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Abstract This paper bridges the theoretical and empirical literatures on the role of pref-
erence heterogeneity in characterizing externalities related to disease transmission. We use
a theoretical structure similar to locational sorting models, which characterize equilibria in
terms of marginal individuals who are indifferent between locations. In our case, the ‘loca-
tions’ are binary, consisting of whether or not to take a discrete preventative action. Individual
heterogeneity arises in this structure due to variation in the costs and disutility associated with
prevention. We demonstrate application of this approach in the context of participation in
insecticide-based indoor residual spraying programs for malaria control in northern Uganda.
We identify the parameters of our theoretical model using a stated preference choice exper-
iment combined with estimates from published epidemiological studies. The model implies
that Pigovian subsidies for participation in this context should decrease householdmalaria risk
by 19–25%. Our approach can be applied to other bioeconomic externalities with spillovers
from discrete preventative actions, including agricultural pest management and the control
of pest infestations and invasive species.
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1 Introduction

Multiple externalities—both positive and negative—arise in infectious disease prevention.
Previous research has highlighted the positive externalities arising from spillover benefits
of individuals’ prevention efforts (Brito et al. 1991; Francis 1997; Gersovitz and Hammer
2004a, b; Cook et al. 2009; Althouse et al. 2010). Negative externalities also can arise, par-
ticularly in insect-transmitted diseases such as malaria. These externalities stem from both
the human health and environmental risks generally implied by insecticide usage. Additional
negative externalities can emerge from the evolution of insecticide resistance (Brown et al.
2013).Other studies, focused on antibiotic resistance, illustrate how the efficacy of biocides—
antibiotics, insecticides, herbicides, etc.—can be treated as an open-access resource when
one accounts for the evolution of resistance (Herrmann and Gaudet 2009). In this paper
we develop a heterogeneity-based empirical approach using a discrete choice experiment
(DCE) but inspired by locational sorting models for estimating these types of externalities
and efficient Pigovian incentives for internalizing them.

Evaluation of individual heterogeneity in the study of externalities has been recognized as
increasingly important, usually for three reasons: Better representations of heterogeneity can
improve the statistical fit of econometric models (e.g. Balcombe et al. 2009). Heterogeneity
is also important for identifying the distributional effects of environmental policies (e.g.
Eliasson and Mattsson 2006). Finally, observable individual behavioral heterogeneity can
be used by policymakers to improve the efficiency of environmental policy, by potentially
targeting incentives at the most responsive individuals (e.g. Ferraro and Miranda 2013).

There is, however, an additional, theoretical reason for considering preference heterogene-
ity in cases where externalities arise from the aggregation of individuals’ discrete decisions.
This type of coordination failure was formalized by Schelling (1969, 1971), who developed
a framework for explaining how a broad range of social dilemmas and coordination prob-
lems can emerge from the independent actions of heterogeneous agents. This theoretical
framework is perhaps best known as the basis for the locational sorting models that have
seen intensive empirical application in recent years (see Kuminoff et al. 2013 for a review),
including air pollution externalities (Bayer et al. 2009), congestion externalities (Timmins
and Murdock 2007), and bioeconomic externalities in fisheries management (Zhang and
Smith 2011).

However, Schelling’s conceptual framework has also served as the basis for theoretical
analyses of infectious disease externalities: For discrete individual choices about disease
prevention—such as vaccination, the decision to take an antibiotic, or whether to spray one’s
homewith insecticides—preference heterogeneity can be viewed as determining the theoreti-
cal indifference conditions characterizing laissez faire coverage levels of disease prevention.
In this framework Pigovian incentives act to achieve socially optimal participation levels
by shifting the marginal individual along the preference distribution so that the indifference
condition coincides with the optimality condition characterizing social efficiency. In this con-
text, heterogeneity is indispensable for understanding externalities involving such discrete
choices: Using a representative agent in the model, rather than a distribution of agents, leads
to nonsensical corner solutions.

Brito et al. (1991) and Francis (1997) use such a framework to theoretically analyze how
heterogeneous individual vaccination costs (bothmonetary and nonmonetary) can give rise to
positive disease-prevention externalities. Herrmann and Gaudet (2009) rely on the assump-
tion that health gains from antibiotic use are heterogeneous across infected individuals, to
develop an open-access characterization of antibiotic supply and demand. Althouse et al.
(2010) repackage these types of analyses for a more general audience and provide some
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simple applications (e.g. measles vaccination, antibiotic resistance in otitis media and antivi-
ral therapies for influenza) to both positive and negative infectious disease externalities.
Fenichel et al. (2011) focus on how heterogeneity in the contact rates of individuals across
different health states can dramatically affect transmission dynamics of an infection.

In this paper we contribute to this research by developing an empirical approach for
applying these theoretical models of disease prevention externalities, and demonstrating this
approach to estimate socially efficient Pigovian subsidies for an insecticide spraying program
to prevent malaria. Considered relative to other locational sorting models, our model can
therefore be viewed as one consisting of only two ‘locations’: participate in the disease
prevention program or opt out. Another important difference between our approach and
sorting models is that our econometric analysis identifies the preference parameters of the
model using a choice experiment and only then use the definitions of sorting equilibria
in welfare analysis (for computing Pigovian incentives). Standard applications of sorting
models rely on sorting equilibria for econometric estimation as well as welfare analysis (e.g.
Timmins andMurdock 2007). Nevertheless, considered in a broad sense, we are not aware of
this connection between empirical sorting models and infectious disease externalities having
been previously recognized.

Our approach therefore bridges two literatures, connecting theoreticalmodels of infectious
disease externalities to econometric locational sorting models. Recognizing this connection,
we tailor mathematical theorems on equilibrium existence and uniqueness from the broader
sorting literature (Brock and Durlauf 2001; Bayer and Timmins 2005) to the disease preven-
tion case. We also obtain comparative static results concerning how changing the mean and
variance of the preference distribution affects equilibrium participation in an infectious dis-
ease prevention program.While simple to illustrate graphically, we are not aware of previous
analysis of the comparative statics for binary decision sorting models.

Our approach also crystallizes the key points of disciplinary interface: Economic analysis
provides a model of how individuals respond to incentives and perceived disease risks, and
it also provides a social welfare metric (the sum of individually varying utilities). Epidemio-
logical research defines the nature of the disease prevention spillover, in our application how
individual-specific disease risks—and overall disease incidence—can be expected to respond
to individual choices and collective action. The general approach described here is also suit-
able for application beyond infectious diseases of humans, in principle being applicable to
a variety of bioeconomic systems. This could include the use of pesticides and pesticidal
crops in agricultural systems (e.g. Hutchison et al. 2010) and invasive species impacts on
biodiversity (Perrings et al. 2002; Holmes et al. 2008).

