONTROL INTERVENTIONS.  AFTER SCALE-UP, ESTIMATES 

THAT THE ADDITIONAL ANNUAL COSTS OF ACT VERSUS CURRENT FAILING DRUGS RANGE 

FROM US$300 MILLION TO US$500 MILLION GLOBALLY (ARROW, PANOSIAN, AND 

GELLBAND 2004), WITH THE PRECISE AMOUNT DEPENDING ON THE EXTENT TO WHICH ALL 

FEVERS ARE TREATED. … THE INTRODUCTION OF ACT HAS PERMANENTLY CHANGED THE 

ECONOMIC LANDSCAPE OF MALARIA CONTROL.  

My contribution here to this vexing issue is that our model suggests that effective vector 

controls through the use of ITNs or IRS may amount to a switch which enables the cost-

effective use of ACTs.  More specifically, our simulations generate two important 

hypotheses to consider for field testing:  First, whether or not widespread ACT 

dispensation is a cost-effective intervention strategy depends on the level of ITN 

coverage (Figure 2.9 and Figure 2.10A).  Second, the marginal net benefit of ITNs (i.e. 

the reduction in marginal costs) is increased through the concurrent dispensation of ACTs 

Figure 2.9 and Figure 2.10B).  In sum, vector control and ACT coverage are highly 

complementary in our model, a consequence of the epidemiological and insecticide 

resistance dynamics I assume, based on the peer-reviewed literature.   
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 Two other important hypotheses generated from our model pertain to the use of 

SP, for which resistance levels are widespread in Africa and Asia.  First, due to the 

structure of our model, simulations reproduce a prediction from earlier studies that SP-

resistance can be nonlinearly affected by variations in the transmission rate (Hastings 

2003; Boni, Smith et al. 2008).  In our model this nonlinearity is driven by acquired 

immunity to malaria, and the fact that ACT use is assumed to halt the acquisition of 

immunity.  Specifically, vector controls—ITNs and IRS—in combination with specific 

drug therapies can in theory affect the evolution of drug-resistance:  In our model, high 

ACT use makes vector controls have an inhibitory—as opposed to a catalytic—effect on 

the evolution of SP-resistance, suggesting another complementarity between effective 

vector controls and multiple drug therapies. 

 Secondly, I hypothesize that, although a constant SP coverage level became 

decreasingly cost-effective in the CEPs as the policy horizon was extended (Table 2.3 

and Table 2.5), SP (or more generally any cheap, currently effective drug, with a high 

potential for resistance) can in theory be part of a transition to a sustainable, cost-

effective malaria control portfolio.  Specifically, I found that I could improve the 20-year 

CEP for fixed coverage levels by phasing in ACTs gradually over the first year after 

ITNs were scaled up to 100%, and by covering demographic groups not covered by ACT 

with some SP coverage (Table 2.4 and Figure 2.13). However, the cost savings from this 

―dynamic‖ portfolio were relatively small (1.6% relative to the CEP). 

         Our computations also indicate that the relative cost-effectiveness of nets and IRS 

can be heavily dependent on biological parameters, in particular the existence of fitness 
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costs in insecticide-resistant vectors or drug-resistant strains of malaria.  In theory, fitness 

costs should make an insecticide-based vector control more sustainable.  Our model 

parallels this theory by showing that when fitness costs in vectors are present, a longer-

term CEP shifts more resources to more insecticide-intensive vector control strategy of 

IRS and away from ITNs.  Our key assumption generating this result—in combination 

with the presence of a fitness cost—is that vectors spend more time exposed to IRS than 

to ITNs.  Predictably, omitting a fitness cost in drug-resistant malaria strains makes an 

SP-based strategy less sustainable than was found in the baseline scenario (Table 2.5). 

As with any model, there are limitations and possible extensions that need to be 

considered in drawing conclusions from our simulations.  Some of these limitations and 

extensions are addressed in Appendix B.  An important area for research is to examine 

whether the above conclusions remain valid in light of these extensions.  Indeed, even 

when I admit that this study consisted of little more than a computer-aided, back-of-

envelope calculation, it remains useful in this role:  By providing an initial examination 

of the interactions of vector control and drug therapies, I generate refutable hypotheses, 

and identify the biological and economic components of the model that have strongest 

impact on policy prescriptions. 
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TABLE 2.5: UNIVARIATE SENSITIVITY ANALYSIS OF COST-EFFECTIVE PORTFOLIOS (CEPS). 

Magnitudes of parameter changes based on references in appendix. 

PARAMETER VARIED 

(IF ANY) 

POLICY 

HORIZON 

VECTOR 

CONTROL 
TREATMENT ANNUALIZED 

COSTS PER 

CAPITA ITN IRS ACT SP 

Baseline, for comparison 

5 years 100% 60% 60% 40% $0.42 

10 years 100% 0% 80% 20% $0.50 

20 years 100% 0% 100% 0% $1.91 

SENSITIVITY ANALYSIS OF ECONOMIC PARAMETERS 

Discount rate doubled 
(      ) 

5 years 100% 60% 60% 40% $0.44 

10 years 100% 0% 80% 20% $0.56 

20 years 100% 0% 100% 0% $1.67 

Discount rate quadrupled 
(      ) 

5 years 100% 60% 60% 40% $0.49 

10 years 100% 0% 80% 20% $0.69 

20 years 100% 0% 100% 0% $1.32 

Discount rate halved 
(       ) 

5 years 100% 60% 60% 40% $0.40 

10 years 100% 0% 80% 20% $0.48 

20 years 100% 0% 100% 0% $2.05 

Infection cost halved 
               

5 years 100% 60% 40% 60% $0.34 

10 years 100% 0% 60% 40% $0.41 

20 years 100% 0% 100% 0% $1.58 

Infection cost doubled 
                

5 years 100% 60% 100% 0% $0.55 

10 years 100% 0% 100% 0% $0.67 

20 years 100% 0% 100% 0% $2.58 

SENSITIVITY ANALYSIS OF INTERVENTION-RELATED BIOLOGICAL PARAMETERS 

Positive fitness cost of 
insecticide resistance 

             

5 years 80% 100% 60% 40% $0.40 

10 years 60% 100% 60% 40% $0.27 

20 years 0% 100% 60% 40% $0.19 

No fitness cost of drug 

resistance 

(               ) 

5 years 100% 60% 60% 40% $0.42 

10 years 100% 0% 100% 0% $0.52 

20 years 100% 0% 100% 0% $1.94 

Inverted time resting 
versus feeding on humans 
                           

5 years 100% 0% 60% 40% $0.37 

10 years 60% 0% 80% 20% $2.08 

20 years 100% 0% 100% 0% $3.49 

40% decrease in physical 

protectiveness of nets 
        

5 years 80% 60% 60% 40% $0.51 

10 years 100% 20% 80% 20% $2.20 

20 years 100% 40% 0% 20% $4.10 
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3. Assessing Households’ Values of Indoor Residual Spraying 
Programs to Reduce Malaria: A Discrete Choice Experiment in 
Northern Uganda1 

3.1. Introduction 

Indoor residual spraying (IRS) of insecticides on interior surfaces of residential structures 

is currently one of the most cost-effective means of eliminating the mosquitoes which 

transmit malaria (Yukich, Lengeler et al. 2008).  Used since the 1930s and heavily 

emphasized by WHO’s Global Malaria Eradication Program (GMEP) in the 1950s and 

1960s (Nájera 1999), IRS remains one of the most important tools for programs aimed at 

controlling and/or eliminating malaria from areas where the disease is prevalent.   

Although novel methods are being introduced to interrupt malaria transmission, 

researchers expect IRS to continue to be a mainstay of effective malaria control programs 

(Enayati and Hemingway 2010).  Sustaining a high level of community support and 

participation is required for successful IRS operations.  Identifying private costs—

monetary or otherwise—that households associate with IRS is important for increasing 

participation in these programs.  Here I present results from a survey of 612 randomly 

sampled households in northern Uganda assessing the perceived private costs and 

benefits from participating in IRS programs.  

                                              

1
 This research was financially supported by the National Science Foundation under Grant No. 0922392.  Additional 

support was provided through the Duke Global Health Institute, a Graduate School Dissertation Travel Award, and the 
Student International Discussion Group Travel Grant.  This dissertation chapter is based on a working paper coauthored 

with Professor Randall A. Kramer. 
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 Previous social science research of these programs has found high levels of 

community acceptance, but has simultaneously documented a number of concerns among 

target households.  These concerns include a poor understanding of the purpose of IRS 

programs, damaged property, a disruption of household activities, and health-related side 

effects of insecticide exposure.  Based on a qualitative survey of key stakeholders in a 

Mozambican IRS program, Montgomery et al (2010) find that communities did not view 

the programs as effective at reducing malaria, but nonetheless participated in the 

programs due to ―a sense of group-based citizenship.‖  Rodriguez et al (2006) report a 

similar trend, based on a structured, knowledge-attitudes-practices (KAP) survey of 

households in Chiapas, Mexico: 83.7% of survey respondents were enthusiastic about 

IRS, but only 9.1% identified malaria reduction as a benefit of IRS, despite this being the 

principle objective of the program.  Four percent of respondents attributed negative 

health symptoms to IRS, including nausea, coughing, itching, and sneezing.  Govere et al 

(2000) find that 21.4% of survey respondents in a South African IRS program objected to 

their homes being sprayed, and 17.7% complained of property damage resulting from the 

program.      

 While these studies have highlighted important lessons from previous IRS 

programs, there are no published quantitative studies of how households’ perceptions of 

these programs may affect their participation behaviors, nor of the relative economic 

value households place on these programs.  This is important for expanding IRS to new 

communities, for anticipating how support for these programs in currently-enrolled 

communities could change in the future, and for conducting benefit-cost analysis of IRS 
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programs.  In particular, it is important to understand how support for participating in IRS 

programs could change as the risk of contracting malaria declines, ideally to negligible 

levels.  

 To assess the specific costs and benefits of IRS programs as perceived by 

households, I conducted a discrete choice experiment (DCE) in northern Uganda in 2009. 

On the use of DCEs in health economics, both in high and low income settings see 

Mangham, Hanson et al. (2009) and Bekker-Grob, Ryan et al. (2010).   The DCE 

framework provides an incentive-compatible, experimental methodology for quantifying 

the perceived tradeoffs households face when deciding whether or not to participate in an 

IRS program.  It can also provide policymakers with estimates of how tastes for different 

IRS programs attributes, such as the frequency with which households are visited by 

spray teams, vary within a population.  Here I estimate households’ willingness to 

participate in IRS in lieu of an increase in their liquid assets, and compare our findings to 

previously published estimates.     

I find a marginal value of malaria risk reductions which is lower than other stated-

preference studies (Whittington, Pinheiro et al. 2003), but higher than more traditional 

cost-of-illness (COI) estimates (Russell 2004).  I also find evidence that a significant 

proportion of households incur transactions costs through participating in IRS.  

3.2. Study Background   

3.2.1. Indoor Residual Spraying in Northern Uganda 

The study was located in Gulu and Oyam districts of northern Uganda.  Prior to the study 

one round of IRS had been conducted, under the auspices of the U.S. President’s Malaria 
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Initiative (PMI) and the Uganda National Malaria Control Program (NMCP).  During this 

round 135,831 houses in Gulu and 94,876 in Oyam were sprayed between February and 

April 2008 (PMI 2009).  Gulu District was sprayed using a chemical known as ICON 

(lambda cyhalothrin), and Oyam was sprayed using DDT.   

 Based on interviews with the field manager for this round of IRS, the operations 

for a given village were as follows:  After advertising the program through radio and 

consulting with village leaders and local health workers, the IRS team would arrive in the 

village at a designated time.  Households were expected to have their homes unlocked 

with all belongings removed, and to have retrieved 10 liters of water.  IRS workers would 

then inspect the homes to ensure that they were empty, before dissolving a sachet of 

insecticide in their spray tanks using the water provided by the households.   Spraying of 

the surfaces of the residential structures, usually consisting of one- to three-room mud 

huts, and took less than one hour to complete.  Spraying was typically conducted in the 

morning, and households were expected to remain outside of their homes for much of the 

day.  Households were given the choice of whether or not to participate in the IRS 

program.  Based on interviews with IRS workers and focus group participants, 

nonparticipation was uncommon.  Reports suggested that nonparticipation usually 

occurred because household members were absent and their homes were locked. 

3.2.2. Overview of the Study 

The DCE I describe here was part of a cross-sectional household survey conducted in 

northern Uganda between June and December of 2009.  The purpose of this survey was 

to assess households’ perceptions about the burden of malaria and the effectiveness of 
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government IRS programs at reducing the risk of contracting the disease.  In June, 

participants in 6 focus group discussions (FGDs) were recruited via convenience 

sampling from around the headquarters of Gulu District in northern Uganda.  FGD 

participants provided qualitative data on their household’s experience with malaria, and 

with the single previous IRS round that had been conducted in the area.  Participants 

played games of chance designed to elicit risk preferences, assess subjective expectations 

about various risks including malaria, and were also asked to consider a simplified 

version of the choice task that randomly sampled respondents later faced in the DCE.  A 

prototype questionnaire was drafted, and interviewers were trained for one week, before 

pre-testing the survey between October 10th and 20th.  The finalized questionnaire was 

administered in Gulu District and the adjacent district of Oyam during November by 8 

interviewers, with logistical support from 2 field managers and one of this paper’s 

authors.  Data entry was contracted to a survey research firm in Nairobi, Kenya, and was 

completed in December.  The study protocol was granted clearance by the institutional 

review boards at Duke University and Gulu University.  Clearance for the project was 

also granted through the Ugandan National Council for Science and Technology. 

3.3. Methods 

3.3.1. Development of the Choice Task 

The principle research objective of this study was to determine how households’ 

decisions to participate in IRS are affected by attributes of the spray program, including 

the stated effectiveness of the program at reducing malaria risk.  A secondary objective 

was to obtain economic estimates of the value of malaria risk reductions, as reported by 
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at-risk households.   The choice task in the DCE was therefore designed to closely match 

the actual (binary) choice faced by households in the single previous round of IRS 

conducted in the area, as well as to allow a choice between a monetary improvement in 

welfare and a reduction in malaria risk.  Households were given a hypothetical choice 

between receiving a sum of money or participating in one of two IRS programs 

differentiated by a number of attributes. 

TABLE 3.1: DESCRIPTION OF ATTRIBUTES FOR HYPOTHETICAL SCENARIOS IN CHOICE 

EXPERIMENT. a Compensation levels were given to respondents in local currency, reported as a 

percentage of mean household asset value. 

Attribute Description Levels and values 

Malaria risk Fraction of people out of 10 getting sick with 

malaria over the course of one month. 

1/10 to 9/10  

Compensation One-time payment offered to respondent.a  0, 2%, 13%, 26%, 40%, 133%   

Re-sprays Number of times per year that respondent’s 

home would be re-sprayed. 

none (for no IRS program), 

once, or four times per year. 

Insecticide type Type of insecticide that was used in the IRS 

program. 

DDT or ICON 

3.3.2. Development of Attributes 

The attributes included in the DCE were determined based on feedback from the FGDs. 

Participants in these discussions cited a number of factors of IRS programs that were 

important to them.  We used this information and our experience during pre-testing to 

determine 4 attributes to be included in the DCE (Table 3.1).  Due to conditions imposed 

by our Ugandan research permits, I restricted each alternative so that there no 

hypothetical IRS program carried with it a monetary subsidy or fee.  That is, all 

respondents had the choice between some amount of monetary compensation or a spray 

program defined by a level of malaria risk under the program, the frequency of re-
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spraying required, and the type of insecticide that was used.  Therefore this DCE elicited 

respondents’ willingness to accept (WTA) increases in malaria risk in exchange for 

monetary compensation. 