Our data come from a study of household participation in ‘indoor residual spraying’ (IRS)
programs for controlling malaria in northern Uganda. In short, IRS consists of government
teams visiting homes in malarial areas and spraying the interiors with insecticides which
both kill and repel malaria-transmitting mosquitoes and often other insects. Current IRS
programs, almost all of them being deployed in low-income regions, are provided free-of-
charge to households. However, in most such programs, there is some inconvenience and
time-cost imposed on households who decide to participate. There is also a potential cost to
household members associated with the risks—real or perceived—of intimate and prolonged
exposure to insecticides. This paper is therefore also related to the literature on willingness-
to-pay (WTP) for reductions in pesticide exposure (Florax et al. 2005; Chalak et al. 2008).

The free provision of existing IRS programs precludes the use of revealed preference
approaches for valuing IRS side effects, including risks from insecticide exposure, time cost
and inconvenience, as well as possible ‘side benefits’ from spraying (e.g. a reduction in the
abundance of nuisance insects). This paper therefore uses survey data from a face-to-face
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discrete choice experiment (DCE) conducted in northern Uganda to estimate the magnitude
of these side effects, both in monetary terms and relative to malaria risk reduction benefits.
Using a random parameters econometric model of households’ discrete choices whether
to participate in IRS programs, the distribution of these side effects across households is
estimated, providing a conformable structure with which to apply the (binary) sorting model.
Importantly, the combination of empirical and theoretical approaches for estimating disease
externalities can in principle be applied using both stated and revealed preference data, even
though locational sorting models (to our knowledge) have only ever been estimated using
revealed preference data (usually property values).

From an empirical perspective, the approach we advance here can perhaps be most closely
linked to a study by Cook et al. (2009), who estimate socially optimal vaccine subsidies using
the contingent valuation (CV) method. A limitation of the CVmethod for this purpose (noted
by the authors) is that estimating the benefits of ‘herd immunity’ (protection conferred to the
unvaccinated by the vaccinated) requires additional data (in their case, estimates of the value
of a statistical life or VSL) outside of the CV exercise. Consequently, the authors observe
that “one promising strategy for measuring the tradeoff between willingness-to-pay (WTP)
and effectiveness is the use of conjoint/choice experiments where (vaccine) effectiveness is
one attribute.” This provides additional motivation for the use of a DCE and the development
of an accompanying theoretical framework in this paper.

Our results imply that the efficient level of these subsidies—estimated at $5 per household
per month—substantially exceeds the costs of service provision (approximately $0.83–$1.67
per household permonth). Furthermore, the analysis suggests that, for reasonable values of the
biological/epidemiological parameters, the implementation of such incentives could decrease
malaria cases by between 19% and 25% in this region. These estimated effects are (unsur-
prisingly) sensitive to the epidemiological assumptions, as illustrated in the supplementary
material, and are subject to some caveats discussed at the end of the paper.

The next section provides a theoretical model of disease prevention, specifically IRS
for preventing malaria. Contextual background on malaria and IRS in northern Uganda are
then presented, followed by a discussion of the household survey and implementation of the
discrete choice experiment. Econometric results are then presented followedby a computation
of the externality and optimal Pigovian incentives of IRS participation. A discussion of these
results concludes.

2 Theoretical Model

We study a general random expected utility model of a household’s decision to take a binary
preventative action q to reduce the risk of infection from a transmissible pathogen or, anal-
ogously, infestation by a pest. If q = 1, the preventative action is taken; otherwise, q = 0.
For empirical application to standard econometric discrete choice models, utility is assumed
to be additively separable in: the disutility θ < 0 of being infected or invaded, the marginal
utility of money α > 0, and any utility side-effects η associated with taking action to prevent
infection. The two possible states s are infected/invaded (s = 1) or uninfected/uninvaded
(s = 0). The state-contingent utilities, as a function of the binary action q , can be written
as us,q = θs + αYq + ηq , where Yq is the household’s amount of money conditional on
action q . The probability of infection is ρq ∈ [0, 1], and also depends on the household’s
preventative action q , with the action yielding a risk reduction: ρ1 < ρ0. The household’s
expected utility as a function of its action is therefore vq := Es

[
us,q

] = θρq +αYq +ηq . We
also specify Y1 = Y + C and Y0 = Y , where Y is baseline income or wealth (depending on
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the modelling context) in the absence of preventative action and C is the net of any monetary
transfers associated with taking action (q = 1): Generally C > 0 would represent a net
subsidy to the household, whereas C < 0 would represent net payment by the household
required to take action.Writing each of these utilities out explicitly as a function of the action,
we have:

v1 (η) = θρ1 + α (Y + C) + η

v0 = θρ0 + αY (1)

We write v1 (η) throughout to emphasize that utility from participation is a function
of the net side-effects η on utility from taking preventative action. The parameters, along
with the distribution of η, are estimated econometrically in our application later in the
paper.

Note that (1) is only one among many ways that heterogeneity could be introduced in this
model. For example the taste parameter θ associated with infection risk could also be allowed
to vary, e.g. to capture variable perceptions of the probability of illness. A similar theoretical
framework could be developed for these alternative formulations. The specification used
here is based on statistical tests of the estimated choice models (presented below). Also note
that a formulation equivalent to (1) could allow no-action expected utility to itself include
an additive random error ε—i.e. v0 = θρ0 + αY + ε. This formulation is equivalent to (1)
because choice is determined only by differences in utility so that ε is subsumed into η. We
use the formulation in (1) in this section because it simplifies exposition, by capturing all
heterogeneity within one term.

With those qualifications, define the overall fraction of those taking preventative action in
the relevant population as Q, which is simply the mean level of effort q in the population. The
malaria risk levels ρ1 and ρ0 are assumed to depend on Q, which is the key assumption giving
rise to the externality examined here. In particular, agents in the community are assumed to
benefit from others’ preventative action [for an example of this effect with respect to our
application to insecticide spraying for malaria control, see Zhou et al. (2010)]. That is,
dρ1/dQ < 0 and dρ0/dQ < 0.

A rational household takes action whenever v1 (η) > v0. We assume that side-effects η

are distributed across the population according to a continuous probability density function
f (η) with support (−∞,∞). Then the level of action implied by this model satisfies Q =∫
{η|v1(η)>v0} f (η) dη, which can be written as:

Q
(
η
)

=
∫ ∞

η

f (η) dη

η (Q) = −θ [ρ1 (Q) − ρ0 (Q)] − αC (2)

The term η defines the net side effects for the marginal participant, i.e. one who is indif-

ferent between participating or not so that v1
(
η
)

= v0. Note that (2) is a system of equations

in Q and η, and equilibrium is a pair of these variables satisfying this system. The fact that

θ < 0 and α > 0 implies that when C ≥ 0 then η < 0:1 The marginal participant finds
the malaria reduction benefits net of the monetary transfers to be exactly offset by what she
perceives as negative side-effects (η < 0) of action. The status quo equilibrium of this model
has no monetary transfers, positive or negative (C = 0), and we define this equilibrium in

1 To see this, examine the second line of (2): η = −
(−)
︷︸︸︷
θ

(−)
︷ ︸︸ ︷
[ρ1 − ρ0]−

(+)
︷︸︸︷
αC < 0.
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terms of the participation level Q∗ = Q|C=0 and η∗ = η|C=0. The indifference condition
for this equilibrium can be expressed as follows:

θ
[
ρ1

(
Q∗) − ρ0

(
Q∗)]

︸ ︷︷ ︸
Marginal risk reduction benefits

= −η∗
︸︷︷︸

Marginal side effect

(3)

Note that this equilibrium rules out any strategic or cooperative behavior among individual
agents. Brock andDurlauf (2001) explain this point further for a general class of binary choice
models with social interactions. In the present context such behavior would be relevant to
consider in a setting where a single agent’s preventative action has a significant effect on
overall community-level infection levels. (As discussed below there is no evidence this is the
case with our application to IRS spraying for malaria control.) Existence, uniqueness and
comparative static properties are addressed below, after comparing this type of equilibrium
to a socially optimal one, which we now define.

Social welfare (SW ) is assumed to be the total utility of those taking action or not, in a
population of size N :

SW = N

{

(1 − Q) v0 +
∫ ∞

η

[v1 (η) − αk] f (η) dη

}

(4)

Here we account for any direct, per-household costs of taking action (often borne by the
government or donors) as k. This service cost should in principle be included in the laissez
faire equilibrium in Eq. (3), but in our application to IRS for malaria control in northern
Uganda the service costs of spraying are completely subsidized by the government and
international donors. Moreover, as the empirical analysis demonstrates, this service cost is
very small compared to the other estimated costs and benefits of spraying, so we do not dwell
on it here.

Simple manipulation of the first-order optimality condition (FOC) that ∂SW/∂η = 0,

with the condition that Q
(
η
)

= ∫ ∞
η

f (η) dη, yields the following condition for the socially

efficient level of preventative action Qo:2

θ
[
ρ1

(
Qo) − ρ0

(
Qo)]

︸ ︷︷ ︸
Marginal private benefits (MPB)

+ θ

[
Qo dρ1

dQ
+ (

1 − Qo) dρ0
dQ

]

︸ ︷︷ ︸
Marginal external benefitfrom participation

︸ ︷︷ ︸
Marginal social benefits (MSB)

= αk − ηo
︸ ︷︷ ︸

Marginal costs (MC)

(5)

This condition is composed of two terms. The first term is the direct marginal net benefit
to households from preventative action: If this were the only term in the first-order condition,
then the social optimum would coincide with the status quo equilibrium. The second term
is the indirect marginal effect on welfare of increasing preventative action. This term is
positive, and arises from the protective effects a household gains from overall community-
level prevention, regardless of its own action. If no such protective effects were to arise
(dρ1/dQ = dρ0/dQ = 0), then this indirect effect would be zero, and the first-order
condition in (5) reduces to the indifference condition in Eq. (3).

2 To complete this calculation, first compute the partial derivative ∂Q
∂η

=
∂
[∫ ∞

η f (η)dη
]

∂η
= − f

(
η
)
.
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When marginal external benefits are positive and when an interior level of action is
optimal, the preventative action confers a positive externality, and therefore the appropri-
ate Pigovian incentive becomes:

Co = θ

α

[
Qo dρ1

dQ
+ (

1 − Qo) dρ0
dQ

]
− k (6)

Substituting this expression forCo forC inEq. (3) results in a participation level that coincides
with the social optimum Qo in Eq. (5).

Figure 1 visualizes the logic of this externality. For concision, we exclude service costs in
the figure (k = 0); all of the following generalizes for k > 0. The figure plots the three curves
in Eq. (5): marginal private benefits (MPB), marginal social benefits (MSB) and marginal
costs (MC), which here are just the negative of the side effect η. As usual, the laissez faire
coverage level Q∗ lies at the intersection of theMPB andMC curves, and the socially efficient
coverage level Qo lies at the intersection ofMSB andMC. TheMPB andMSB curves capture
all of the epidemiology in the externality, whereas the MC curve is simply the inverse of the
cumulative distribution function (CDF) of side effects across the population. Figure 1 also
makes it obvious that Co > C∗, because MSB > MPB and MC is always upward sloping
given that it is an inverse CDF. The shapes of the curves come from the empirical analysis
later in the paper: Observe in particular that the MPB andMSB curves are nonmonotonic but
concave. In general, the epidemiological model can yield a variety of shapes for these curves.

Conditions providing for the existence, uniqueness and comparative statics of the laissez
faire and socially optimal equilibria can be proven. The existence and uniqueness claims
closely follow Brock and Durlauf (2001) and Bayer and Timmins (2005), but tailored for the
specific nature of the infection prevention spillovers. We reserve the mathematical proofs of
these claims for the supplementary material, but discuss their logic in terms of Fig. 1.

Claim 0 (equilibrium existence)—Given the other preconditions stated in the paper, solutions
to Eqs. (3) and (5) exist, as long as ρ1 and ρ0 are both continuous, have continuous first
derivatives, and are finitely valued over the domain Q ∈ [0, 1].

Claim 1 (equilibrium uniqueness)—If ρ1 and ρ0 are both continuous, have continuous and
differentiable first derivatives, and are finitely valued over the domain Q ∈ [0, 1], then there
exists a σ 2 ∈ (0,∞) such that if Var f (η) > σ 2 then equilibria solving (3) and (5) are
unique. Moreover, the unique solution to (5) provides a global optimum maximizing the
social welfare expression in (4).

Claim 2 (comparative statics)—Suppose that η is distributed as the sum of a normal random
variable with meanμ and standard deviation σ , and an independently, logistically distributed
random variable with mean zero and unit standard deviation. Additionally, assume that an
interior level of coverage Qo ∈ (0, 1) solving (5) is socially efficient (see Claim 1), and
that d(ρ0−ρ1)

dQ < 0 (direct private benefits decreasing with expansion of population-level
coverage). Then marginal changes in μ and σ affect Q∗ and Qo as follows:

i. Effects of μ : ∂Q∗
∂μ

> 0 and ∂Qo

∂μ
> 0.

ii. Effects of σ :
a. If ηo > μ, then ∂Qo

∂σ
> 0; η∗ > μ, then ∂Q∗

∂σ
> 0.

b. If ηo < μ, then ∂Qo

∂σ
< 0; η∗ < μ, then ∂Q∗

∂σ
< 0.