 
FIGURE 3.1: VISUAL AIDS FOR THE DISCRETE CHOICE EXPERIMENT. Interviewers used 3 colors of 

poker chips and a bag of 30 peanuts to visually depict each choice task.  The color of chips was 

used to indicate the type of insecticide used (white = DDT, red = ICON), or whether 

compensation was offered (green chip).  The number of poker chips was used to represent the 

frequency of re-spraying for IRS programs.  The peanuts were used to indicate how many people 

out of 10 would fall ill with malaria over the next month, contingent on the respondent’s choice.  

Respondents were acclimated to these visual aids using prior questions eliciting subjective 

probabilities, allowing respondents to express their perceived probabilities of certain events using 

the peanuts. 

 The survey questionnaire was administered orally in the local Acholi language in 

respondents’ homes by the team of 7 interviewers.  The DCE scripts and questions were 

on page 10 of 24 in the questionnaire (available on request), following a series of 

demographic questions, subjective probability elicitations (Delavande, Giné et al. 2011), 

and a risk game designed by Loomes (1991).  The DCE began with the interviewer 

conveying a set of bulleted facts about IRS programs, and about the insecticides DDT 
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and ICON, to respondents (Appendix C).  Interviewers used a set of visual aids to 

represent the attributes for the three alternatives in each choice task (Figure 3.1). 

3.3.3. Experimental Design 

Based on feedback from focus groups and pre-testing, the possible levels of each 

alternative’s attributes were pre-set (Table 3.1).  The set of alternatives for the 30 choice 

tasks (10 versions of the questionnaire x 3 tasks per questionnaire) was determined by 

maximizing the determinant of the Fischer information matrix assuming a multinomial 

probit model, and subject to the constraints that: (a) the design was orthogonal, and (b) no 

alternatives were strictly dominated in any given task.  This procedure is commonly 

referred to as a D-optimal design (Louviere, Hensher et al. 2000), and was implemented 

in Matlab® 2008 using a grid-search optimization algorithm. 

3.3.4. Data Collection and Questionnaire 

Households were sampled for participation in the survey using a three-stage clustered 

design:  Parishes (administrative units within each district) were selected with probability 

proportional to size (PPS), using population projections from the Ugandan Bureau of 

Statistics (UBOS).  The sampled parishes were stratified between the districts of Gulu 

and Oyam so that 9 parishes were sampled with PPS in Gulu and 6 in Oyam.   One 

village was then selected at random from each parish using lists from the districts’ 

headquarters, and 40 households were randomly selected for interviews within each 

sampled village.  This sampling procedure allowed us to calculate the probability that 

each household was included in the study.  The inverse of these probabilities provided 
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weights for use in the statistical and econometric analysis (Deaton 1997).  Descriptive 

statistics for the sample were calculated using Stata® 10.  All 612 households sampled 

for the exercise agreed to participate. 

3.4. Econometric Analysis 

3.4.1. Random Coefficients Choice Model 

To estimate preferences and economic valuations of IRS program attributes using the 

DCE data, I use a random utility framework (McFadden 1978).  The unobserved utility 

that respondent   perceives from alternative   in choice task   is assumed to be: 

        
          (3.1) 

where     is a vector of attributes for alternative   potentially cross-multiplied with 

characteristics specific to respondent  ,    is a conformable vector of potentially random 

taste coefficients, and      is a random disturbance term which follows some parametric 

statistical distribution. 

 In this paper, I analyze the choice data using a random coefficients logit model, 

also known as mixed logit (MXL), meaning that the disturbances      are identically and 

independently distributed as extreme value.  The taste coefficients are assumed to be 

distributed according to a parametric density function        specified by the analyst, 

where   is a vector of estimable parameters.  The probability that respondent   chooses 

the set of alternatives             over the course of   choice tasks is then: 

       
           

               

 

   

                                               (3.2) 
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where    is the set of alternatives in choice task  .  Using the observed choices in 

conjunction with these modeled choice probabilities, a maximum simulated likelihood 

procedure yields an estimate of   (Revelt and Train 1998).  All econometric results in 

this paper were obtained using Matlab® code available on Kenneth Train’s website 

(Train 2006). 

3.4.2. Estimated Specifications 

All of the alternative-specific and respondent-specific variables are described in Table 

3.2.    The specification for the explanatory variables in the random utility model is 

assumed to be: 

       
           

                                                                                       
  

    

      (3.3) 

The parameters   
   

 and   
    

 are alternative-specific intercepts (ASIs),    is the 

marginal utility of money,    is the coefficient on the            attribute,    is the 

coefficient on the monthly malaria risk attribute (       ). The ASIs are allowed to 

depend on respondent-specific characteristics, with: 

  
 

   
 
 

               
 
                             (3.4) 

where         is a dummy variable indicating whether or not the respondent’s household 

participated in the 2008 IRS round,     
 
 is a dummy variable for whether the 

respondent’s household is located in Oyam District, and   
 
 
       and   

 
 are coefficients 

whose distribution is to be estimated. 
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TABLE 3.2: EXPLANATORY VARIABLES INCLUDED IN THE CHOICE MODELS. 

Variable name Description 

mrisk Malaria risk level 

comp Compensation amount in 10,000 of Ugandan Shillings 

resprays Number of re-sprays per year. 

DDT DDT used in the spray program. Alternative-specific constant. 

ICON ICON used in the spray program. Alternative-specific constant. 

DDTxOyam DDT variable times indicator for whether respondent is in Oyam. 

ICONxOyam ICON variable times indicator for whether respondent is in Oyam. 

DDTxPartic 
DDT variable times indicator for whether respondent’s household 
previously participated in IRS. 

ICONxPartic 
ICON variable times indicator for whether respondent’s household 
previously participated in IRS. 

For the distribution of the taste coefficients, here I consider 4 specifications for the 

density       .  I first estimate a standard conditional logit (CL) model, i.e. with all taste 

coefficients fixed.  I then analyze a heteroskedastic logit (HSL) model which relaxes the 

assumption of homoskedasticity between alternatives by allowing the ASIs   
 
    and 

  
 
     in equation (3.4) to be IID normal, with the restriction that there is no correlation 

between   
 
    and   

 
    .  In model MXL, the covariance between the ASIs is estimated, 

permitting correlation across alternatives.  Additionally,    is permitted to be IID normal, 

which allows the utility of the ―Resprays‖ attribute to vary across the population.  In 

model MXLrestrict, parameters that are not significant at the 10% level in model MXL 

are restricted to be zero.  In Appendix C, an additional, nonnested specification 

(MXLstruct) is estimated using nonlinear transformations of the attributes and 

respondent-specific characteristics, including wealth and income.  This specification—

included for completeness—permits MWTP for malaria risk reductions to decline with 



   

  82  

the net wealth of the respondent.  This specification is justified via a theoretical dynamic 

economic model of household wealth accumulation and malaria risk avoidance. 

3.5. Results 

3.5.1. Descriptive Statistics 

Summary statistics are reported for the entire sample and for the Gulu and Oyam 

subsamples in the table below.  

TABLE 3.3: SUMMARY STATISTICS FOR THE SAMPLE. *** denotes a significant difference between 

the Gulu and Oyam statistics of less than 1%. a Asset value is calculated as the sum-product of 

an inventory of items owned by the household, excluding land, and multiplied by respondents’ 

subjective monetary valuations of those items (i.e. how much they think they could sell those 

items for). b Fraction of respondents reporting their participation in the single, 2008 IRS round in 

Gulu and Oyam districts. 

Variable Full Sample Gulu District Oyam District 

Households sampled 578 345 233 

Mean household size 6.1 6.0 6.3 

Standard deviation 3.2 3.2 2.8 

Value of household assetsa 
         Mean $163 $181 $125 

      Median $75 $70 $82 

Interquartile range ($29 - $197) ($25 - $255) ($37 - $150) 

Money income in past month 
         Mean $37 $40*** $33*** 

      Median $20 $22 $17 

Interquartile range ($7 - $56) ($9 - $65) ($6 - $40) 

Percent participating in IRSb 80% 78% 84% 

 95% confidence interval (76% - 84%) (72% - 84%) (78% - 88%) 

The DCE and questions for household characteristics used in the regressions were 

completed in 578 of the 612 interviews.  The median perceived aggregate value of 

household assets is 3.8 times the median reported monthly household income of $19.91.  

Four fifths of households reported participating in the 2008 IRS round. Shapiro-Francia 
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tests on the weighted sample fail to reject the hypotheses that the asset and income 

measures are distributed lognormally (p-values of 0.22 and 0.32 respectively).  There are 

few significant differences between the Gulu and Oyam subsample statistics, with the 

exception of monthly income:  Households in Gulu district reported significantly higher 

incomes than those in Oyam. 

3.5.2. Econometric Results 

The goodness of fit statistics for the 4 models are shown in Table 3.4, and the estimates 

are in Table 3.5.  According to Akaike and Bayesian information criteria and the LR test 

statistics, the mixed logit models—HSL, MXL, and MXLrestrict—perform significantly 

better than the CL model, in which respondents’ preferences are assumed identical and 

the utilities across are assumed homoskedastic and uncorrelated.  All of the models imply 

significant variation in respondents’ perceived costs and benefits of IRS, beyond malaria 

risk reductions.    

Some of this variation can be traced back to observable attributes of the 

alternatives in the DCE or to observed variation in respondents’ characteristics.  All 

models imply that a heightened frequency of spraying was perceived by the average 

respondent as beneficial, as indicated by the significantly positive resprays coefficient in 

each model.  Respondents who had actually participated in the single previous IRS round 

were significantly more likely to opt for IRS over monetary compensation in the DCE, as 

opposed to those who had no direct experience with actual IRS programs.  Respondents 

in Oyam District were much less likely to opt for IRS over money than their Gulu District 
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counterparts, as indicated by the negative and significant coefficients on the DDTxOyam 

and ICONxOyam variables. 

TABLE 3.4: GOODNESS OF FIT STATISTICS FOR ESTIMATED MIXED LOGIT MODELS.  

Significance levels of LR test statistic: *** = 1%.  Note that the insignificance of the LR 

test stat in the last column favors the restricted model in that column.  Maximum 

simulated likelihood performed using 2400 Halton draws per respondent and the 

fminunc optimization routine in Matlab® 2008. 

 CL HSL MXL MXLrestrict 

Log-likelihood -1288.7 -1201.0 -1096.9 -1097.2 

Pseudo–R2 0.27 0.32 0.38 0.38 

Total respondents 578 578 578 578 

Total choice tasks 1732 1732 1732 1732 

Num. Parameters 9 11 13 10 

AIC 2595 2424 2220 2214 

BIC 2645 2484 2291 2269 

LR test stat  177.07*** 11.81*** 0.68 

 However, the progressively better fit of the HSL and MXL models, as well as the 

significant standard deviations of the random coefficients estimated in these models, 

implies nontrivial variation in respondents’ preferences for IRS programs in general, and 

for the frequency of re-spraying in particular.  In the best performing model 

(MXLrestrict), the point estimates of the parameters imply that at least 20% of Gulu 

respondents possessing prior experience with IRS would perceive some type of 

transactions cost to participating in an IRS program using the insecticide DDT applied 

twice a year; this number climbs as high as 48% when I turn to Oyam district, ICON is 

instead considered, and no prior experience with IRS is assumed (Table 3.6).   



   

  

TABLE 3.5: MIXED LOGIT RESULTS. Significance levels of estimated coefficients: * = 10%, ** = 5%, *** = 1%.  A ‚--‛indicates the parameter 

was restricted to be 0 for that model.  Note that estimating the standard deviation of the coefficient on ‚DDT+ICON,‛ while restricting this 

coefficient to have mean zero, is equivalent to estimating the covariance between the alternative-specific intercepts   
 
    and   

 
     in 

equation (3.4).  

  
CL HSL MXL MXLrestrict 

Variable 
 

Coefficient Std. error Coefficient Std. error Coefficient Std. error Coefficient Std. error 
mrisk  -1.1345*** 0.1652 -1.1318*** 0.2276 -2.0082*** 0.3277 -1.9929*** 0.3225 

comp  0.0033*** 0.0008 0.0051*** 0.0013 0.0093*** 0.0023 0.0089*** 0.0023 

resprays Mean 0.5814*** 0.0278 0.7811*** 0.0398 0.7718*** 0.066 0.7874*** 0.0632 

 Std. Dev. -- -- -- -- 0.4151*** 0.0828 0.4275*** 0.082 

DDT Mean -1.1602*** 0.2005 -1.0376*** 0.3711 0.6787 0.728 -- -- 

 Std. Dev. -- -- 2.4036*** 0.216 1.5065*** 0.2993 1.5657*** 0.2729 

ICON Mean -1.2582*** 0.2037 -1.0485*** 0.3359 0.7924 0.7143 -- -- 
 

Std. Dev. -- -- 1.8022*** 0.2125 0.0937 0.4159 -- -- 

DDT+ICON Mean -- -- -- -- -- -- -- -- 

 Std. Dev. -- -- -- -- 3.8900*** 0.4848 3.7250*** 0.4228 

DDTxPartic  0.6070*** 0.2012 0.8053** 0.3831 1.4135** 0.6555 1.8672*** 0.4959 

ICONxPartic  0.6577*** 0.1949 0.7032** 0.3234 1.0634* 0.6256 1.6194*** 0.4804 

DDTxOyam  -0.4999*** 0.1834 -0.7769** 0.3422 -1.5228*** 0.576 -1.3469** 0.5371 

ICONxOyam  -0.6514*** 0.1729 -0.9457*** 0.2875 -1.6066*** 0.5483 -1.4177*** 0.5075 

 

8
5
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The majority of these transactions costs come from sources other than the frequency of 

re-spraying.  While models MXL and MXLrestrict suggest that there is significant 

variation among the population regarding the costs and benefits they perceive from more 

frequent rounds of IRS, point estimates suggest that 97% of respondents view a higher 

frequency of spraying as a positive attribute of an IRS program, independent of impacts 

on malaria risk. 

TABLE 3.6: FRACTION OF POPULATION PERCEIVING NONMONETARY COSTS FROM IRS WITH 

2 ROUNDS PER YEAR.  Example calculation:  The values in the 2nd row of this column are 

computed:  
                                             

where      is the standard normal probability distribution function, and: 

   
  

      
             

                           
        

     
               

 
          

 

 

where    
  is the estimated mean of the coefficient on variable   and    is the estimated 

standard deviation on variable  .  Point estimates from TABLE 3.5 are used for all 

computations in this table. 

 

CL HSL MXL MXLrestrict 

DDT, prior participation, Gulu 0% 29% 19% 20% 

DDT, prior participation, Oyam 0% 41% 31% 31% 

ICON, prior participation, Gulu 0% 25% 19% 20% 

ICON, prior participation, Oyam 100% 44% 32% 32% 

DDT, no prior participation, Gulu 0% 41% 31% 35% 

DDT, no prior participation, Oyam 100% 54% 45% 48% 

ICON, no prior participation, Gulu 100% 39% 29% 34% 

ICON, no prior participation, Oyam 100% 60% 44% 48% 

3.6. Discussion 

The results from our experiment shed light on the distribution of preferences and the 

perceived value of IRS programs and malaria risk reductions in a population which (a) 

faces some of the highest levels of malaria risk in the world and (b) has experience with 

previous IRS.  The DCE method allows us to experimentally identify the value that 
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households place on malaria risk reductions and on secondary benefits and costs of 

participating in IRS.  Respondents’ stated choices implied significant transactions costs to 

participating in IRS.  Point estimates from the best performing model suggest that at least 

20% of households would incur significant costs from participating in future IRS 

programs.   

I also find that households place significant value on malaria risk reductions.  A 

point estimate of marginal willingness to accept (MWTA) increases in malaria risk can 

be found by dividing the mrisk coefficient by the comp coefficient.  In a utility model 

where the monetary attribute enters linearly, as is the case here, WTA is equivalent to 

WTP for small changes in risk.  For nonmarginal changes in risk, theory implies that 

WTA > WTP.  Appendix C makes a formal distinction between WTA and WTP by 

allowing for wealth effects in the marginal utility of money.  Here, I rely on our MWTA 

measure as an indication of the unit value of malaria reductions. 