First, note that equilibrium existence is an intuitive consequence of the fact that the MPB and
MSB curves are finitely valued at Q = 0 and Q = 1, while the MC curve approaches−∞ at
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IRS coverage level (Q)
QoQ*

0
- *

- o

Marginal 'costs' (- )

Co

10

Marginal private benefits
(MPB):  ( 1- 0)

Marginal social benefits (MSB):
MPB + [Q*d 1/dQ+(1-Q)*d 0/dQ]

Fig. 1 Depicting laissez faire and socially efficient equilibrium coverage levels

Q = 0 and∞ at Q = 1, a natural consequence of the assumption that the distribution of η has
positive support over (−∞,∞) and that the density f is assumed to be continuous. Concern-
ing the conditions for equilibrium uniqueness, note in Fig. 1 that the MPB and MSB curves
are everywhere flatter than the MC curve, admitting only one possible point where each of
the former can cross the MC curve: However, if the variance of η were decreased enough, the
MCwould become flat enough in themiddle to possibly cross theMPB andMSB curves each
exactly three times. In fact this situation yields two stable equilibrium—one with high cover-
age and one with low coverage—separated by one unstable equilibrium, an early point made
by Schelling (ibid.). Thus, intuitively there is a threshold variance for η above which only
one equilibrium for the laissez faire case, and one for the socially efficient case, can obtain.

Figure 1 also makes it easy to visualize the comparative statics regarding heterogeneity
(Claim 2), i.e. changes in the density function f and henceCDF of side effects η.3 A variance-
preserving increase in the mean of f shifts the MC curve in Fig. 1 downward, from which
one can conclude that both the laissez faire and socially efficient coverage levels increase.
A mean-preserving spread of f (i.e. an increase in the variance) has ambiguous effects on
equilibrium coverage levels: As discussed above, an increase in the variance rotates the MC
curve counter-clockwise, making it flatter in the middle section of the figure. This has the
effect of reducing both Q∗ and Qo when their associated threshold side effects η∗ and ηo are
less than the mean/median side effect, and increase the coverage levels when these thresholds
exceed the mean/median.

3 Malaria and Indoor Residual Spraying in Northern Uganda

We apply the above theoretical model to malaria control via IRS in northern Uganda, the
context for which is explained in this section. In this application the binary preventative

3 Comparative statics of laissez faire and socially optimal equilibria Q∗ and Qo with respect to any model
parameter then proceed using the Implicit Function Theorem applied to equation system (2) and (5) respec-
tively, as shown in the supplementary material.
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action is the household’s decision whether to participate in IRS. This context lends itself
to the above model, because household’s participation in IRS directly reduces their malaria
risk but increasing overall participation in IRS reduces malaria risk for nonparticipants and
participants alike (e.g. Chitnis et al. 2010).

The use of insecticides in public health programs to control vector-borne diseases presents
a classic example of a ‘risk–risk’ tradeoff: Insecticides can yield dramatic risk reductions in
insect-transmitted diseases, but do so at the cost of increasing the exposure to the human and
environmental hazards of these chemicals. This tradeoff is particularly salient in the case of
malaria control in low-income countries, due to heavy reliance on IRS.

It is instructive to specifically consider the current status of the insecticide DDT in malaria
control. Despite nearly all high-income countries prohibiting the use of DDT due to its envi-
ronmental and health risks, ten low-income countries were still using the chemical to control
insect-transmitted diseases as of 2009 (WHO 2011). For these countries DDT remains a cost-
effective tool in settings where malaria prevalence remains persistently high. Mozambique,
for example, continues to use DDT and at the same time has areas with malaria prevalence
exceeding 50% among children under 15years of age (Temu et al. 2012). Other countries,
such as Uganda (the country studied in this paper), have similarly high malaria prevalence
rates, but have abandoned DDT use (since the time the data for this study were collected)
due to the perceived risks involved. Internationally, DDT is regulated under the Stockholm
Convention for Persistent Organic Pollutants, which permits its use only for public health
applications and in the absence of “locally appropriate and cost-effective alternatives” (Stock-
hom Convention 2009). The particularly strong tradeoffs involved in using DDT for malaria
control have generated an ongoing debate among public health experts (Tren and Roberts
2010; Bouwman et al. 2011), and have given rise to dedicated decision analysis tools for
addressing this problem (Kramer et al. 2009; Pedercini et al. 2011). This debate is no doubt
catalyzed by the historical controversy surrounding DDT use for agricultural purposes and
its environmental effects in the USA, popularized by writings such as Silent Spring (Carson
1962).

Due to climatic and ecological factors, northern Uganda has been and remains a region
with some of the highest malaria transmission potential on the planet. Exposure rates have
beenmeasured to reach as high as 300 infectiousmosquito bites per person permonth (Okello
and et al. 2006). One study has found that in one district of northern Uganda, nearly half of
children under 5years of age had malaria parasites in their blood (Steinhardt et al. 2013).

To combat these high levels of malaria, the Ugandan government has partnered with the
WorldHealth Organization (WHO), theUSAgency for International Development (USAID),
and the Global Fund to Fight Aids, Tuberculosis and Malaria (GFATM) to expand coverage
of a variety of malaria control services. In northern Uganda—which is more rural and less
developed than the south (where the capital city Kampala is located)—IRS has been more
heavily relied on.4 Prior to our data collection, one round of IRS had been conducted between
February and April 2008 in Gulu and Oyam districts of northern Uganda, led by USAID
contractors in cooperation with the Ugandan National Malaria Control Program. The district
of Gulu was sprayed with the pyrethroid insecticide lambda-cyhalothrin (commonly referred

4 While tangential to the focus of this paper, it should be noted that a rebel insurgency that began in the
1980s and persisted into the 2000s demolished much of the infrastructure in northern Uganda, and resulted in
the displacement of a number of inhabitants in the north. These “internally displaced persons” (IDPs) were
relocated into IDP camps. IRS was used extensively in these camps because the high population densities
made it a relatively cost-effective control strategy. However, once the IDPs returned to their home-sites (a
process that occupied a period between 2008 and 2009), IRS services continued intermittently, though their
frequency was reduced due to increased cost of accessing the more remote locations.
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to by its trade name ICON), and Oyam district was sprayed using DDT (PMI 2009). After
this single round of DDT-based IRS, organic farmers in Oyam (who sell predominantly to
European markets, and enjoy a price premium for their products) filed an injunction through
the Uganda justice system to suspend the use of DDT (Kron 2011).

The 2008 IRS round proceeded as follows:5 After radio advertising and consultation with
village leaders and local health workers, IRS teams would arrive in villages at designated
times. Households were expected to have their homes unlocked with all belongings removed,
and to have retrieved 10 l of water. IRS workers would then inspect homes to ensure that they
were empty before dissolving a sachet of insecticide in their spray tanks using water provided
by households. Spraying of the surfaces of the residential structures, usually consisting of
one- to three-room mud huts, took less than 1h to complete. Spraying was typically con-
ducted 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, nonpar-
ticipation was relatively uncommon, though our independent survey results (summarized
below) suggested that nonparticipation was near 15–20%, much higher than that implied
by program managers. While participation was strongly encouraged and information widely
disseminated by authorities, households could opt out through non-confrontational means:
Anecdotal reports suggested that nonparticipation primarily occurred because household
members were absent and their homes were locked. Given the degree of information dissem-
ination by the IRS teams, it is reasonable to infer such nonparticipation was largely driven
by intentional, informed decisions.

4 Data Collection

A face-to-face household survey, containing a discrete choice experiment (DCE), was con-
ducted between June and December of 2009. The survey was designed to assess households’
perceptions of malaria burden and the effectiveness of government IRS programs at reducing
the risk of contracting the disease. The finalized questionnaire was administered to a clustered
random sample of 612 households in Gulu and Oyam during November, of which 578 (94%)
yield sufficiently completed surveys for use in the present analysis. Four months prior to the
survey, six focus group discussions (FGDs) were held throughout the district of Gulu. FGD
participants provided qualitative data on their household’s experience with malaria, and with
previous IRS rounds that had been conducted in the area. Participants were also asked to con-
sider a simplified version of the choice task that randomly sampled respondents later faced
in the DCE. A prototype questionnaire was then drafted, and locally-recruited interviewers
were trained for 1week, before pre-testing the survey. Approval for human subjects research
was obtained from our Institutional Review Board prior to data collection.

Table 1 summarizes the sample of households, four fifths of whom reported participating
in the actual 2008 IRS round. In terms of perceived malaria burden, around a quarter of
the people covered by the survey (i.e. all people in the surveyed households, including
respondents and their family members) reportedly were diagnosed with malaria at a health
facility (clinic, drug shop, etc.) either via a blood test or—most likely—presumptively based
on symptoms such as fever. A subjective probability instrument was also implemented in the
questionnaire, adapted from methods described by Delavande et al. (2011). Responses from

5 This information is based on an in-person interview with a field manager of the USAID-funded spray teams
in 2009.
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Table 1 Summary statistics for sample

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%

Monthly malaria incidencec 26% 27% 24%

Perceived malaria riskd 29% 30% 26%

*** denotes a significant difference between the Gulu and Oyam statistics of less than 1%
aAsset value is calculated as the sum-product of an inventory of items owned by the household, excluding
land, and multiplied by respondents’ subjective valuations of those items (i.e. what amount could they raise
by selling the items)
bFraction of respondents reporting their participation in the single, 2008 IRS round in Gulu and Oyam districts
cThis is the estimated percentage of the population who, within the month preceding the interview, was
diagnosed at a health facility as having malaria, either via a blood test or presumptively (e.g. presence of fever)
dThese are subjective probabilities elicited from the respondent that any person in the household would get
malaria in the next month

this instrument imply that, on average, household heads thought that there was between 25%
and 30% chance that somebody in their household would fall ill with malaria over the course
of the next month.

4.1 Description of the Discrete Choice Experiment

The DCE presented survey respondents with three choice tasks. Each choice task consisted
of the household selecting themost preferred of three alternatives consisting of the following:
(a) an IRS program consisting of one of two insecticides (DDT or ICON) sprayed at a given
frequency (between one and 4 times per year) which would yield a given level of malaria
risk, (b) another IRS program with different levels for the same attributes, and (c) a one-
shot amount of monetary compensation and a higher level of malaria risk that would prevail
without any program. The attributes and their levels in the DCE are summarized in Table 2.
Within a given choice task, the level of malaria risk associated with the money option was
always higher than the level of risk under the IRS options. This type of choice experiment can
thus be viewed as providing an equivalent variation estimate of respondents’ willingness-to-
accept (WTA) a permanent forfeiture of IRS services (and the resulting increases in malaria
risk) in exchange for one-shot monetary compensation.

Most stated preference studies of this type elicit willingness-to-pay (WTP) rather than
WTA. The main reason WTA was elicited here was that local partners were concerned
that linking either a charge or a subsidy to IRS directly would raise concerns/hopes in the
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Table 2 Description of choice experiment attributes and levels

Attribute Description Levels and values

Malaria risk Average fraction of people out of 10 getting
sick with malaria in an average month

1/10–9/10, Increments of 1/10

Compensation One-time payment offered to respondent (in
place of IRS)a

$0, $4, $22, $43, $65, $217

DDT Frequency that DDT is sprayed (for IRS
programs)

0,1,2, or 4 times per year

ICON Frequency that ICON is sprayed (for IRS
programs), mutually exclusive with DDT

0,1,2, or 4 times per year

aCompenastion amountswere described to respondents in local currency (Ugandan shillings), but are presented
here in USD 2009 for ease of interpretation

communities that IRS services would either no longer be free-of-charge or would carry with
them a cash reward. To avoid this problem, we simply asked respondents to weigh the net
gains from two hypothetical IRS programs against a given amount of cash.

In order to acclimate respondents with probability concepts, the DCE was immediately
preceded by a series of “warm-up” subjective probability elicitations about various events
(Delavande et al. 2011), and a short gambling game designed by Loomes (1991) imple-
mented with a real (albeit trivial) payout of locally popular candies. The DCE began with
the interviewer conveying a list of facts about IRS programs, and about the insecticides DDT
and ICON, to respondents. After presenting this information to respondents, the interviewer
posed the choice tasks to the respondent and recorded their answers according to the script
and response card in Fig. 2.

Ten different versions of the questionnaire were utilized, each with three different choice
tasks, resulting in a total of 30 different choice tasks. Econometrically, it would have been
preferable to include additional choice tasks per respondent for greater statistical power.
The data collection was limited, however, by the in-person, paper-based nature of survey
and choice experiment, and by the challenging field conditions (long transport times for
the interviewers on poor roads to households in remote areas). The ten questionnaires were
evenly distributed in each of 15 surveyed villages; and each of the ten interviewers was
randomly assigned a set of these survey versions at the beginning of each day of fieldwork.
The definition and arrangement of alternatives within each choice task were determined
using a constrained D-optimal design algorithm (Louviere et al. 2000).6 Validity checks of
the resulting choice data are presented in the supplementary material.