Confidence intervals for MWTA are shown in Table 3.7.  The simulated 

distribution of this statistic implies that a typical household head in the sample would be 

willing to forego an estimated $10 (95% C.I. $6 —$19) boost in household wealth in lieu 

of a permanent 1% decrease in the monthly risk that a given person is infected with 

malaria.2  This amounts to 7% of the mean subjective value of household assets, and 14% 

of an average household’s imputed annual income.                      

Other studies calculating the economic value of reductions in malaria usually 

estimate a value per malaria episode avoided, which can be converted to the measure 

                                              

2
 All dollar amounts in this paper are expressed in USD2010. 
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used in this study via a formula in Appendix C.   Whittington, Pinheiro et al. (2003) 

found a WTP of $17 for a complete elimination of malaria risk for one year, based on a 

contingent valuation (CV) survey in a setting (Mozambique) where actual malaria risk at 

the time of the survey was 0.6 cases per person per year, equating to roughly a 5.5% 

probability of infection in an arbitrary month.  Given a 10% percent discount rate, this 

estimate implies a marginal willingness to pay (MWTP) of $20 for a permanent 1% 

reduction in malaria risk— higher than our estimate.  At a 3% discount rate, the MWTP 

based on Whittington et al.’s results climbs to $67.  Cropper, Haile, et al. (2004) report 

results from a CV study in Tigray, Ethiopia and find a value of malaria risk reductions 

which translates into a MWTP of $46 given a 10% discount rate and $154 for a 3% 

discount rate, amounting to 116% and 385% of per capita household income (as reported 

by the study). 

Thus, our stated preference estimate of the value of malaria risk reductions in 

northern Uganda is significantly lower than Whittington et al.’s comparable estimates for 

Mozambique and Cropper et al.’s estimates for Tigray, Ethiopia.  This difference could 

be due to income and/or wealth differences between the 2 study areas.  The difference in 

estimates could also be due to methodological differences between the studies: 

Whittington et al. did not assess respondents’ subjective expectations of malaria risk, to 

compare with actual risk levels.  Our study includes risk levels as an attribute of each 

hypothetical alternative in the choice task.  Quantifying the gap between actual and 

perceived risk in different contexts identifies an important area for future research on 

agents’ decisions in the presence of uncertainty about health and/or economic outcomes. 
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TABLE 3.7: WILLINGNESS TO ACCEPT A 0.01 INCREASE IN MONTHLY PROBABILITY OF ILLNESS 

DUE TO MALARIA.  The statistic reported here is: 

                          
        

       
                     

where     is the estimated coefficient on variable  .  The means and 95% confidence intervals for this 

statistic in each model were calculated using 2.5 million draws of the coefficients from a multivariate 

normal distribution using the estimated parameters as the mean vector and the estimated covariance 

matrices from each model.  All prices are in 2010 USD. 

 CL HSL MXL MXLrestrict 

Mean $15.90 $10.34 $9.92 $10.36 

95% confidence  ($9.02 — $29.18) ($5.21 — $20.13) ($5.71 — $17.92) ($5.89 —$18.94) 

In contrast, the estimates from the present study are higher than most traditional 

cost-of-illness (COI) measures of malaria burden.  In his review of COIs estimated for 

malaria, HIV, and tuberculosis, Russell (2004) documents COI estimates of between 

$2.74 and $9.67 per malaria episode (Table 3.8).  At a 10% discount rate these figures 

translate roughly into a MWTP of between $2.90 and $11.73 per permanent 1% reduction 

in monthly malaria risk per person, or about 1-2 percent of per capita income.  

Whittington, Pinheiro et al. also calculate a COI for their Mozambican study area, which 

translates into a marginal value of between 4-10 percent of per capita income.  While the 

difference between our MWTA estimates and the COIs reviewed by Russell could again 

be due to socioeconomic differences between the study areas, the evidence suggests that 

our stated preference measure of MWTA is higher than the range of COI estimates, a 

finding which is consistent with Whittington, Pinheiro et al.’s study.  A divergence 

between COI and stated preference estimates of MWTA for malaria reduction should be 

expected:  COI estimates are generated by valuing specific components of illness, 

including treatment costs and ―the productive time lost due to illness‖ (Russell 2004).  On 

the other hand, valuation methods based on stated or observed choices should in theory 
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account for all of the components of COI estimates (at least all of those which the 

household considers relevant), including the pain and suffering experienced during a 

malaria episode.    

I have found that households place a significant value on reductions in the risk of 

malaria infection, even though a significant fraction of households perceive transactions 

costs from participating in IRS, effectively constituting an implicit fee for IRS 

participation.  At the same time, infectious disease modelers have illustrated the potential 

for a divergence between public and private benefits of households’ participation in IRS 

(Chitnis, Schapira et al. 2010).  Rational households will participate in IRS programs if 

and only if they perceive the gains from participating to outweigh the costs.  Because the 

malaria reduction benefits of IRS accrue to neighboring households, the presence of 

sufficiently large transactions costs from IRS would lead to inefficiently low levels of 

participation.   

My findings, in conjunction with this public good aspect of malaria prevention, 

lead to a policy recommendation of providing additional incentives to households for 

participating in IRS programs.  The next chapter in this dissertation calculates the 

magnitude of such an incentive by coupling the behavioral models presented in this study 

to an epidemiological model of malaria transmission. 

 



   

    

Cost per episode Reference Method Location 
Cost of 1% increase in monthly 

malaria risk 
Percent of per capita income* 

$0.85 (1% discount rate) 

This study DCE 
Gulu/Oyam, 

Uganda 
$10 

14% (sample) 

$2.56 (3% discount rate) 6% (World Bank) 

$8.53 (10% discount rate) 
 

    
Discount rates Discount rates 

    
1% 3% 10% 1% 3% 10% 

$2.74 Russell (2004) direct COI Ghana (urban) $33 $11 $3 6% 2% 1% 

$9.67 Russell (2004) direct COI Ghana (rural) $117 $39 $12 22% 7% 2% 

$4.87 Russell (2004) direct COI Ghana (rural) $59 $20 $6 11% 4% 1% 

$4.30 Russell (2004) direct COI Sri Lanka (rural) $52 $17 $5 5% 2% 0% 

$6.05 
Whittington 

(2003) 
COI Mozambique $73 $25 $7 36% 12% 4% 

$9.43 
Whittington 

(2003) 
COI Mozambique $115 $38 $11 56% 19% 6% 

$16.51 
Whittington 

(2003) 
CV Mozambique $200 $67 $20 97% 32% 10% 

$9.52 Cropper (2004) COI Ethiopia $116 $39 $12 289% 96% 29% 

$32.64 Cropper (2004) COI Ethiopia $396 $132 $40 990% 330% 99% 

$38.08 Cropper (2004) CV Ethiopia $462 $154 $46 1156% 385% 116% 

9
1
 

TABLE 3.8: COMPARISON OF VALUES OF MALARIA RISK REDUCTIONS.  *Incomes used to calculate values in these columns were 

as follows:  For this study, I use income measure from the sample of survey respondents (likely a lower bound) and the estimates 

for 2009 income per capita from the World Bank, which is for Uganda as a whole and is thus an upper bound. Income for the 

Russell and Whittington estimates is from the World Bank, and the Cropper reports imputed income for their sample. APPENDIX 

C explains the conversion method for obtaining cost per episode from cost of risk increase. 
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4. Predicting the Impacts of Cash Incentives for Participation in 
Malaria Prevention Programs 

4.1. Introduction 

THE GOAL SOUGHT IS TO MAKE EASY PRACTICAL MEASURES TO PROMOTE WELFARE—

PRACTICAL MEASURES WHICH STATESMEN MAY BUILD UPON THE WORK OF THE ECONOMY, 

JUST AS MARCONI, THE INVENTOR, BUILT UPON THE DISCOVERIES OF HERTZ. 

      - A.C. Pigou (1920) 

Economic theory has illustrated a variety of cases in public and environmental health 

where the aggregation of individually rational behaviors may not be optimal from a 

societal standpoint.  One such case arises when incentives faced by private agents for the 

prevention of an infectious disease may not lead to an outcome which is efficient from 

the perspective of a social planner.  In theory, a rational, self-interested agent would not 

consider the effect of her disease prevention efforts on reducing the spread of infection to 

other agents.  As is well known, this generates the potential for a positive externality 

arising from dynamics which are peculiar to infectious diseases (Gersovitz and Hammer 

2004; Gersovitz and Hammer 2004; Althouse, Bergstrom et al. 2010).  A social planner 

who recognizes that one individual’s prevention decisions have implications for 

everybody’s risk of infection, and who is concerned with the welfare of all agents, would 

seek to induce higher levels of individual preventative effort.  The standard policy 

prescription in this case is a subsidy rewarding preventative effort (Pigou 1920). 

 This chapter quantifies the magnitude of a Pigovian subsidy/tax aimed at 

eliminating a disease externality in a specific applied setting: the prevention of malaria 

through the spraying of insecticides on the surfaces of homes to eliminate the mosquito 
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vector which transmits the pathogen.  This method is known as indoor residual spraying 

(IRS).  I study the potential gains from such a subsidy for IRS by coupling an 

econometric model estimated from a discrete choice experiment conducted in northern 

Uganda in 2009 (see Chapter 3) with an epidemiological model calibrated to published 

estimates of malaria exposure in northern Uganda and the biophysical impacts of IRS.  

 My aim of computing efficient incentives to correct a positive externality from 

infectious disease prevention also contributes to contemporary research in development 

economics on using conditional cash transfers (CCTs) to promote public welfare 

(Rawlings and Rubio 2005).  The Pigovian subsidy/tax discussed above is one type of 

CCT.  While some researchers in this area have have highlighted the potential efficiency 

gains from subsidizing malaria prevention (Dupas 2009), attempts to estimate the 

magnitude of infectious disease externalities (Miguel and Kremer 2004)—and the size of 

CCTs designed to correct them—remain essentially divorced from the biological 

processes which determine the extent to which prevention efforts can reduce disease at 

the level of the community and the individual.   

Among epidemiologists, the effects of malaria prevention are known to be highly 

nonlinear (O'Meara, Mwangi et al. 2008) and to depend on the timescale of the 

intervention (see Chapter 2).  Consequently, epidemiologists have long recognized the 

need for mathematical models of malaria transmission for extrapolating from clinical data 

to formulate public health policy (Smith and McKenzie 2004).  Currently available linear 

regression estimates from randomized, controlled trials (RCTs) of different prevention 
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techniques may therefore be unsuitable for the formulation of policies to achieve 

sustainable and economically efficient reductions in the burden of disease. 

One of my main contributions here is to explicitly incorporate models of the 

biological processes involved in malaria transmission in the service of computing optimal 

CCTs tied to an IRS program in northern Uganda, under a range of epidemiological 

scenarios.  Even when the operational costs of IRS are fully absorbed by the sponsoring 

agency (the status quo for IRS programs), I find that a nontrivial CCT system of subsidies 

for households that participate in IRS and levies on households that do not participate is 

warranted in situations where IRS is known to be effective at reducing clinical incidence 

(and not just households’ malaria exposure).  I find that CCTs would not be as beneficial 

in situations where IRS is less effective at reducing the expected number of patent 

malaria episodes.  In scenarios where CCTs are justified, I find that the optimal levy per 

round on nonparticipating households can exceed 30% of the imputed value of 

households’ assets, whereas the optimal subsidy for participating households can be as 

high as 5% of asset values. 

4.2. Methods  

4.2.1. Theoretical Model 

 The analytical framework is based on the ex-post expected utility of a household 

conditional on participating (  ) in a given IRS program or not (  ): 

                        

                        
(4.1) 
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where      is a conventional utility function,        and        are the expected number 

of malaria illnesses per unit time conditional on IRS participation and nonparticipation 

respectively,   is a measure of household net wealth,    and    are conditional cash 

transfers (CCTs),   is a vector of IRS program attributes,1 and   is a vector of random 

utility parameters.  The first derivatives of these utility functions are hypothesized to 

satisfy               and                 .  

 Because this study’s research aim is normative, a measure of welfare is necessary.  

I consider the expected ex-ante utility from an average household before it has decided 

whether or not to participate in the IRS program.  That is, the welfare measure used here 

is:      

                 (4.2) 

where   is a Bernoulli random variable taking a value of 1 when a household participates 

in the IRS program and 0 otherwise.   

Suppose that the utility parameters   are distributed according to a probability 

density function (pdf)       , conditional on a vector of hyperparameters  .  

Furthermore, set     whenever       and 0 otherwise:  The household is assumed to 

participate in the IRS program whenever its ex-post utility from participating exceeds that 

from not participating.  Then welfare can be written as a function of conditional malaria 

risks, CCTs, net wealth, and the hyperparameters governing the distribution of tastes, i.e.  

                                              

1
 Without loss of generality, the attributes of ―not participating‖ can be normalized to   in this study. 
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                              .  The policymaker’s objective is to maximize this 

welfare measure subject to 3 constraints.  

The first constraint is biophysical in nature. It translates aggregate IRS 

participation levels into malaria risks, conditional on individual IRS participation: 

               

               
(4.3) 

where    and    are functions mapping a given level of IRS participation   and a 

vector of epidemiological parameters   to an expected number of malaria illnesses per 

person per unit time for sprayed and unsprayed households respectively.  Thus, this 

constraint embodies the disease externality described in the introduction, for although 

increasing levels of IRS participation will provide greater public benefits to the 

community, self-interested households will participate only after given sufficient private 

gains from doing so.  An intuitive measure of private gains from IRS is        

                 .   Assuming IRS effectively reduces malaria, we have 

         and         , i.e. higher community-level IRS coverage decreases 

malaria risk.  However, it is unclear how the private gains from IRS change with 

increasing coverage at the community-level, i.e. the sign of       is ambiguous without 

imposing further structure.  

The second constraint imposes an epidemiological equilibrium, such that the 

expected IRS participation level throughout the community is equal to the probability of 

a random household participating in IRS given the conditional malaria risks determined 
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in the epidemiological model.  Define                 .  After substituting 

equations (4.1) and (4.3) into this definition, this constraint can be written as: 

                                 (4.4) 

Application of the Intermediate Value Theorem guarantees the existence of a   satisfying 

this equation, as long as    .   Uniqueness of an epidemiological equilibrium requires a 

stronger property:  

PROPOSITION 4.1: If 
  

   

   

  
 

  

   

   

  
   on the domain        , then there exists a 

unique   satisfying equation (4.4), and for such   we have          and         . 

Proof of the proposition is included in Appendix D. 

The last constraint requires the CCT system to be self-financing on average. 

Therefore, any subsidies for IRS participation must be paid via levies on households that 

choose not to participate:  

              (4.5) 

 I thus consider a policymaker who seeks a system of CCTs    
    

    and an IRS 

participation level    which maximizes the welfare function in equation (4.2) subject to 

the epidemiological system in equation (4.4) and the budget constraint in (4.5): 

   
    

                   
       

                               

  

such that:                                     

                 

(4.6) 

A solution to this problem exists under general conditions, as shown in Appendix D. 
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4.2.2. Data and Empirical Approach  

The economic data for this study comes from a household survey of 15 villages 

conducted in the adjacent districts of Gulu and Oyam in northern Uganda (Figure 4.1).   

The survey was designed to elicit knowledge, attitudes, and practices of households with 

regard to malaria prevention and treatment-seeking behavior.  It included questions on 

these topics, as well as information on household size (Figure 4.2B), geographic location 

(Figure 4.2C), and economic welfare (Figure 4.3).   The survey included a discrete choice 

experiment (DCE) of a household head’s decision whether or not to permit a 

government-sponsored team to spray their home with insecticides to prevent malaria.  

See Chapter 3 for a description of the household questionnaire, sampling methodology, 

the DCE, and the econometric methods used.   

Prior to the collection of the survey data, one round of IRS had been conducted in 

Gulu and Oyam districts of northern Uganda, under the auspices of PMI and the Uganda 

National Malaria Control program (NMCP). Chapter 3 provides more background on IRS 

operations in northern Uganda. 