5 Econometric Estimation

Visual examination of the resulting data from the choice experiment suggest that households
did in general perceive a tradeoff (albeit an inelastic ine) between malaria risk reduc-

6 The algorithm was implemented by the author by pre-defining the levels for the relevant attributes and
maximizing the determinant of the Fischer information matrix assuming a multinomial probit model estimated
on the set of 30 choice tasks, and subject to the constraint that in each choice task IRS alternatives were always
associated with a lower level of malaria risk than in the money-only option. While the probit model was not
an ideal choice for this procedure, this does not threaten the consistency of the econometric estimates (since
respondents were randomly assigned to one of the ten versions of the questionnaire), only their efficiency.
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Fig. 2 Discrete choice experiment script and response card. a Example enumerator script. b Enumerator
response card

tions offered by IRS and the possible cash that could be obtained in lieu of participation
(Fig. 3).

For econometric estimation using the DCE data, we use a mixed logit model for discrete
choice data (Revelt and Train 1998). The basic random utility model (RUM) used here
represents the utility U that respondent h perceives from alternative i in choice task t is
specified as:

Uith = 	vi t + αCit + HICON
h ICONith + HDDT

h DDTith + εi th (7)

where vi t , Cit , ICONith , and DDTith are the attributes of the alternatives in the choice
experiment—respectively,malaria risk (monthly probability of infection), alternative-specific
money transfers, and the frequency ofDDT/ICONapplication. The coefficients	,α, HICON

h ,
and HDDT

h are taste parameters associated with their corresponding attributes. A vari-
ety of econometric specifications and robustness checks on the choice data are presented
in the supplementary material. These robustness checks supported the specification used
here.
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5.1 Mixed Logit Estimation Results

Table 3 shows the econometric estimates using the specification described above. The last
column in the table (column c) corresponds to the specification in Eq. (6). The other columns
show variations of this model, for comparison. In addition to the DCE attributes described
above, some respondent characteristics—namely, whether or not the respondent participated
in the previous 2008 IRS round (Partic=1) or were located in Oyam district (Oyam = 1)—
were also included in the regression, to check robustness.7

The main parameter estimates are all significant and of the expected sign. Furthermore,
they are robust to the inclusion in the regression of respondent characteristics. The latter are
significant in the conditional logit model (in which the taste parameters are all fixed and
which does not allow correlated respondent behavior across choice tasks), but they lose their
significance when random, correlated parameters are permitted (i.e. columns b and c).

The estimated distribution of the marginal utility from each DDT or ICON application
implies preferences for DDT are highly—but not perfectly—correlated with those for ICON,
and there seems to be a general preference for IRS (in comparison to the money-only alter-
native). However, there are some important differences between the insecticide types: DDT
is more favorably perceived on average than ICON (looking at the difference betweenμDDT

and μICON , which is significant). On the other hand, there is more variation in the marginal
utility of DDT applications, compared to ICON: The standard deviation of the DDT coeffi-
cient is 2.1 times the size of the ICON coefficient’s standard deviation (a difference which is
also statistically significant).

To aid interpretation of the coefficients, the value of malaria risk reductions can be com-
puted by computing the ratio (	/α) × (−0.01). This statistic, which can be viewed as a
marginal WTA a permanent (or at least indefinite) increase of 1% point in the monthly prob-

7 See Annex for additional econometric specifications with estimates. In general, respondent characteristics
were not significant in any estimations (with the exception of the variables included above), and most impor-
tantly the estimated coefficients on the attributes were robust to the inclusion of respondent characteristics.
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Table 3 Mixed logit regression estimates for discrete choice data

Variables Conditional logit Mixed logit

(a) (b) (c)

Fixed coefficients

	 (malaria risk) −0.982*** −1.094** −1.392*** −1.386***

(0.349) (0.433) (0.434) (0.436)

α (money) 0.000893*** 0.00148*** 0.00110*** 0.00107***

(0.000184) (0.000336) (0.000293) (0.000297)

DDT × partic 0.107* 0.169 0.269*

(0.0573) (0.145) (0.159)

ICON × partic 0.106* 0.111 0.103

(0.0588) (0.124) (0.116)

DDT × oyam −0.0625 −0.207* −0.186

(0.0455) (0.109) (0.142)

ICON × oyam −0.106* −0.174 −0.100

(0.0609) (0.115) (0.105)

Random coefficients

μDDT 0.382*** 0.924*** 1.073*** 1.238***

(0.0849) (0.191) (0.238) (0.152)

μICON 0.399*** 0.780*** 0.726*** 0.783***

(0.0619) (0.179) (0.184) (0.146)

σDDT 1.217*** 1.720*** 1.733***

(0.178) (0.298) (0.298)

σICON 0.813*** 0.790*** 0.803***

(0.206) (0.232) (0.229)

σICON ,DDT 1.153** 1.181**

(0.456) (0.459)

Tasks × respondents 1732 1732 1732 1732

Pseudo R-squared 0.295 0.358 0.391 0.391

Degrees of freedom 8 10 11 7

Log-likelihood −1332 −1213 −1150 −1151

BIC 2724 2501 2382 2354

Results obtained from the mixlogit add-on for Stata (Hole 2007), with 2500 random coefficient draws per
respondent. Clustered standard errors in parentheses. *10% significance, **5%, ***1%. Sampling weights
applied in estimation

ability of malaria illness (which, again, is approximately equal to the expected number of
episodes per person per month). For the preferred specification (column c of Table 3), the
marginal WTA is estimated to be $13 USD, with a 95% confidence interval of ($1.46 -
$24.55).

6 Computing Pigovian Incentives from the Econometric Results

We now apply the theoretical model (Eqs. 1–6) to the econometric results in Table 3. To
do so we need to make the econometric RUM in Eq. (7) conformable to the theoretical
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utility specification in Eq. (1). The main difference between these two specifications is that
(1) corresponds to utility over one round of spraying, whereas the econometric RUM in (7)
corresponds to preferences over a permanent spray program, which was the framing of the
DCE.8 Ideally, for the purposes of this paper, the DCE would have corresponded to a choice
task over one round of spraying, in which case the econometrically estimated preference
parameters would be directly usable with the theoretical framework developed above. This
is a useful lesson for future applications of the approach described here. As it is, however, it
is necessary to convert the parameters in (7) into their corresponding parameters in (1). We
do so through a discounting procedure over utility commonly used in the health economic
literature (Weinstein et al. 1996). The formulae used to convert (7)–(1) are:

θ
 = 	
[
1 − exp (−r
)

]

η j,
 =
(
H j + ∇ε

) [
1 − exp (−r
)

]
for j = DDT, ICON (8)

where
 is the interval of time (in years) between spray rounds (the inverse of the application
frequency attribute), r is the discount rate and∇ε is a logistically distributed random variable
(resulting from the difference of two Extreme Value Type I random variables, Train 2003).
Derivations of these formulae are in the supplementary material. Based on a study by Bauer
and Chytilová (2010), we assume initially that the discount rate r is equal to 10% and in the
supplementary material examine the sensitivity of the results to this parameter: The efficient
level of risk reduction is not sensitive to changes in the discount rate, whereas the magnitude
of the Pigovian incentive is roughly proportional to the discount rate, over a reasonable range
(5–15%). The utility parameter α on money remains unchanged, because only one-time
compensation was offered as an alternative to a perpetual IRS program.

As noted in the theoretical model, the distribution of the heterogeneous taste parameter—
here, η—determines equilibrium IRSparticipation levels. The econometric specification used
here implies a mixture of a normal and a logistic distribution. Using the properties of the
logistic distribution, the probability density f j,
 (·) for the side effect η, indexing now by
insecticide type j and spray interval 
, can therefore be written as:9

f j,
 (η) = 1

σ j
[
1 − exp (−r
)

]

×
∫ ∞

−∞

{
exp

[
−1

2

(
w − η

1 − exp (−r
)

)]

+ exp

[
1

2

(
w − η

1 − exp (−r
)

)]}−2

φ

(
w − μ j

σ j

)
dw (9)

where φ (·) is the standard normal probability density function; μ j and σ j are the mean
and standard deviations of H j estimated in the RUM (Eq. 7). Formula (9) is convenient for
numerical computation, because the integral can be rapidly and accurately computed through
simulation with the standard normal distribution.

Applying the indifference condition in Eq. (3), and given the malaria risk functions ρ1 (Q)

and ρ0 (Q), we can compute the status quo equilibrium participation Q∗
j,
 and marginal side

8 Without any commitment mechanism to bind households to multiple spray rounds, our theoretical formula-
tion seems most suitable for the research aim of identifying efficient per-round Pigovian incentives for disease
exteranalities.
9 A derivation of this formula is available on request from the authors.
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effect η∗
j,
 for a given insecticide type j and spray interval 
 in terms of the econometric

estimates:

Q∗
j,
 =

∫ ∞

η∗
j,


f j,
 (η) dη

η∗
j,
 = −θ


[
ρ1

(
Q∗

j,


)
− ρ0

(
Q∗

j,


)]
(10)

Applying the first-order condition in Eq. (4), we find that the corresponding quantities for
the social optimum satisfy:

Qo
j,
 =

∫ ∞

ηoj,


f j,
 (η) dη

ηoj,
 = −θ


[
ρ1

(
Qo

j,


)
− ρ0

(
Qo

j,


)
+ Qo

j,

∂ρ1

∂Q
+

(
1 − Qo

j,


) ∂ρ0

∂Q

]
(11)

The efficient Pigovian incentive to achieve the optimal coverage level is therefore:

Co
j,
 = θ


α

[
Qo

j,

∂ρ1

∂Q
+

(
1 − Qo

j,


) ∂ρ0

∂Q

]
− k (12)

It is also of interest to examine the potential health impacts of using such incentives, by

comparing the average infection probabilities at the social optimum
(
ρ̄o
j,


)
and the status

quo
(
ρ̄∗
j,


)
:

ρ̄∗
j,
 = Q∗

j,
ρ1

(
Q∗

j,


)
+

(
1 − Q∗

j,


)
ρ0

(
Q∗

j,


)

ρ̄o
j,
 = Qo

j,
ρ1

(
Qo

j,


)
+

(
1 − Qo

j,


)
ρ0

(
Qo

j,


)
(13)

Calibration of the malaria risk functions ρ1 (Q) and ρ0 (Q) proceeds as follows (with details
provided in the supplementary material). Baseline malaria exposure rates (infectious bites
per person per unit time) for northern Uganda come from a 2001 to 2002 (pre-IRS) field
study by Okello and et al. (2006). Estimates of relative exposure reduction from IRS, both
at the individual and population levels are drawn from an epidemiological modeling study
by Chitnis et al. (2010). The magnitude of the epidemiological spillover almost certainly
varies from one village to the next (e.g. with population density). Yet this variation remains
a question for further epidemiological research, and so we only calibrate this spillover based
on existing publications. Exposure rates are then converted into probability of malaria attack,
assuming a binomial distribution and using the malaria incidence and IRS coverage levels
observed in the survey sample (Table 1). Figure 2 plots the resulting riskρ1 (Q) andρ0 (Q), as
well as the average risk function ρ̄ (Q) = Qρ1 (Q) + (1 − Q) ρ0 (Q). All of the parameters
involved in this calibration are subjected to sensitivity analysis described in the supplementary
material.

Applying the above framework permits estimation of incentives for a range of scenarios,
represented by different combinations of insecticide type j and spray frequency 1/
. In
Table 4, we focus on two spray scenarios, one in which ICON is applied quarterly and
another where DDT is applied biannually. These two scenarios are in keeping with WHO
guidelines (WHO 2009). The cost per household per round for both insecticides is set equal,
at $5 USD (e.g. Walker 2000). Note that the assumptions regarding malaria risk reductions
are applied to both of these scenarios, i.e. we assume that DDT- or ICON-based IRS adhering
to WHO guidelines perform the same in terms of their physical impacts on mosquitoes.
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Table 4 Estimated Pigovian
incentives to internalize IRS
externalities

DDT sprayed
twice per year

ICONsprayed four
times per year

Equilibrium IRS participation levels

Status quo 56% 79%

(52–9%) (75–2%)

Welfare-
maximizing

60% 87%

(55–7%) (78–3%)

Pigovian incentive $32.64 $16.27

(per IRS round) ($6.52–$98.45) ($1.72–$51.47)

Equilibrium risk levels (cases per person per month)

Status quo
(
ρ̄∗
j,


)
0.46 0.27

(0.43–0.48) (0.24–0.30)

Welfare-
maximizing(
ρ̄oj,


)

0.37 0.20

(0.29–0.46) (0.16–0.28)

Percent reduction
in risk from
Pigovian
incentives

19% 25%

(4–34%) (4–40%)

Numbers in parentheses are 95%
confidence intervals, calculated
using Monte Carlo sampling 500
times from a multivariate normal
distribution using the point
estimates and covariance matrix
from the econometric estimates
(Table 3, column c)

The point estimates for the Pigovian incentive for both the DDT and ICON scenarios
are $32 and $16 per round. This large difference between DDT and ICON is deceptive,
however, because the ICON subsidy is provided twice as frequently as the DDT subsidy.
The monthly cost of such an incentive (at $5.33 per month per household) is essentially
equal for the two insecticides. These subsidies are net of the costs of IRS service provision.
In both scenarios, the implied impact of such incentives is a 4% increase in equilibrium
participation in DDT-based IRS and an 8% increase in ICON-based IRS participation. This
increased participation translates into an average 19 and 25% reduction in malaria cases
in the DDT and ICON scenarios respectively. The major difference between the DDT and
ICON scenarios lies in their absolute levels of IRS participation and corresponding malaria
risk. IRS participation in both status quo and welfare-maximizing cases is over 20% points
higher in the ICON scenario. This difference arises from the greater degree of preference
heterogeneity with respect to DDT compared to ICON (σDDT > σICON ). The sensitivity
analysis in the supplementary material implies that the efficient Pigovian incentive should
significantly increase with the magnitude of both the direct private IRS benefits (ρ1 − ρ0)

and public indirect benefits
[
Q ∂ρ1

∂Q + (1 − Q)
∂ρ0
∂Q )

]
(Fig. 4).