The welfare-maximizing CCTs    
    

   in equation (4.6) are functions of the 

behavioral parameters   and the epidemiological parameters  .  As such, the optimal 

CCTs are subject to any uncertainty in these parameters.   In the econometric analysis, a 

functional form for utility      and the pdf for random tastes        is specified. A 

maximum simulated likelihood procedure (Revelt and Train 1998) using the DCE data 

from the household survey then provides an estimate of the mean behavioral parameters 

   and corresponding covariance matrix  . Since our sample is representative of the 
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population in the 2 surveyed districts, asymptotic theory implies that   is distributed 

approximately normal with mean    and covariance  , i.e.          . 

 
FIGURE 4.1: MAP OF THE SURVEYED VILLAGES. 

The epidemiological component of this analysis provides a model for the risk functions 

        and        . My approach uses current epidemiological modeling 

techniques to combine data on the rainfall (Love 2002) and spatial structure  (Figure 

4.2C) of the 15 surveyed villages, with published estimates on IRS impacts (Shaukat, 

Breman et al. 2010, henceforth "SB") and malaria exposure in this region of Uganda 

(Okello, Bortel et al. 2006, henceforth "OVB").  The functional forms for       and 

      and calibration of epidemiological parameters   are detailed below. 
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FIGURE 4.2: POPULATION SIZE AND SPATIAL DENSITY IN THE SAMPLED VILLAGES. Error 

bars, where present, represent one standard deviation above and below the circled sample 

average. The averages in panel C were calculated by arranging the distances between the 

sampled households in a symmetric matrix and calculating the average of the entries in the 

lower triangular portion of this matrix (excluding the diagonal). Distances were calculated 

using GPS coordinates gathered in the household survey. 

  The published studies on which   is based do not provide information to infer the 

statistical distribution of  .  To incorporate uncertainty in the epidemiological 

parameters  , I therefore conduct sensitivity analyses on my results, by sampling   from 

a bounded parameter space  . This sample space consists of 18 points; its construction is 

detailed below.     

Village indices for subsequent figures 
1. Abanya 
2. Acan Pii 

3. Amwa TC 
4. Apurungo 
5. Awere Road 

6. Peya 
7. Gulu PTC 
8. Gulu Prisons 
9. Iriaga Central 

10. Keto 
11. Lapinyoloyo 
12. Adebe 

13. Otada A 
14. Oturoloya 
15. Romkituku 
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To summarize the empirical approach, I take a large number of draws    from 

       , and 18 draws of    from  ,  and then compute the optimal    
    

              
 

solving equation (4.6) for each        .  I report the mean and 95% confidence interval 

of the optimal CCTs for each of the 15 villages sampled in the household survey under 

each of the 18 epidemiological scenarios   . 

 
FIGURE 4.3: HOUSEHOLD WEALTH AND INCOME BY 

SAMPLED VILLAGES. 

4.2.3. The Econometric Specification for Household Utility 

In brief, the choice model adheres to a random expected utility framework (Gul and 

Pesendorfer 2006).  The model assumes that the uncertain outcome facing the household 

head in deciding whether or not to participate in an IRS program is the amount of time an 

arbitrary person will be ill with malaria over the interval until the next round (and the 

next participation decision).  I use the subscript   to index households, and   to index the 

IRS program (to allow an analysis of different programs).  Random utility from 

participating in program   is: 
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        (4.7) 

where    is the interval of time (in years) between spray rounds in program  ,     is CCT 

made to (from) households which participate in program  ,       and        are dummy 

variables for whether program   uses the insecticides DDT or lambdacyhalothrin (ICON), 

and      is noise distributed as Extreme Value Type I.  The parameters  ,  ,   
   , 

  
    , and    determine respondent  ’s relative tastes for different attributes of IRS 

program  , including risk reductions. In particular,   can be interpreted as the total 

perceived cost (in terms of utility) resulting from a single malaria episode.  The 

parameter         also determines tastes by dictating how utility changes with changes 

in monetary welfare.  The terms   
    and   

     are decomposed as: 

  
 

   
 
 

   
 
                             (4.8) 

where     
 
 is a dummy variable for whether household   is located in Oyam District 

(one of 2 districts that were surveyed), and   
 
 
 and   

 
 are taste parameters.  Random 

utility from not participating in program   is: 

           
        

     

   
      (4.9) 

where      is noise distributed as Extreme Value Type I and     is a CCT made to (from) 

households which do not participate in program  . 

In the above utility specification, the taste parameters                      are 

assumed fixed, whereas the taste parameters       
 
      

 
      are random.  The random 
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parameters are assumed to follow a multivariate normal distribution, the mean and 

covariance for which is to be estimated along with the fixed taste parameters.  The noise 

terms      and      do not depend on any estimable hyperparameters.  Chapter 3 provides 

estimates of the hyperparameters  ; these are shown Table 4.1.  All of the nonzero 

numbers in this table constitute components of the estimated vector of hyperparameters 

  .  The covariances of these estimates was also obtained from the econometrics, and 

these covariances were used to calculate the significance levels shown in this table. 

TABLE 4.1: ECONOMETRIC ESTIMATES OF BEHAVIORAL PARAMETERS.  The left column of the 

table comprises the random parameter vector   introduced in (4.1). The distribution of these 

parameters in the population of households is determined by the estimated hyperparameters  , 

which are the remaining entries in the table.  A *** and * on the numbers reflects statistical 

significance of 1% and 10% respectively.  A ‚--‛ indicates that hyperparameter was restricted to 

be 0 in the estimation. See APPENDIX C for details on the structural econometric model. 

Param 
    

Mean 
Covariance matrix 

                        
 
      

 
     

  -1.67*** -- -- -- -- -- -- -- -- 

  0.06*** -- -- -- -- -- -- -- -- 

  0.37* -- -- -- -- -- -- -- -- 

      -1.41*** -- -- -- -- -- -- -- -- 

       -1.48*** -- -- -- -- -- -- -- -- 

   1.06*** -- -- -- -- -- 0.32*** -- -- 

  
 
    1.78*** -- -- -- -- -- -- 15.8*** 3.7*** 

  
 
     1.52*** -- -- -- -- -- -- 3.7*** 3.7*** 

4.2.4. The Epidemiological Model of Malaria Transmission and Control 

This section describes the formulation of the risk functions         and        , and 

the parameter vector  .  A full description of the epidemiological modeling methods, 

following the protocol recommended by Grimm, et al. (2006), is in Appendix D.  Here I 

provide an overview of the processes, calibration, and parameterization. 
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 The model is implemented in discrete time, using 8-day timesteps.  At each 

timestep 4 epidemiological and ecological processes, depicted in Figure 4.4, are 

implemented in the following order: (I) precipitation updating and mosquito recruitment, 

(II) IRS implementation and household participation decisions, (III) mosquito population 

processes, and (IV) intra-household malaria transmission.  Daily rainfall is modeled by 

performing a Fourier regression with annual periods on data corresponding to the 15 

surveyed villages, provided by Love (2002). Stochasticity is modeled here by taking 

draws of the Fourier regression coefficients from their estimated distribution before 

evaluating the regression function at each timestep.  Mosquito recruitment is modeled as 

proportional to rainfall (Worrall, Connor et al. 2007).  IRS is modeled as being offered at 

fixed intervals to all households in the community; stochasticity arises here due to the 

random nature of households’ participation decision, as described in the econometric 

model description. 

 In addition to recruitment, mosquito population processes include death and 

migration.  Death is modeled using a household-specific mosquito mortality rate, which 

is contingent on whether that household was sprayed using IRS.  Mosquito migration 

among households in a given village is set by assuming a fixed proportion of host-

seeking vectors at any moment in time attempt to emigrate from a given household to that 

household’s nearest neighbor.  Emigrating mosquitoes take any malaria parasites they 

harbor with them.  The distances between neighboring households is calculated using 

geospatial data gathered as part of the DCE survey (see Figure 4.2, panels C and D, and 

Appendix D).  Mosquito flight speeds are assumed exponentially distributed, so that on 
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average mosquitoes successfully travel the distance to the nearest neighboring household 

at a constant rate. 

 
FIGURE 4.4: OVERVIEW OF SIMULATED EPIDEMIOLOGICAL PROCESSES. Model processes in 

italics, model levels are in bold. Numbers in parentheses indicate the order in which that process 

is implemented in each 8-day timestep of the simulation. 

Lastly, intra-household infection processes between humans and mosquitoes are 

implemented.  An agent-based approach is used here because of the small number of 

members per household (Figure 4.2B).  In this model, each household member is 

characterized by her infection status, which is either (a) susceptible, (b) incubating liver-

stage malaria, or (c) suffering from illness and infectious.  Each mosquito bites humans at 

a constant rate, which provides the opportunity for an infectious human to infect a 
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mosquito or vice versa.  The specific processes for transmission between mosquitoes and 

humans are elaborated in Appendix D.    

Eleven parameters are required to implement the model.  These are listed in  

Table 4.2, along with the values used and references to the peer-reviewed literature on 

which the values are based. There are 3 parameters which are calibrated and subjected to 

sensitivity analysis (bolded rows in Table 4.2).  These are: 

                                                                    

                                                  

 
 
                                                                        

(4.10) 

The parameter   mediates transmission between households.  When    , there is no 

inter-household transmission, and when     the model behaves as if every individual 

in the village is in the same household.  Despite this being a crucial parameter for 

determining disease externalities, there is little guidance for this parameter in the 

empirical literature (see Table 4.2).  I therefore choose reasonable values for this 

parameter (5%, 10%, and 20%) and subject it to the sensitivity analysis. 

The parameter   is used to control baseline levels of malaria exposure; it is 

calibrated to data from OVB using least-squares.  Two of the fieldsites for which OVB 

report exposure estimates are in northern Uganda, and the exposure rates differ widely 

between these 2 sites.  Therefore, I calibrate values for  , corresponding to each of these 

sites.  An example of the simulated baseline exposure rates from the calibrated model for 

the 2 different scenarios is shown in Appendix D.   
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TABLE 4.2: MALARIA TRANSMISSION PARAMETER INPUTS FROM PEER-REVIEWED LITERATURE. 

Rows in bold are subjected to sensitivity analysis. 

Parameter Value (units) Sources / notes 

Mean length of a malaria 
episode 

17.8 (days) 

(Águas, White et al. 2008), (Zongo, Dorsey et al. 

2007) Accounts for treatment with primary malaria 
drugs in the study region. 

Average incubation 
period of malaria in 

humans 

14 (days) (Anderson and May 1991) 

Average incubation 
period of malaria in 

mosquitoes 
8.39 (days) 

(Teklehaimanot, Lipsitch et al. 2004) Estimated 

based on mean temperature for region of 23º C. 

Daily mortality rate for 

mosquitoes not exposed 
to IRS 

0.25 
(per day) 

(Kawaguchi, Sasaki et al. 2004; Worrall, Connor et 
al. 2007) 

Daily mortality rate for 

mosquitoes exposed to 

IRS 

0.54—3.38 

(per day) 

Calibrated using estimates IRS impact estimates 

from Shaukat, Breman, et al.  (2010).  See 

(Worrall, Connor et al. 2007) for model 

formulation and alternative estimates. 

Mosquito mean flight 
speed 

1 (km per hour) (Kaufmann and Briegel 2004) 

Vector dispersal rate 

5%—20% 

(% of host-seeking vectors 

which emigrate) 

See (Kaufmann and Briegel 2004) and  (Bomblies, 

Duchemin et al. 2009) for other models of vector 

dispersal. 

Vector biting rate on 

humans 

13.09—73.8 

(bites per mosquito per 

day)   

Calibrated using estimates IRS impact estimates 

from Okello, van Bortel, et al. (2006) 

Emerging vectors 
5.99 x 10

-4 

(mosquitoes per day per mm 
of rainfall) 

Arbitrary.  Changing this quantity in the model is 
approximately equivalent to changing the biting rat, 

which is subjected to sensitivity analysis (see below). 
Formulation based on (Worrall, Connor et al. 2007). 

Malaria transmission 
efficiency from vector to 

humans 

0.5 
(probability of an infectious 

mosquito infecting a human 
upon biting)  

(Gu, Mbogo et al. 2003) 

Malaria transmission 
efficiency from humans 

to mosquitoes 

0.5 
(probability of a mosquito 

becoming infected upon 
biting an infectious human) 

(Gu, Mbogo et al. 2003) 
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 The parameter    is used to calibrate the effectiveness of IRS at reducing 

exposure rates.  The more mosquitoes die as a result of IRS, the steeper the decline in 

IRS.  SB analyze previous studies of the impact of IRS on malaria, and find that exposure 

rates fall by between 56% and 93% within a year of IRS.  The portion of households 

covered by the IRS programs analyzed by SB is not reported except for one of the 

programs (the 1980 Garki project in Nigeria), where coverage ranged from 74% to 100%.  

The chemicals used in these programs were ICON, DDT, and propoxur.  The IRS 

programs in northern Uganda have employed ICON and DDT (PMI 2009).  I calibrate 

the disease model for 2 scenarios, one achieving a 93% reduction in average EIRs given 

99% coverage, and another a 56% reduction. 

 

FIGURE 4.5: PARAMETER SCENARIOS FOR TRANSMISSION MODEL.  Three vector dispersal rates 

  were initially set, after which exposure rates sans spraying were calibrated using the biting 

rate b, before calibrating the reduction in exposure rates achieved by spraying using the vector 

mortality parameter   .  
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The resulting epidemiological parameter space   consists of 18 parameter points, 

as shown in Figure 4.5.  Note that the calibration for IRS impacts in principal depends on 

the value of biting rates, whose calibration in turn depends on vector dispersal rates.  

Hence the tree diagram in the figure. 

As shown in Appendix D, the relationship between community-level coverage   

and the conditional risk levels is well-modeled via a linear regression on the simulation 

output.  That is: 

                              

                              

(4.11) 

where the        are regression coefficients obtained via OLS on a simulated dataset, 

with the dependent variable defined as steady-state malaria illnesses per person and the 

independent variable defined as community-level coverage  .   These coefficients have 

economic meaning:  The difference                 is the private gain for a single 

household from participating in IRS when no one else is participating, whereas 

                              is the private gain for a single household from 

participating in IRS when everyone else is participating.  These differences are plotted in 

Figure 4.6.  In most parameter scenarios, private IRS gains generally increase along with 

community-level coverage.  Across scenarios, the private gains to be had are at their 

highest when baseline exposure is low and IRS efficacy high (northeastern section of the 

figure). 
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4.3. Results 

I present results for two situations, one with IRS but without CCTs (the status quo) and 

another when CCTs solving equation (4.6) are implemented (the optimum).2  Figure 4.7 

shows the status quo equilibrium quantities for: (a) IRS participation levels, (b) expected 

malaria episodes for households not participating IRS, and (c) the reduction in episodes 

households can expect from participating in IRS.  Within each plot, equilibrium 

participation levels are about 20% lower in the Oyam-district villages than their Gulu-

district counterparts.  This is owing to the large, negative fixed effect for Oyam 

respondents identified in the choice model (Table 4.1).   

Across plots, IRS participation levels do not change much, but the expected 

reduction in episodes changes dramatically from one epidemiological scenario to the 

next:  As in Figure 4.6, IRS achieves a meaningful impact on disease reduction only in 

the northeastern portion of Figure 4.7, where both baseline transmission is relatively 

moderate (due to lower biting rates) and vectors are relatively susceptible to the effects of 

the insecticides (captured through higher IRS-contingent vector mortality rates). 

The optimal CCTs are shown in Figure 4.8.  These CCTs were calculated at the 

village level, controlling for the mean perceived value of household assets.  For ease of 

exposition, I refer to the value of household assets as imputed household wealth, although 

there are some important components missing from this measure (see Chapter 3).  CCTs 

are expressed in the figure as a percentage of this wealth measure (Figure 4.3), to control 

                                              

2
 The attributes of the IRS program must also be defined:  In the results presented here, I consider a program using 

DDT that is offered to all households at 1 year intervals.  
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for some wealth differences across villages.  It should come as no surprise by now that 

the CCTs appear to only be warranted in situations where IRS can achieve a meaningful 

reduction in expected malaria episodes at both the household and community levels.  

That is, the only nontrivial CCTs occur in the northeastern portion of Figure 4.8.   

For these CCTs, optimal levies on households opting out of a given IRS round climb as 

high as 30% of mean household wealth.  The revenues from these levies are fully 

transferred to the households that participate in the IRS round, as per the budget 

constraint in equation (4.5).  This budget constraint also permits us to infer equilibrium 

participation levels from Figure 4.8: Indeed, although the levies for nonparticipating 

households are severe, only the few households that do not participate in IRS must pay 

them. Conversely, the seemingly small positive incentive for participating in IRS, 

hovering around 5% of mean household wealth, benefits over 80% of Gulu households 

(over 60% in Oyam). 

 Figure 4.9 shows the change in malaria episodes per person per month that can be 

expected from implementing the CCT, relative to the status quo equilibrium in Figure 

4.10.  Because only the 6 parameter scenarios in the northeastern portions of Figure 4.7. 

Figure 4.8, and Figure 4.9 yielded non-negligible IRS impacts and CCTs, I focus only 

these scenarios for the remaining results. 

The expected disease reductions that the CCT system achieves relative to the 

status quo in these 6 scenarios are modest but significant, reaching a predicted 0.02 

avoided episodes per person per month for a number of villages.  This amounts to a 5%—

10% reduction in expected episodes relative to the status quo equilibrium in Figure 4.7.  
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 To get a sense of the overall welfare gain of implementing the system of CCTs 

depicted in Figure 4.8, one can calculate the money-equivalent welfare gain from the 

optimal CCT system.  For given  ,  , and  , this value        can be implicitly defined 

as: 

                                                     (
(4.12) 

where     is the status quo equilibrium IRS participation level solving equation (4.4), i.e. 

                                     and           is the value function 

obtained from the solution to the welfare optimization in equation (4.6). The quantity 

       is therefore the equivalent variation of the optimized CCT.  Figure 4.10 shows the 

equivalent variation for 6 epidemiological scenarios yielding non-negligible CCTs.  The 

predicted value of the proposed CCT system ranges from around 0.2% of imputed 

household to around 0.7%. 
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FIGURE 4.6: CHANGES IN THE GAINS FROM IRS WITH DIFFERENT LEVELS OF COMMUNITY 

COVERAGE. Cumulative number of malaria cases avoidable (x-axes) due to spraying for each 

village (y-axes) for IRS participation <1% (dark bars) and >99% (light bars) across 18 parameter 

scenarios.  IRS efficacy increases moving from the left to the right column.  The top 9 plots 

correspond to scenarios with lower baseline exposure.     
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FIGURE 4.7: STATUS QUO BEHAVIORAL AND MALARIOLOGICAL EQUILIBRIA.  Yellow bars on 

left of each plot are equilibrium IRS participation for each village (y-axes).  Light green bars are 

expected malaria episodes per person-month for nonparticipating.  Dark green bars are expected 

reduction in malaria risk from participating in IRS.  Blue bars indicate a 95% confidence 

interval around circled mean.    
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FIGURE 4.8: WELFARE-MAXIMIZING CONDITIONAL CASH TRANSFERS. Lighter bars are transfer 

per IRS round conditional on participation, as a fraction of mean household wealth (x-axes) and 

village (y-axes).  Lighter bars are transfer per round conditional on nonparticipation.  Blue bars 

indicate a 95% confidence interval around circled mean.    
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4.4. Discussion 

The adoption of private measures to prevent malaria can be effectively promoted among 

at-risk households by an appropriate structuring of incentives.  A body of empirical work 

has illustrated households’ responsiveness to some of these incentives (Dupas 2009).  

From a public economist’s perspective, government interventions to promote adoption of 

private prevention measures can increase welfare by correcting for an array of 

externalities associated with infectious diseases (Gersovitz and Hammer 2004; Althouse, 

Bergstrom et al. 2010).   

However, the ways in which an efficient incentive scheme depends on the 

underlying dynamics of disease transmission remain poorly understood:  Most economic 

analyses of incentives to promote malaria prevention have focused on estimating the 

price elasticity of prevention demand (e.g. bednet demand).  Epidemiological studies, on 

the other hand, focus—rightly—on estimating the malaria reduction impacts of various 

interventions within the population. Attempts to synthesize these 2 disparate bodies of 

knowledge have advanced more slowly. 

In the case of IRS, conventional wisdom would suggest that existing incentives 

are efficient:   IRS services are nearly always provided free of charge to participating 

households, constituting a full subsidy for the operational costs of the program (Sine and 

Doherty 2008).  However, a number of other behavioral factors, including nonmonetary 

costs of participating, and variation in the preferences of individuals in the target 

population, can lead to less than efficient levels of participation in IRS programs, even 

when these services are offered freely.   
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FIGURE 4.9: PREDICTED REDUCTION IN MALARIA EPISODES PER PERSON PER MONTH DUE TO 

IMPLEMENTATION OF CCT.  Blue bars indicate a 95% confidence interval around circled mean. 

Here, I have established that further incentives for IRS participation are welfare-

promoting in nontrivial epidemiological scenarios.  Specifically, in contexts where 

malaria transmission is moderate, and where IRS is known to be effective at reducing 

malaria episodes (and not just exposure rates), a good argument can be made for a self-

financing incentive scheme in which revenues from a tax levied on nonparticipating 

households is used to finance credits for participating households.   
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This system of conditional cash transfers appears to be worth it from a disease-

reduction standpoint (Figure 4.9), though only marginally so from an economic 

standpoint (Figure 4.10). My quantitative results rely on the specific preference estimates 

elicited from northern Ugandan households, and so the quantitative prescriptions are not 

directly applicable to other populations.  Nevertheless, for other regions where a CCT for 

disease prevention might be considered, this study lays out a method for calculating and 

assessing the anticipated value of such a CCT. 

Epidemiological models of malaria transmission are reaching an unprecedented 

degree of complexity.  Some of the features of these more complex models were 

excluded from this analysis, in order to focus on the key aspects of transmission which 

lead to externalities. Of all the assumptions whose absence is most likely to affect my 

conclusions, human acquired immunity to malaria stands out.  It has been well known 

since the 1950s that acquired partial-immunity to malaria is an important feature 

determining the burden of disease in endemic regions (Doolan, Dobaño et al. 2009), such 

as northern Uganda.  Given the complexity of immunity dynamics, it is likely that the 

presence of such a process in the model would lead to a non-monotonic relationship 

between malaria exposure and the number of patent episodes.  Elucidating this 

relationship remains an active area of epidemiological research (O'Meara, Mwangi et al. 

2008).   

Nevertheless, my main conclusion—that CCTs for IRS are warranted in areas 

with moderate transmission and where IRS is known to be effective at reducing malaria 

episodes—would likely survive this additional wrinkle.  In any case, my analysis 
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provides a benchmark for future investigations into the interactions between complex 

infectious disease dynamics and disease prevention behaviors. 

 
FIGURE 4.10: ESTIMATED MONETARY VALUE OF IMPLEMENTING A CCT SYSTEM WITH AN 

IRS PROGRAM IN NORTHERN UGANDA. Equivalent variation as a percentage of imputed 

household wealth (x-axes) by village (y-axes).  Blue bars indicate a 95% confidence interval 

around circled mean.      
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Appendix A 

Background on Insecticide Resistance Mutations in Mosquitoes 

At least two ―knockdown resistance‖ (kdr) mutations, kdr-w (or L1014F) and kdr-e (or 

L1014S), are known to impart simultaneous vector resistance to DDT and pyrethroids by 

blocking these insecticides’ interference with voltage-gated sodium channels in synapses 

(Reimer, Fondjo et al. 2008; Djogbénou, Noel et al. 2010). The ace-1-G119S (or ace-1R) 

mutation in the vector Anopheles gambiae confers resistance to both carbamates and 

organophosphates through a modification of acetylcholinesterase, which is the synapse-

regulating enzyme targeted by these insecticides (Nauen 2007). 

Recent studies have examined the fitness costs associated with these mutations.  

For the kdr mutations, Okoye et al (2007), in a laboratory study, found no statistical 

evidence that pyrethroid resistance in the southern African malaria vector Anopheles 

funestus was associated with developmental, reproductive, or survival related fitness 

costs.   In other malaria vectors, researchers have found direct and indirect evidence 

consistent with the existence of substantial fitness costs (Rowland 1991; Rowland 1991; 

Agnew, Berticat et al. 2004; Stump, Atieli et al. 2004).  Djogbénou et al. (2010)  found 

substantially lower pupal survival rates among Anopheles gambiae mosquitoes 

possessing the ace-1-G119S mutation.  Sarita, Anita et al (2009) found large reproductive 

differences between pyrethroid susceptible and resistant types of the dengue vector Aedes 

aegypti.   In the West Nile vector Culex pipiens, thirty years of data on organophosphate 

resistance have shown substantial fitness costs in terms of survival and reproductivity 

associated with the G119S mutation (Raymond, Berticat et al. 2001). 
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Because only adult Anopheles mosquitoes are capable of transmitting malaria and 

because an incubation time of approximately 2 weeks is required before an infected 

mosquito can become infectious to humans, any decreased fitness associated with adult 

mosquito mortality is especially important in terms of reducing malaria transmission. 

 
FIGURE A.1: PHASE PLANE AND NULLCLINES OF THE BIOLOGICAL SYSTEM FOR FIXED C. 

 (a) Control C does not select for resistance, (b) Control C selects for resistance.  

Phase Plane Analysis of the Biological System with a Fixed Control 

The types of steady states enumerated in Figure 1.1 can be visualized using phase plane 

analysis.  In Figure A.1 above, the nullclines of the biological system in system (1.15) are 

plotted for different levels of a fixed amount of IRS.  When IRS is below a level which 

selects for resistance, then insecticide resistance drains out of the system in te long-run 

due to fitness costs, and long-run malaria prevalence continuously caries with the level of 

IRS.  When IRS selects for resistance, any reduction in long-run malaria prevalence is 

due to the existence of fitness costs.       
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Steady States of the Optimally Controlled System:  Analytic Results 

In addition Proposition 1.1, some other qualitative observations can be drawn from 

inspection of the steady state equations of the optimally controlled biological system.  

PROPOSITION A. 1: A steady state with full vector susceptibility is identical to the long-

run optimum which is unconstrained by insecticide resistance. 

If the vector population is fully susceptible to insecticides in the long-run, with     , 

then       .   Moreover, the steady state of the optimally controlled system is 

identical to that which would obtain if only the epidemiological dynamic (1) were 

optimally controlled, ignoring insecticide resistance—i.e. taking     and ignoring the 

      equation in (1.15).  If a positive level of control is optimal in the long-run (   

 ) in such a situation, the steady state level of control in this case satisfies the following 

equations: 

  
  

  
     

       
 
 

 
 

     
 

 
 

     
 

 
     

  
 

   

 

(A.1) 

                 

          

PROPOSITION A. 2: Partial vector susceptibility requires a control at a unique fitness 

threshold. 

If the vector population is partially susceptible to insecticides in the long-run, with 

        , then        and          satisfies the following system of equations: 
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(A.2) 

                        

                  

The proofs of the above 2 propositions follow from direct calculation. 

Proof of Proposition 1.1 

Suppose    . For an interior solution to hold it must be that       , and it can be 

verified that the first line of (A.2) above still applies.   Then             . With 

   , the quadratic term in    drops out of the expression in which case    solves a 

linear equation.  Now, if elimination is feasible (         ), then an interior 

         solving this linear equation does not exist, since the slope coefficient on    

becomes zero.  If elimination is not feasible (         ), then nonetheless      

   so that the slope coefficient reduces to a constant which can be expressed in terms of 

the parameters. Thus, there is at most a single interior    solving the first line of (A.2) 

when    .    
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Parameter References 

References for the parameter used in the numerical simulations are provided in the table 

below: 

TABLE A.1: PARAMETER SOURCES FOR NUMERICAL SOLUTIONS TO THE DYNAMIC PROGRAM. 

Parameter Symbol Sources 

Basic Reproductive number of malaria 
(# secondary per primary case) 

   (Smith, McKenzie et al. 2007) 

Recovery rate of malaria-infected individuals 
(per day) 

  

(Sama, Killeen et al. 2004) 

(Zongo, Dorsey et al. 2007) 
(Sowunmi, Fehintola et al. 

2000) 

Incubation time of malaria in mosquitoes 
(days) 

   
(Teklehaimanot, Lipsitch et al. 

2004) 

Mass-action saturation factor 
(dimensionless) 

  (Smith and McKenzie 2004) 

Baseline vector mortality 
(per day) 

   
(Kawaguchi, Sasaki et al. 

2004; Worrall, Connor et al. 

2007) 

Insecticide-induced mortality 
(per day) 

  
(Kawaguchi, Sasaki et al. 

2004; Worrall, Connor et al. 
2007) 

Total fitness cost 
(per day) 

  See res above, this section. 

Mortality-specific fitness cost 
(% of total) 

  See res above, this section. 

Economic cost of a single infection 
(USD per case per unit time) 

   See  Table 2.2 

Spray cost per person 
(USD per person-year) 

   See  Table 2.2 

Risk-adjusted discount rate 
(% per year) 

  
This study; assumes expected 

time horizon of 10 years 

Speed of resistance evolution (per year)   See (Read, Lynch et al. 2009) 
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Dynamic programming methods  

To compute the optimal policies in the numerical experiments, I used dynamic 

programming techniques, implemented using the CompEcon Toolbox by Miranda and 

Fackler (Miranda and Fackler 2002)  in MATLAB®.  These methods interpolate the 

following partial differential equation in the value function       : 

           
       

   
 
   

 
                               

             

(A.3) 

Numerical approximations    to this equation were then validated by re-constructing the 

optimal feedback insecticide policy implied by    and then using differential equation 

solvers in MATLAB to simulate the optimally controlled system.  The simulated 

equilibria of the system were then verified to the analytic equations for equilibria of the 

optimally controlled system.   

The stability properties of these equilibria were then validated by comparing the 

stability of equilibria in the simulations (e.g. whether the equilibria are stable, saddle-path 

stable, unstable limit cycle nodes, or simply unstable) and verified to match results from a 

numerical stability analysis of the optimal control system, using reverse-shooting 

methods (Atolia and Buffie 2009).  Figure A.2 shows the results of this reverse-shooting 

analysis. 

 It is important to emphasize that these numerical methods only approximate cost-

minimizing policies.  Often, the more complex the model, the poorer the approximation, 

for a given method.  However, in addition to implementing the validation procedures 
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described above, I also evaluated the economic costs of each policy through ex-post 

simulation, as opposed to direct evaluation of the value function approximation in 

equation (A.3).  

 
 

FIGURE A.2: REVERSE SHOOTING STABILITY ANALYSIS OF STEADY STATES. The reverse shooting 

method draws a small circle around a given steady state and simulates the optimal control 

dynamic system backwards in time using the steady state co-state values as the corresponding 

initial conditions for the co-states. When the simulated trajectories radiate away from the steady 

state (as in panel B), it is stable.  When the trajectories collapse in on themselves, back to the 

steady state (as in panel A), then the steady state is unstable. 

 The policies that were computed using dynamic programming to solve the 

optimal control problem in (1.17) are shown in Figure A.3.  The policies in this figure 

were used to generate the cost comparisons in Figure 1.4.  Not surprisingly, the optimal 

control policy when there is no evolution of insecticide resistance (the red lines in the 

figure) dictates much higher IRS use than when evolution is accounted for.  The optimal 

policies when multiple fitness cost mechanisms are present (solid blue lines) or only an 

adult mortality mechanism (dotted green lines) appear similar, though their seemingly 

small differences turn out to be quite important because the levels of control in the 2 

A B 
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scenarios are quite close to the fitness threshold determining whether or not insecticide 

resistance is selected for.   