7 Discussion

The main objective of this paper is to illustrate how heterogeneity in household prefer-
ences for malaria prevention services is intrinsically linked to the calculation of efficient,
externality-correcting incentives. Our approach is analytically tractable and broad enough
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for application to other bioeconomic contexts involving discrete choices with social con-
sequences. This includes other public health applications such as vaccination, the use of
pesticides in agriculture, as well as invasive species control. Additionally, while here we
employ a mixed logit econometric model fitted to stated preference data, a variety of discrete
choice models, applied to both stated and revealed preference data (and mixtures thereof),
could in principle be used to apply this theory. This includes application of econometric
methods for estimating endogenous sorting models (Bayer and Timmins 2005).

The estimation results from our application illustrate the qualifications necessary to apply
the econometric results for welfare analysis, and also point to possible extensions for future
research. As for the qualifications, we employ a number of assumptions in both the economic
and disease models to arrive at our quantitative results that an efficient Pigovian incentive
for IRS participation would consist of around $5.33 per household per month, and could be
expected to reduce malaria risk by between 19% and 25% in northern Uganda, depending on
the insecticide used and the frequency of spraying. As shown in the supplementary material
accompanying this paper, the choice of the discount rate assumed strongly affects the financial
magnitude of the incentive, but not the efficient level of risk reduction relative to the laissez
faire equilibrium. In the disease model the assumed parameter most strongly affecting the
quantitative results is the indirect, population-level effect of IRS: The magnitudes of the
Pigovian incentive and the consequentmalaria risk reduction are both strongly sensitive to this
parameter, which is unsurprising since this parameter essentially determines the magnitude
of the positive spillover resulting from individuals’ participation choices.

Another qualification—pointing to a future research extension—is our assumption of equi-
librium in the derivation of the welfare-maximizing Pigovian subsidies. This is a prevailing
assumption in applications of endogenous sorting models in the more conventional domains
of urban economics using real-estate transactions. Recent work in this domain has sought to
develop dynamic sorting models, but there remain a number of technical challenges in this
effort (Kuminoff et al. 2013). In our application to infectious disease transmission and con-
trol, bioeconomic dynamics are also to be relevant to consider in many contexts. Theoretical
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modeling of dynamically optimal individual disease prevention comprises an active area of
research (Fenichel et al. 2011).Malaria transmission can exhibit highly volatile intertemporal
dynamics owing to seasonal climate, migration and vector ecology, with epidemics explod-
ing out of control in a matter of weeks. We argue that this is somewhat less of a concern
in an area such as northern Uganda, with highly endemic—and hence more stable—malaria
transmission. Such stability could change, however, if prevention programs like IRS achieve
their aims of drastically reducing malaria cases. Moreover, in the long-run, reducing malaria
exposure can have the side effect of depleting acquired immunity tomalaria in the population.
This depletion is a slow process and is thought to occur over a timescale of a decade or more
[see Griffin et al. (2010) and references threrein]. So our results are probably best viewed as
short-term equilibria assuming fixed levels of immunity.

Another area for future research illustrated by application is the role of risk (mis)perce-
ptions in models of endogenous risk. In deriving welfare-maximizing subsidies for disease
risk reductions,we assume that agents’ perceptions ofmalaria risks are accurate. This assump-
tion is necessary for connecting econometric parameter estimates, obtained from posing
hypothetical risk levels to respondents in surveys, with information about actual, scientifi-
callymeasured risk levels.While the descriptive statistics in Table 1 suggest that respondents’
perceptions of malaria risk may be sensitive to actual risk, this provides only limited support
for our assumption. Malaria risk perceptions are likely to be biased on a host of factors, e.g.
the skewed weighting of very small or large probabilities, as suggested by Prospect Theory
(Kahneman and Tversky 1979). In a study of pertussis vaccination decisions in the United
States, Oster (2016) concludes that while vaccination decisions respond to pertussis out-
breaks, “these responses do not reflect true changes in disease risk (p. 1)”, but rather appear
to represent a discontinuous decision heuristic in which recent outbreaks of the disease result
in a jump in vaccination.10

In our application to malaria control in northern Uganda, there is some reason to be less
concerned with skewed risk perceptions or probability weighting. Malaria has historically
been ‘a fact of life’ in this region, with quite substantial and relatively stablemalaria risks. Yet
directly addressing risk perceptions will be important for future applications of our empirical
approach. Risk sensitivity underlies many externality-prone discrete choices in both health
and environmental contexts, and is also empirically relevant for many stated- and revealed-
preference studies. Nevertheless, there is appeal to initially designing Pigovian incentives for
rational agents who accurately gauge and respond to the risks at hand, and later investigating
how these incentives may be modified to account for risk (mis)perceptions.

Finally, our focus on heterogeneity and its role in estimating externality-correcting incen-
tives suggests other areas for future research on the targeting of Pigovian incentives for
disease prevention of pest control externalities. In this paper we use estimated unobservable
heterogeneity in preferences to econometrically apply theoretical models of epidemiologi-
cal externalities and compute a flat Pigovian incentive to correct the externality. However,
an additional motivation for studying heterogeneity—mentioned at the beginning of this
paper—is the possibility of targeting Pigovian incentives to more responsive agents based on
observable proxies for their preferences. While fixed Pigovian payments for disease preven-
tion have the capacity to efficiently correct externalities (as demonstrated in the theoretical
model presented above), targeted incentives (or, equivalently, a flat payment with targeted
revenue recycling) offer flexibility in controlling the distributional consequences of Pigo-

10 Oster hence argues that an effective behavioral intervention to increase vaccinationwould be tomorewidely
publicize recent outbreaks. While intuitive, such an approach seems inherently inadequate for preventing
outbreaks. The model presented above suggests that Pigovian subsidies combined with educational campaigns
informing respondents about actual disease risks may provide a more effective preventative intervention.
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vian incentives (e.g. Callan et al. 2009). While a number of policy analyses have noted the
attractions—and potential ethical and legal dilemmas—of this approach, extensions of this
paper could develop a welfare-based structure for developing targeted incentives in discrete
choice contexts. For example, latent class discrete choice models offer promise for such a
pursuit, with agent covariates used to explain classmembership, and estimated classmember-
ship heterogeneity subsequently used for maximizing a social welfare function with respect
to targeted Pigovian subsidies.
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