 

 

 
FIGURE A.3: OPTIMAL INSECTICIDE POLICIES OVER TIME UNDER DIFFERENT MODEL ASSUMPTIONS.     

1
2
8
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Appendix B 

Epidemiological Model 

Formally, the equations characterizing malaria epidemiology among the human 

population are as follows:  Individuals die at age-specific rate     , regardless of disease 

status; as in previous malariological models of this sort (Koella and Antia 2003; Worrall, 

Connor et al. 2007; Águas, White et al. 2008), I make the simplifying assumption that 

there is no disease-induced mortality.  Susceptibles are infected with nonresistant and 

resistant strains of malaria at age-specific rates       and       respectively.   

Recovered, untreated individuals return to susceptible status at rate  , which is the 

rate of immunity loss.  Fractions     and      of sick individuals are treated with SP 

and ACT respectively; these individuals recover at rates     and      respectively, 

assuming they are not infected with a resistant strain in the case of SP.  The differential 

equation for the number of individuals of age   who are susceptible at time   is thus: 

  

  
 

  

  
                                                        (B.1) 

The average incubation time for either strain of malaria in the model is   , and 

incubating individuals become symptomatic at a constant rate. It is assumed that 

individuals who have naturally recovered from the illness may be reinfected and become 

symptomatic at rates         , where         ,  using the subscript        to denote, 

nonresistant and resistant strains respectively.  The differential equations for the number 

of incubating and symptomatic individuals are therefore: 

   

  
 

   

  
               

 

  

                         (B.2) 
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where        is the indicator function for the nonresistant strain.  Individuals who have 

recovered ―naturally‖ from malaria (i.e. without the aid of SP or ACT), and are thus in 

the   compartment, become reinfected with malaria at the same rates       and       as 

susceptibles.  As mentioned above, a fraction    of the individuals manifest symptoms, 

and the remaining portion      is asymptomatic, putting them in the    and    

compartments.  Asymptomatic infections recover at rates    and    for nonresistant and 

resistant strains, respectively.  The differential equations for the naturally recovered and 

infected, asymptomatic individuals is thus: 

  

  
 

  

  
                              

                                

   

  
 

   

  
                          

(B.3) 

for       .   

In the MATLAB® implementation of the model, policy controls such as the 

fractions     and      of symptomatic individuals who are treated with SP or ACT may 

directly depend on age or time, or may be formulated as ―feedback‖ controls, dependent 

on the state variables of the system. In the paper, I only consider coverage levels which 

do not vary over time.  

The boundary conditions for this subsystem of partial differential equations consists 

of initial conditions on the age-profiles of the above state variables and a characterization 

of population recruitment using an age-specific fertility rate     .  Denoting the 
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population density as                        , recruitment into the 

newborn susceptible class is characterized by                     
 

 
.  I make the 

simplifying assumption that there is no recruitment into other disease compartments, i.e. 

there is no vertical transmission. 

Vector Ecology Model 

The vector ecology component of the model determines the forces of infection       in 

the epidemiological model above, which link insecticide spraying impacts on the vector 

population with epidemiological impacts.  The aggregate mosquito population dynamic is 

assumed to follow the differential equation: 

  

  
      (B.4) 

where   is density-independent recruitment per unit time and   is the vector mortality 

rate (Worrall, Connor et al. 2007). 

Vectors’ disease status with regard to the naïve and drug resistant malaria strains 

is either susceptible ( ), incubating (   and   ), or infectious (   and   ).  The 

epidemiological dynamics among the vector population are similar to those of the human 

population, except that I do not specify age-structure for vectors.  Vectors are infected by 

nonresistant and resistant malaria strains at rates   
  and   

  respectively, at which point 

they begin incubating parasites. At a constant rate, incubating mosquitoes become 

infectious to humans, such that    is the average incubation time of malaria in mosquitoes 

(a.k.a the sporogonic cycle). 
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(B.5) 

Note that the differential equation for   is redundant, and can be eliminated using the 

identity                . 

 In the model, the rates   
  are determined by the prevalence of malaria in vectors 

and humans, as well as human-vector contacts determined, for example by biting 

behavior.  For a given probability     (resp.    ) of passing parasites from (to) 

mosquitoes to (from) a human of age  , and also given a likelihood ratio      of biting a 

human of age   relative to an arbitrary base age, I model these rates as:  

             
 

  
 

          

     
 

 
        

                                      

  
     

 

  
 
           

 

 
                    

     
 

 
        

 

(B.6) 

where   is the fraction of asymptomatic human infections which are infectious to 

mosquitoes.  The age dependence of the transmission probabilities     and     is due in 

this model to the effect of bednet coverage, which may vary by age.  Specifically, if the 

baseline probabilities are    
  and    

 , and the protective effect of nets in terms of 

lowering contact is to reduce both of these probabilities by a fraction  , then for age-

specific levels of net coverage         , I have: 
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(B.7) 

As with other controls,       may also be time dependent, either directly or through 

feedback dependence on the state variables. 

 Weather affects vector ecology by controlling vector recruitment, the 

gonotrophic, and the sporgonic cycle.  In this model I follow Worrall, Connor et al. 

(2007) formulate mosquito recruitment at time   as: 

               (B.8) 

where           is a continuous function.  The proportionality constant implied by this 

relationship is a parameter to be fitted.  The specific function          , displayed in 

Figure 2.4 of the main text, is obtained from a Fourier regression of precipitation on 

month over several decades, such that           is periodic over one year intervals.   

Weather has also been hypothesized to affect biting behavior, through effects on 

mosquitoes’ reproductive frequency.  In this model I again follow Worrall, Connor et al. 

(2007) and formulate the gonotrophic cycle as: 

         
  

          
 (B.9) 

where    is the minimum time required for gonotrophy,    is the minimum temperature 

required for gonotrophy, and    minimum degree-time required for gonotrophy.  Without 

good data to independently estimate these parameters, I use estimates of these parameters 

from Worrall, Connor et al. (2007).  Note that this function can be expressed as log-linear 

in the deviations            and             .  If I define ―excess time until 

gonotrophy‖ as the time above the minimum, and the ―excess temperature‖ similarly, it is 
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apparent here that a 1% increase in excess temperature yields a 1% decrease in the excess 

time required for gonotrophy.     

Similarly to the gonotrophic cycle, I model the length of the sporogonic cycle as a 

function of temperature as follows:   

          
  

          
 
  

 (B.10) 

where   ,   , and    are directly analogous to   ,   , and   . The parameter    controls 

the relative impact of excess temperature increases on the excess length of the sporogonic 

cycle; I allow this parameter to vary, because restricting it to unity yields a poor fit with 

the data.   I estimated these parameters independently of the rest of the model using data 

reported in Teklehaimot, Lipsitch (2004).  The resulting estimates are displayed in Table 

B.1.  As with the gonotrophic cycle model, this function can be expressed as log-linear in 

deviations from the minimum time and temperature required for sporogony.  However, 

our estimates indicate that magnitude of the effect is greater than unity:  A 1% increase in 

excess temperature yields a 3.07% decrease in the excess time until sporogony. 

TABLE B.1: FITTED PARAMETERS FOR TEMPERATURE-DEPENDENCE OF SPOROGONIC AND 

GONOTROPHIC CYCLES. 

Symbol Best Fit Description Units 

               Minimum days required for sporogony Days 

          Degree-days required for sporogony Degree-days  

          Minimum temperature required for sporogony Degrees celsius 

          Shape parameter on accumulation of degree days Elasticity 

 As with precipitation, the specific function        , displayed in Figure 2.4, is 

obtained from a Fourier regression of temperature on month over several decades, such 

that         is periodic over one year intervals.   
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Insecticide Resistance Model 

To incorporate insecticide resistance, I provide a mathematical characterization of how 

insecticides impact mosquito mortality under different levels of resistance as well as a 

characterization of how resistance spreads through the vector population. Here, resistance 

is characterized by diploid genetics; vectors are assumed to express one of two alleles 

(resistant or susceptible) at a single locus on a pair of chromosomes.  An example of such 

a polymorphism in a mosquito vector is the ―knockdown resistance‖ (kdr) gene in A. 

gambiae.  The dynamic variable of interest here is the fraction   of the vector population 

which possesses at least one copy of the susceptible allele. 

 Average vector mortality   is a weighted mean of the mortality rates of individual 

genotypes, and depends on  , as well as the level of insecticide exposure  : 

                                              (B.11) 

Here,         is the relative dominance of the resistant gene in heterozygotes.  The 

extra mortality term    for resistant genotypes captures the possibility of an evolutionary 

―fitness cost‖ associated with possessing resistance to the insecticide, discussed further in 

the following paragraph.  The insecticide-induced evolutionary advantage of the resistant 

types is captured by assuming    .  This representation of how vectors respond to 

insecticide exposure is relatively standard in the literature on insecticide resistance (e.g. 

Grimsrud and Huffaker 2004).  

 To model the evolution of  , a ―replicator dynamic‖ is used to characterize 

selection for the resistant or susceptible genotypes (López, Gámez et al. 2004; Nowak 

and Sigmund 2004).  In the present context, such a dynamic takes the form: 
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                                 (B.12) 

where   is the speed of insecticide resistance accumulation,    is the total fitness cost of 

the resistant type relative to the susceptible type.  Here, this fitness cost is defined as 

     
 

  
  

  

  
,  where    and    are respectively measures of the fecundity of 

sensitive and resistant genotypes respectively.  This definition of the fitness cost is a 

generalization of current definitions in the literature examining the accumulation of 

insecticide resistance in pest and/or vector populations.  Overall insecticide exposure   is 

modeled as: 

          

                   
 

 

         
 

 

             (B.13) 

where       and      are the fractions of time vectors are exposed to ITNs or IRS 

respectively,             is the coverage level of nets among individuals of age   at time 

 ,        is the total population density of age   at time  ,         is the fraction of the 

total population covered by IRS at time  .  So total insecticide coverage is the sum of 

coverage levels due to spraying and nets.  

Numerical Simulation of the Model 

As mentioned in the text, the full model was implemented using exponential functions as 

opposed to linear differences, or some other differential equation simulation method.  As 

an example of the use of exponential functions, consider the ordinary differential 

equation (ODE) for the overall mosquito population 
  

  
     .  This ODE can be 

simulated as: 
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     (B.14) 

where   is a small increment of time.   I can rearrange this to get: 

                   (B.15) 

The simulation of partial differential equations in this context can be done similarly.  For 

example, the PDE for asymptomatic infections 
  

  
 

  

  
                

     can be approximated using: 

                                                             (B. 16) 

Thus, this method generalizes to all of the differential equations in this paper. 

Model Limitations and Extensions 

In terms of modeling extensions that may be warranted, the first task is to allow for time-

dependent portfolios, e.g. allowing for ―pulses‖ of IRS or abandoning SP following the 

advent of widespread resistance.  Additionally, while deterministic, differential equations 

models of malaria transmission remain the standard in the literature (e.g. White, Maude et 

al. 2009), allowing for uncertainty and stochasticity in transmission dynamics seems 

increasingly necessary from a policy standpoint:  In the standard deterministic models, 

disease eradication can only accomplished in the long-run and through the perpetual 

employment of sufficiently intensive interventions.  A stochastic model can allow 

analysts to think in more concrete terms about the ―probability of eradication,‖ and, 

because true eradication can be achieved in finite time in such models, there may be a 

large economic benefit (in addition to the obvious, moral benefits) to achieving 

eradication, since future malaria interventions could become unnecessary and thus 
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abandoned, saving costs.  A related issue is the theory underlying mass-action or pseudo-

mass action disease models (McKane and Newman 2005; Keeling and Ross 2009):  Such 

models approximate random transmission well in settings with large numbers of infected 

individuals.  Such a setting certainly describes the malaria distribution in many African 

countries, including Tanzania.  However, when I begin to consider the possibility of 

malaria elimination or eradication, I must analyze transmission when there are relatively 

few infected individuals, pointing towards the necessity of a stochastic model. 

All of the limitations addressed above are not isolated to this modeling exercise:  

They are limitations of all current-generation deterministic, Macdonald-Ross models of 

vector borne transmission.  Thus, one lesson from this modeling exercise is that 

generalizing malaria transmission models to account for the above issues has direct 

import for cost-effectiveness analysis of malaria control programs. 

Considering Population Growth in the Epidemiological Model 

The assumption of a stabilized human population clearly does not hold in many malaria 

endemic countries, including Tanzania.  High fertility and mortality, as well as major 

migrations across national borders and between rural and urban areas, can have dramatic 

implications for the cost-effective control of malaria.  These implications are only just 

beginning to be analyzed systematically.  One of the most pressing issues for making 

theoretical models of transmission more applicable for on-the-ground disease control is 

resolving the problem of increasing human-vector population ratios:  Even in current-

generation models of vector-borne transmission, an increasing human population 

inevitably leads to malaria elimination in the long-run, due to the low probability of a 
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mosquito landing on an infected human.  One potential solution to this problem is to 

assume a constant ratio of humans-to-mosquitoes.  Even though vector recruitment is 

assumed by convention to be independent of human population size (i.e. independent of 

the availability of the prey), a constant human-vector ratio could be justified on spatial 

terms.  For example, in the Auger and Kouokam’s (2009) model of vector-borne disease 

transmission in a ―patchy environment,‖ one can generate a constant human-vector ratio 

by assuming that the number of patches is proportional to human population, and that 

recruitment in each patch is identical.  As a preliminary investigation into this issue, I 

translate this assumption into the present model, assuming that vector recruitment   is 

proportional to total human population        
 

 
. 

Parameter Values and References 

See Table B.2 below.



 

  

 

 

TABLE B.2: BASELINE PARAMETER VALUES, DESCRIPTIONS, AND REFERENCES. The references in this table either provided values for 

the parameters, or guidance in choosing reasonable values. 

Symbol Baseline Value Description and Sources Units 

DEMOGRAPHY AND EPIDEMIOLOGY 

          Total human population. Arbitrary humans 

          Rate of immunity loss from Águas, White et al. (2008) per year 

    0.749 Recovery rate those successfully treated with SP (Zongo, Dorsey et al. 2007) per day 

     1.52 Recovery rate those successfully treated with ACT (Zongo, Dorsey et al. 2007) per day 

       0.2 
Relative untreated recovery rate of drug-resistant cases; fitness cost (Hastings 

2003; Laxminarayan 2004; Boni, Smith et al. 2008). 
ratio 

       0.2 
Relative untreated recovery rate of drug-resistant cases; fitness cost (Hastings 

2003; Laxminarayan 2004; Boni, Smith et al. 2008). 
ratio 

VECTOR ECOLOGY, TRANSMISSION PARAMETERS 

   0.8 
Physical protectiveness of nets; higher = more protective.  Arbitrary: see 

sensitivity analysis. 
fraction in [0,1] 

         0.55 
Fraction of time vectors are resting or attempting to lay eggs: exposed to IRS 

(Read, Lynch et al. 2009). 
fraction in [0,1] 

        0.22 
Fraction of time vectors are attempting to feed on humans: exposed to ITNs (Read, 
Lynch et al. 2009). 

fraction in [0,1] 

   0.15 Initial genetic frequency of DDT/pyrethroid resistance in vectors.  fraction in [0,1] 

  0 
Aggregate fitness cost of insecticide resistance (Djogbénou, Weill et al. 2007; 
Okoye, Brooke et al. 2007; Reimer, Fondjo et al. 2008) 

Rate per day 

  1 
Genetic dominance of resistant genotypes (Djogbénou, Weill et al. 2007; Okoye, 
Brooke et al. 2007; Reimer, Fondjo et al. 2008) 

fraction in [0,1] 

  2.272 Speed of evolution of insecticide resistance in vectors (Read, Lynch et al. 2009) Dimensionless 

   
           Probability of passing parasites from humans to mosquitoes.  Assumed. Probability 

  0.5 Fraction of vector bloodmeals on humans (human blood index, HBI) fraction in [0,1] 

  1 Ability of asymptomatic malaria cases to infect mosquitoes; assumed. dimensionless weight 

                            Age-specific relative likelihood of mosquito bites (Águas, White et al. 2008). dimensionless weight 

1
4
0
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Appendix C 

Background information on IRS, DDT, and ICON provided to 
respondents in Ugandan household survey 

Requirements to participate in the spray program: 

 Have 10 litres of water to provide to the spray team when they arrive.  They 
would come in the morning or afternoon, but you would be warned by radio 
and the LC1 [a local official] in advance. 

 Households must remove all of their belongings from their home.  This 
includes all food, garments, beds, cooking tools, chairs, and toothbrushes. 

 Households must remain outside of their homes for 2 hours while the teams 
do their work. 

 Households must not re-cover their floors and walls with dung or other stuff. 
Doing so eliminates the protective effect of the insecticide. 

 
Properties of DDT (dudumaki): 

 Was used for many years in Africa and other places in agriculture. 

 May hurt people’s health over a long time (e.g. cancer), but scientists aren’t 
sure. 

 Approved for use in spraying homes by the Ugandan government. 
 Can harm/kill animals, such as birds.  

 Can kill many other insects in addition to mosquitoes that cause malaria, 
such as cockroaches and bedbugs. 

 Its effects—good and bad—last for a very long time. 
 
Properties of ICON: 

 Its effects—good and bad—last for a shorter time than DDT. 

 May hurt people over a long time, but this effect is not as bad as DDT, 
because the chemical lasts for a shorter time. 

 Approved for use in spraying homes by the Ugandan government. 
 Can harm/kill animals, such as fish.  

 Only kills the mosquitoes which cause malaria, not other insects. 

 Crops with high amounts of DDT may get a lower price if sold or “exported” 
to other parts of the world. 
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DCE script read by survey enumerators to respondents  

Text in bold is replaced with attributes from the table below. 

First suppose that you were offered three options:   
In the 1st option, your house would be sprayed with the chemical ICON in 
such a way that the chance of getting malaria in the next month would be 3 
out of 10 groundnuts.  In order to maintain the malaria-prevention effect of 
the insecticide, the spray teams would have to return every 6 months in 
order to spray your home again.   
In the 2nd option, your house would also be sprayed but with the chemical 
DDT in such a way that the chance of getting malaria in the next month was 4 
out of 10 groundnuts.  In order to maintain the malaria-prevention effect of 
the insecticide, the spray teams would have to return every year in order to 
spray your home again.  
In the 3rd option, you would be given a one-time payment of 100,000 
Ugandan shillings [approximately $50] to use for anything you liked, 
including things to prevent malaria (sprays, bednets, etc.).  Since there would 
be no insecticide spraying in this case, the risk of malaria would be higher, 
with the chance of getting malaria in the next month rising to 6 out of 10 
groundnuts. 
If you had the choice between any of these options, which one would you 
choose? 

 

 
FIGURE C.1: EXAMPLE RESPONSE CARD FOR RECORDING RESPONDENT CHOICES. 
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Structural specification for a random coefficients choice model 
(MXLstruct) 

This section specifies and estimates a choice model obtained from economic and 

epidemiological theory.  The advantage of this approach is that the parameters from such 

a model have a structural interpretation, and can be applied to more general cost-benefit 

analyses of malaria control programs.  Specifically, the structural specification allows us 

to incorporate measurement of household wealth and income in our RUM, so that income 

and wealth effects are permitted in the MWTP for malaria risk reductions     

The theory, which is fully laid out in a subsequent section of this appendix, yields 

the following estimable model—which I refer to as MXLstruct—of random utility of 

household   for IRS program  :  

                                                     (C.1) 

where        ,         , and                 are new explanatory variables; the 

quantities    ,   ,   , and    are taste parameters whose distribution in the population is 

to be estimated; and     is an IID Extreme Value Type I (EVT1) disturbance term.   

The definitions of the explanatory variables are given in terms of the DCE 

attributes, as follows: 

        
                  

                       
                                      

(C.2)                                  
                  

                
 

                   
 

where  ,  , and   are respectively the average length of a malaria infection (in years), the 

respondent’s pure rate of time preference (the rate at which utility streams are discounted 



 

 144  

 

over time),   is the real interest rate.  The curvature parameter   determines the extent to 

which wealth effects play a role in the model:     implies that wealth effects are 

absent, and makes          —an alternative-specific and individual-specific variable—

equivalent to       ni the DCE.     

 As mentioned above, the taste coefficients   ,   ,   ,     in equation (C.1) have 

a structural interpretation as flow and stock utilities:     is the (dis)utility incurred per 

unit time that respondent   is ill with malaria, and    is the marginal indirect utility per 

unit time of increasing the respondent  ’s net wealth by 1%.  The parameter    

associated with the re-sprays attribute is a stock utility incurred at the moment respondent 

  participates in a given spray round. The parameter     is the flow utility incurred per 

unit time that respondent   is ―exposed‖ to IRS program  .  A subsequent section 

formalizes these arguments, but I turn first to econometric results from estimating the 

specification in (C.1) and (C.2). 

Econometric results from MXLstruct 

Here I compare estimation results from the structural specification in (C.1) to the 

MXLrestrict specification (Table 3.5).  Estimation results are shown in Table C.1.  Note 

that the magnitudes of coefficients are not comparable across models, due to the re-

scaling of the attributes for the structural model.  However, the signs and significance of 

the parameters are the same across the 2 models.  MXLstruct provides a slightly better fit 

than MXLrestrict, owing to the inclusion of wealth/income effects.  A few different 

specifications for the ―net wealth‖ term     in the nonlinear function over price.   It was 

found that the perceived value of household assets provided significant explanatory 
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power (10% level), but inclusion of the present alue of the household head’s monthly 

income in the net wealth measure did not enhance the power of the model.  That is, the 

subjective asset valuation measure was a better proxy for wealth in this model than the 

monthly income measure.  Fit of the model could probably be improved by allowing for 

random nonlinear parameters within the money function, to model measurement error in 

the proxy and account for unobserved variation in respondent net wealth.  

In any case, WTP for malaria risk reductions in the MXLstruct model takes the 

form: 

     
                       

    
      

 
          

 
   

 (C.3) 

where    
                  

                       
, and           

      

 
.  Note that this measure of 

WTP accounts for wealth effects (WTP is increasing in  ) and is nonlinear in monthly 

risk.  Similarly, I can also write the ―willingness to accept‖ WTA increases in malaria 

risk as: 

     
              

    
      

 
        

 
   

    (C.4) 

As with WTP, I can establish that      
          is increasing in respondent wealth.  It is 

also straightforward to verify that      
               

          whenever      

     . 
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TABLE C.1: COMPARING RESULTS FROM BEST-FITTING MODEL TO STRUCTURAL 

SPECIFICATION. Significance levels of estimated coefficients: * = 10%, ** = 5%, *** = 1%.  A ‚--‛ indicates 

the parameter was restricted to be 0 for that model.  For the MXLstruct regression, the values          

and        were used as the scaling factors in equation (C.2).  These values translate into a 10% rate of 

time preference / interest, a 50 year life-expectancy for an arbitrary respondent, and a 2 week mean length of 

malaria illness.  Note that the LR stat in the right column does not strictly apply because the models are not 

strictly nested.  However, they are approximately nested since all of the attributes in the second column are 

approximately linear transformations of the attributes in the right column.  

  
MXLrestrict MXLstruct 

  
Coeff. Std. Err. Coeff. Std. Err. 

mrisk / mcases 
 

1.9929*** 0.3225 3.3305*** 0.5562 

comp / relcomp 
 

0.0089*** 0.0023 0.0619*** 0.0149 

resprays / scaledresprays   Mean 0.7874*** 0.0632 1.0585*** 0.0847 

 
St. Dev 0.4275*** 0.082 0.5686*** 0.1073 

DDT Mean -- -- -- -- 

 
St. Dev 1.5657*** 0.2729 1.5193*** 0.2846 

DDT+ICON Mean -- -- -- -- 

 
St. Dev 3.7250*** 0.4228 3.6677*** 0.4173 

DDTxPartic 
 

1.8672*** 0.4959 1.7807*** 0.4966 

ICONxPartic 
 

1.6194*** 0.4804 1.5232*** 0.4782 

DDTxOyam 
 

-1.3469** 0.5371 -1.4072*** 0.527 

ICONxOyam 
 

-1.4177*** 0.5075 -1.4765*** 0.499 

Non-linear parameters 
   

  

Box-Cox parameter 
 

-- 
 

0.3710* 0.2228 

Fit statistics 
   

Log-likelihood 
 

-1097.2 -1095.72 

Pseudo–   
 

0.38 0.38 

Total respondents 
 

578 578 

Total choice tasks 
 

1732 1732 

Number of parameters  
 

10 11 

LR test statistic  
  

2.96* 

 
For comparison with the MXLrestict model, I calculate the mean and 95% 

confidence interval of      
          and      

           evaluated at the mean net 

wealth in our sample and for a 0.01 reduction in the monthly probability of infection, 

from             to            .   As with the other WTP measures in this paper, I 

use Monte Carlo simulation for confidence intervals, because      
          is a 
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nonlinear combination of the estimated parameters.  The results of this exercise are 

shown in Table C.2. 

TABLE C.2: WTP/WTA FROM MXLSTRUCT FOR 0.01 REDUCTION IN MONTHLY PROBABILITY 

OF MALARIA ILLNESS. Baseline risk is assumed to be 0.5 and risk reduction is 0.01.  Note that 

confidence intervals for the MXLstruct model includes the variation in household wealth. 

 MXLrestrict MXLstruct 

 WTP/WTA WTP WTA 

Mean $10.36 $5.96 $6.38 

95% confidence interval ($5.89 — $18.94) ($1.07—$26.93)  ($1.10—$29.2078) 

Utility theory for the structural specification 

Suppose a random expected discounted utility model of individual choice applies: That 

is, suppose that respondent   derives the following expected utility from program   over 

the life of the program, conditional on taste parameters    and an IID EVT1 disturbance 

term    :             

            

 

 

                (C.5) 

where      is the flow utility incurred by the individual,     is the pure rate of time 

preference.  Furthermore, suppose that flow utility is specified as follows: 

                                  
 

  

             (C.6) 

where      is a random binary variable that takes a value of 1 whenever individual   is ill 

with malaria and 0 otherwise,      is consumption at time  ,          is Dirac’s ―delta 

function,‖      is the indicator function,    is the interval of time between spray rounds 

for program   (the inverse of          ),      is a strictly increasing, concave function 

over consumption, and   ,   ,   , and     are individual  ’s direct utility coefficients.  
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Note that this specification assumes a discrete jump in utility whenever the household is 

sprayed, which leads to the use of Dirac’s delta function. 

 The point of this section is that the estimable model in (C.1) and (C.2)  can be 

obtained from the theoretical model (C.5) and (C.6) via the following 2 assumptions on 

the disease and consumption processes         and        : 

I. The disease process         is defined by the following hazard rates for 

infection and recovery: 

      
    

                         

(C.7) 

       
    

                         

 The rate    is the hazard per unit time of infection (a.k.a. the exposure rate) 

under program  , and   is the mean duration of a malaria episode. 

II. The economic process for consumption           solves the intertemporal 

optimization problem faced by a ―Ramsey consumer‖ (Ramsey 1928) with a 

unit elasticity of intertemporal substitution: 

                
             

               
 

 

 

                                                  

(C.8) 

where   is the real interest rate,     is the value of assets holding at  ,    is 

income,    are current assets shorthand for        ,      is the concave 

utility function for consumption, and    is shorthand for      , i.e. the fee or 

subsidy for participating in program i.        
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Solving the intertemporal optimization problem in Assumption II yields an expression for 

the indirect utility of present value net wealth and income, and implies that Equation 

(C.5) can be rewritten as: 

             

 

 

          

     
  

 
    

 
     

 

       
 

 
       

 
 

(C.9) 

where      is a strictly increasing concave function and I have moved the expectations 

operator into the expression using the Law of Conditional Expectations.  The vector of 

taste coefficients is defined as                   .  Assumption I can be used to 

solve for a closed-form expression for the expected value of the stochastic integral 

         
 

 
      , as stated in the following proposition.  Given the process         as 

defined in Assumption I, and rate of time preference    , the following can be shown:  

PROPOSITION C.1:        
 

 
             

        
 

Using this proposition and our previous results, I can convert the present value expected 

utility     to a constant flow utility      defined as:  

            

  

                 
    

          
  

 
                 

    

    
 

       
 

         
    

    

     

(C.10) 

Furthermore, we can approximate the concave function      with the isolelastic 

transformation                     .  The definitions of the re-scaled program 

attributes in (C.2) can then be substituted into (C.15) to obtain equation (C.1). 
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Proof of Proposition C.1 

Suppressing the   subscripts where convenient, I can write          
 

 
       as 

follows: 

         

 

 

             

 

   

       
  

 

       

 

   

         

 
 (C.11) 

where     the total time that has elapsed at the onset of the     episode and    is the 

duration of the     episode.  I can write    as the sum of episode durations and times 

between episodes, so that:            

                  
 
   

         

 

 

   

               

 

   

 

   

         

 
 (C.12) 

where    is the time between episodes     and  . (For completeness, assume     .)  

Now, the    and    are all distributed independently by assumption.  Taking expectations, 

I therefore have:       

                                     

 

   

 

   

           (C.13) 

This expression is a sum-product of moment generating functions evaluated at   . For 

the exponential distribution, these functions have a convenient analytical form, e.g. 

                 .  Equation (C.13) can thus be simplified to: 

           
 

      

  

     
 

  

     

   

      

   

   

 

   

 
  

             
  

  

     

   

      
 

  

   

 

(C.14) 

Using the formula for infinite sums, I therefore have: 
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 (C.15) 

 Q.E.D. 

Converting a cost per episode to a cost of permanent risk increase 

The measure I use in this study to report a values for malaria reduction is defined as 

follows: 

                                                          (C.16) 

The measure typically used in previous research (Whittington, Pinheiro et al. 2003; 

Cropper, Haile et al. 2004; Russell 2004) is: 

                                                       (C.17) 

In order to convert the measure   to   and vice versa, we require a function      that 

translates monthly malaria risk per person   into an expected number of yearly episodes 

 .  Given such a function along  , the WTP to reduce malaria risk from    to    for one 

year is: 

                        (C.18) 

For a marginal change in risk   of   , we can define a comparable measure to   by 

calculating the present value  stream of benefits using the discount rate  :   

           
       

 
 

        

 
 (C.19) 

In this study, I fix         (i.e. a 1% change in the monthly probability of infection).   

After constructing a simple simulation model, the derivative       turns out to be 

relatively constant, with               for            across a range of different 
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rates of recovery from illness (from 3-1 to 27-1 per day). For the discount rate, I consider 

1%, 3% (a standard WHO rate), and 10%. The measurements from this study are closest 

to those from previous studies at an effective discount rate of 10%.  
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Appendix D 

Analytic Results  

Proof of Proposition 4.1 

We seek to prove that any fixed point   for: 

                                    (D.1) 

given            , and  , is unique when 
  

   

   

  
 

  

   

   

  
   on the domain 

       .   Implicit differentiaton of the above equation yields: 

   
  

   

   

  
 

  

   

   

  
 (D.2) 

If      on the domain        , then   can cross the 45º line (the condition for a fixed 

point) at most once on that domain.  

General Conditions by Which the Maximization in (4.6) Has a Solution 

Note that   is continuous in        and   under quite general conditions (which depend 

on the probability density of random tastes).  Therefore, if the constraint space is compact 

(is bounded and includes its closest boundary), then the Extreme Value Theorem can be 

applied to establish that the problem in (4.6) has a solution.  To do this is, it is convenient 

to impose the additional lower bound    on the controls    and    (i.e. a levy cannot be 

higher than a household’s wealth).  Substituting the epidemiological constraint into the 

budget constraint yields an implicit function for         in terms of   , which is well-

defined and continuous as long as the conditions for Proposition 4.1 are satisfied;         

can in turn be substituted into the objective function.  After some rather tedious 

manipulation, it can be shown that     is strictly decreasing and hence invertible in   :  
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Defining     implicitly by            , we have the compact space          on which 

to maximize   with respect to    subject to            , having substituted all of the 

constraints directly into the objective function 

Epidemiological Model Description Following Grimm (2006) 

Purpose 

The purpose of this model is to understand how the IRS decisions of individual 

households in a given village affect malaria burden within the households which 

comprise the village.  An agent-based simulation model is chosen for this purpose 

because there is insufficient empirical evidence which directly analyzes micro-level 

benefits of IRS in reducing malaria burden within and across households.  Other agent-

based models examining community and individual-level effects of vector controls such 

as IRS exist (Chitnis, Schapira et al. 2010), but the data and modeling software in these 

studies are not yet in the public domain. 

State Variables and Scales 

There are three hierarchical levels in the model: individual, household, and village.  In 

this model, individuals are characterized only by their infection status, which is either (1) 

susceptible, (2) incubating liver-stage malaria, or (3) suffering from illness and 

infectious.  Households are characterized by their state variables: household size, their 

geospatial coordinates, weather (temperature and precipitation), mosquito abundance, the 

fraction of mosquitoes which are incubating malaria, the fraction of mosquitoes which 

are infectious (a.k.a. the sporozoite rate), the time since the most recent spray round in 
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which they participated, as well as their monthly income level.  Villages are characterized 

by their households and by the schedule of IRS rounds to be conducted there. 

 All state variables are represented by either discrete or continuous quantities.  The 

discrete state variables are infection status (indexed by household member) and 

household size (indexed by household).  The remaining state variables are continuous 

quantities. 

Process Overview and Scheduling 

Simulation of the model proceeds in eight day time steps.  Within each eight day interval, 

four submodels are processed in the following order: (I) weather updating, (II) IRS 

implementation and household participation decisions, (III) mosquito population 

processes, and (IV) disease processes in humans.  These processes are each shown in 

Figure 4.4. 

Design Concepts  

Observation (Model Outputs) 

There are 2 classes of outputs, one for using the model for policy analysis and the other 

for calibrating the model to empirical data.  The first consists of the expected number of 

malaria cases conditional on IRS participation or not; these are the quantities         

and         introduced in equation (4.3).  The second consists of malaria exposure 

rates.  These rates are evaluated without any IRS, for calibrating the de facto intensity of 

malaria transmission in the region, and exposure rates for variable levels of IRS coverage 

and participation, for calibrating the impact of IRS in reducing malaria transmission.  

Malaria exposure is defined in the model as the mean number of infectious bites received 
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per person, per unit time; this is also known as the ―entomological inoculation rate‖ or 

EIR (Smith and McKenzie 2004).  In this paper, all outputs are obtained from the 

epidemiological model by simulating it forward in time until it reaches equilibrium 

(while still permitting seasonality and stochasticity).  

 It was alleged in (4.11) that the expected risk functions    and    could be 

modeled using a linear regressions on the pseudorandom simulation output. An example 

of this relationship is shown in Figure D.1, for one of the 18 epidemiological scenarios 

analyzed. 

Emergence 

Disease dynamics in humans and mosquitoes, and population dynamics in mosquitoes, 

emerge from events which occur stochastically at the levels of individual humans and 

households based on the current state of the system, through decisions of the social 

planner whether or not to offer IRS in a given time interval, and through the decisions of 

households whether to participate in an offered IRS round.  With regard to humans, 

adaptation, fitness-seeking, individual prediction, and sensing are modeled via the 

economic framework described above.   

 With regard to mosquitoes, fitness-seeking is captured through migration of 

mosquitoes from one household to another:  Migration occurs as a part of host-seeking, 

whereby a fixed percentage of host-seeking mosquitoes leave the household in search of 

a bloodmeal elsewhere. 



 

 

 

 
FIGURE D.1: SIMULATED RISKS    AND     AS FUNCTIONS OF COMMUNITY-LEVEL IRS  COVERAGE ( ).      is the 

regression line through the ‘x’ points;    is the regression line through the ‘o’ points, for each village. The ‘x’ and ‘o’ points 

are pseudorandom simulation output.  These plots correspond to the epi. scenario with      ,       , and        .

1
5
7
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Stochasticity 

Randomness in the disease model is present in the form of event-driven stochasticity and 

parameter noise (Keeling and Rohani 2008).  The random events in the model are: (i) 

infection of humans with malaria, (ii) transition of humans from liver-stage to patent 

malaria illness, (iii) recovery of humans from malaria.  Each of these events is resolved 

via the calculation of hazard rates for each event at each timestep. The parameter noise is 

formulated via a process in which random, seasonal precipitation levels determine the 

levels of adult mosquito emergence, up to a proportionality constant. 

Collectives 

Households comprise the collectives in this model, and IRS decisions are made at the 

household level by the household-head.  Note that households are ex ante symmetric in 

this model due to constraints imposed by the need to couple model with the economic 

model in the main text.  This means that households in a given village are assumed: (a) to 

be possessed of the median wealth/income level of the village, (b) are such that all 

potentially household-specific parameters (e.g. vector emergence rates) are constant 

across households, (c) are located in space such that vector dispersion is symmetric.  This 

last assumption requires placing households on a circle; the radius of this circle for each 

village is calculated so that the average distance between the households is maintained.  

Note this average is distance is calculated by extrapolating the spatial distribution from 

the sample to the population, using total households counts (Figure 4.2A) and the spatial 

distribution inferred from the geographic coordinates of each sampled household.   
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Behavior of the aggregate variables in the model was not found to change from the 

imposition of this assumption.        

Interaction 

In this model, households are only assumed to interact with one another indirectly, via the 

movement of susceptible, incubating, and infectious, mosquitoes from one household to 

another.  Individuals remain stationary within their household.  As can be seen in Section 

4.2.1, households’ decisions whether or not to participate in IRS are not strategic, i.e. 

they do not depend on predictions of whether other households will participate in IRS. 

Initialization 

Because the model is analyzed at its steady state (which is stochastic and still exhibits 

seasonal forcing), varying initializations of the state variables does not have any impact 

on the output which is utilized in the main text.  The only exception to this rule is when 

initial malaria prevalence is very low, whereupon the probability of malaria extinction is 

non-negligible. Clearly, this special case is not applicable to the empirical context for 

considered in the paper.     

Model Inputs, Calibration, and Parameter Space for Sensitivity Analysis   

The parameter and data inputs and the calibration procedures are described in the main 

text.  The rainfall data cited in the main text are monthly; their annual means for 3 recent 

years are summarized below in Figure D.2.  
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Calibrating the biting rate so that exposure rates were consistent with estimates 

reported by Okello, van Bortel, et al. (2006) can be visualized as follows: The exposure 

rates for the 2 northern Ugandan sites monitored by OB are plotted in Figure D.3.  

 
FIGURE D.2: ANNUAL RAINFALL FOR SURVEYED 

VILLAGES. Source: Love (2002) and the NOAA 

Climate Prediction Center (2002).  

 
FIGURE D.3: ENTOMOLOGICAL INOCULATION RATES BY 

OKELLO, VAN BORTEL, ET AL. (2006). These EIRs were measured 

by the cited study’s authors between June 2001 and May 2002. 

The January 2002 EIRs were not reported by the study’s authors 

and were interpolated. 
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Given these reported estimates, a number of simulations of the transmission model were 

performed for each of the 15 villages and compared to the empirical estimates.  Biting 

rates were chosen for each of the 2 exposure scenarios (the solid line and the dotted line 

in the above figure) that minimized the simulated average annual EIR compared to the 

average annual EIR reported by OB.  An example of the simulated exposure rates can be 

seen in Figure D.5.    

 After calibrating biting rates to empirical exposure estimates, the vector mortality 

rate    conditional on IRS exposure was calibrated to empirical estimates of relative EIR 

reductions resulting from widespread IRS coverage (Shaukat, Breman et al. 2010).  This 

procedure is described in the main text.  Figure D.5 summarizes the procedure. 

 
FIGURE D.4: SIMULATED RELATIONSHIP BETWEEN RELATIVE MALARIA EXPOSURE 

REDUCTIONS AND MOSQUITO LONGEVITY WHEN EXPOSED TO IRS. The transmission model was 

found to yield an approximately linear relationship between relative exposure reductions and 

mean vector survival times.  A linear regression was fitted to the simulated output to calculate 

the impact of IRS on vector longevity necessary to achieve a given reduction in exposure. 



 

 

 

FIGURE D.5: BASELINE SIMULATED MONTHLY EIRS FOR THE 15 SURVEYED VILLAGES.  Simulated EIRs were drawn over 

a 7-year period following 4 years of model burn-in (to reach the steady state).  The ‘o’s correspond to the high baseline 

exposure scenario, and the ‘*’s correspond to lower transmission scenario.  The stochasticity in the plots is due to (a) 

pseudorandom draws from a seasonally-dependent distribution of precipitation, and (b) intra-household, event-driven 

stochasticity in transmission.  The evident bimodality of the EIRs over time is due to the 2 wet seasons which are a feature 

of the climate in this area of Uganda. These plots correspond to the epi. scenarios with      .  

1
6
2
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Mathematical Details of Intra-Household Transmission and Vector Diffusion 

Note the notation in the following is independent from all of the preceding notation in 

this document.   

Human Transmission 

For a given village, consider a population of   households, indexed by  , in which the 

population for each household is denoted   . 

The epidemiological model categorizes humans according to 3 characteristics: (a) 

infected/infectious/uninfected, (b) immune/naïve, (c) treated/untreated.  The notation for 

the human population state variables, indexed by household, with the time argument 

implicit is: 

   Naïve, uninfected 

   Naïve, exposed 

  
  Naïve, infectious-symptomatic, untreated 

  
  Naïve, infectious-symptomatic, treated with drug    

   Immune, uninfected (recovered without treatment) 

   Immune, exposed   

   Immune, infectious 

In what follows, we use lower case letters of the above state variables to denote the 

proportion of the household in that state, e.g,         .  

 



 

164 

 

Assume:  

(1) That the uninfected (naïve or immune) are infected at household-specific rate 

  , which is elaborated on below.  This rate is referred to as the force of infection. 

(2) That treatment occurs immediately upon infection (simplifying assumption).  

(3) That the untreated recovery rate from a malaria infection in naïve individuals is 

constant across the population and is denoted  , and that the recovery rate given 

treatment with drug     is   . 

(4) That there is only one strain of malaria. 

(5) That immune individuals are not treated (simplifying assumption). 

(6) Every untreated case that recovers acquires immunity. 

(7) That treated cases that recover return to naïve, uninfected status. 

(8) That exposed cases become infectious (and symptomatic, in the case of naïve 

individuals) after an average of   days of incubation. 

(9) That the untreated recovery rate from a malaria infection in immune individuals is 

constant across the population and is denoted  . 

(10) That immunity is maintained through re-exposure, with uninfected immune 

individuals returning to naïve status at rate  . 

These ten assumptions lead to the compartmental disease model in the human population, 

represented in the schematic in Figure D.6. 
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FIGURE D.6: SCHEMATIC OF HUMAN TRANSMISSION. 

For the present paper, the human immunity dynamics were switched off because few 

sources could be isolated in the literature to parameterize this component.  This 

submodule can be turned off by setting    .  

Vector Ecology and Transmission 

The vector population and infection dynamics are used to determine the household-

specific force of infection   .  The vector model categorizes (adult, female) vectors as 

uninfected, exposed, or infectious.  The notation, indexed by household, with the time 

argument implicit is: 

   Uninfected vectors 

   Exposed vectors 

   Infectious vectors 

   Total vectors (redundant state) 
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Assume: 

(1) Vectors are recruited at rate      , i.e. recruitment is density-independent.  The 

nature of recruitment is elaborated on later. 

(2) Vectors die at rate   , regardless of infection status. 

(3) Infection in vectors is permanent. 

(4) Vectors bite humans at a constant rate  , regardless of infection status in vectors 

or humans (simplifying assumption), and regardless of other characteristics of 

humans, e.g. age, gender, occupation, etc. 

(5) If an uninfected vector bites an infected human, it becomes infected with constant 

probability    . 

(6) If an infected vector bites an uninfected human, it infects that human with 

constant probability    . 

(7) Exposed vectors become infectious after an average incubation period of   , 

which is elaborated on later. 

(8) Spatial mixing assumption: Vectors emigrate from household   to household   

at a rate invariant with regard to infection status.  This rate is         , where 

     is a distance kernel,     is the distance between households   and  , and   is 

a constant.  We assume that      is integrable and differentiable, and that     .   

These eight assumptions lead to an expression for the force of infection    in terms of 

other variables in the model: 
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 (D.3) 

These assumptions also lead to the compartmental disease model in the human population 

represented in Figure D.7.   

In both Figure D.6 and Figure D.7, the incubation times   (human) and   (vector) 

are assumed to follow exponential distributions, so that the rate at which exposed 

individuals become infectious is the reciprocal of the expected incubation time. 

FIGURE D.7: SCHEMATIC OF VECTOR TRANSMISSION AND SPATIAL MIXING. 

Macdonald-Ross Equilibrium in Vector Migration and Infection Status 

The Macdonald-Ross assumption typically used in malaria transmission models states 

that the relevant dynamics in the vector population are at equilibrium.  We augment that 

assumption here to account for spatial mixing.  Assume: 

(1) That the dynamics represented in Figure D.7 follow a deterministic system of 

differential equations. 

(2) That all of the dynamics represented in Figure D.7 are at equilibrium. 

We use these two assumptions to derive the following equilibrium for the vector 

population.  This is done simply by equating the positive flow rates with the negative 
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flow rates for each of the three state variables.  Doing so yields the following linear 

equations to be solved: 

  
  

            
 

                      
 

  
 

  
   

           
 

    
           

 

               

 

  
  

 
  

  
           

 

          
 

(D.4) 

This system can be expressed as a linear algebraic system of equations: 

      

        

       

(D.5) 

where: 

  is     with rows defined by: 

                             
 

          

             is     

  is     with rows defined by                 
 

  
        

                 is      

  is     with rows defined by                            

  is     with elements defined by       
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Assuming      and   are each invertible, which is true in all but some pathological 

cases, then    can be solved as: 

               (D.7) 

This can be substituted into equation (D.3) to obtain a spatial generalization of the 

standard Macdonald-Ross expression for the force of infection, which in the spatial case 

is a     vector     defined by:    

      
  

         
  

                
(D.8) 

where                   is    .  As in the non-spatial model, the Macdonald-

Ross expression for the force of infection reduces the force of infection from a function 

of the vector ecology state variables to simply a function of the human population states.  

In the nonspatial context, this reduces the vector-borne transmission model to a quasi-

linear compartmental disease model, akin to models of direct transmission.  In the spatial 

context, the generalized Macdonald-Ross assumption provides even more convenience, 

as it eliminates    state variables from the system. 

Equilibrium Vector Density 

It is useful to have an expression for the equilibrium mosquito density per household.  

The differential equation for overall mosquito density given the above equations is: 

             

   

   
 
     

   

    (D.9) 

So equilibrium mosquito densities satisfy: 
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Or: 

           (D.11) 

where: 

      
 

            (D.12) 

Migration Rates 

Migrant mosquitoes in search of a host from household   are assumed to proceed to the 

nearest household   at a rate inversely proportional to distance     between the two 

households. 

Therefore, given a proportionality constant  , the migration rates are all defined 

as:  

      

                                          
 

   
              

    
     

                                         

  (D.13) 

One way to parameterize the constant   is to assume: 

(1) Assume       is the fraction of time vectors spend host-seeking and 

feeding. 

(2) Assume that a fraction   of feeding vectors leave the household in search 

of a blood meal. 
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(3) Assume that vectors travel at exponentially distributed velocity 

              . 

Then the hazard rate that a given vector covers the distance     between household   and 

  is: 

    
       

     
 

 

   
                                        (D.14) 

In the model here, I fix             and                 (Kaufmann and Briegel 

2004), and vary                     as per the sensitivity analysis protocol. 
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