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Abstract
Diarrhea and malaria are two of the most devastating public health threats in the
developing world, resulting in millions of childhood deaths each year. Part of the
challenge in addressing these threats arises from the fact that many of the causes of and
potential remedies for these diseases lie squarely at the intersection of environment,
development, and health. In addition, while many environmental, economic, and healthrelated policies focus on expanding access to new technologies (e.g., latrines, mosquito
nets), inadequate attention to factors that affect the use of these technologies often leads
to disappointing policy outcomes.
This dissertation applies an economic framework to explore the drivers of
households’ environmental health decisions in two specific contexts. The first study
examines sanitation behaviors and child health outcomes in Orissa, India, while the
second case involves malaria-related knowledge, prevention, and treatment behaviors in
Mvomero, Tanzania. In both cases, theoretical models are developed that focus on the
perceived costs and benefits households consider in their decisions to adopt certain
behaviors. A key insight is that technologies targeting diarrhea and malaria have
characteristics of both private and public goods. For both epidemiological and social
reasons, the payoffs to adopting behavior changes such as using a latrine or a mosquito
net will depend in part on the behavior of other households in the village or
neighborhood. This motivates an examination of the role of social networks and social
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interactions in influencing households’ environmental health choices in both empirical
studies.
The first empirical case involves a study of a randomized community-level
sanitation intervention in Orissa, India. Household survey data were collected before and
after the sanitation campaign in 1050 households in 40 rural villages. Impact evaluation
analyses indicate that the campaign resulted in large increases in latrine use in the
randomly selected “treatment” villages. In addition, some analyses suggest that child
health outcomes may have improved as a result of the campaign. To examine the drivers
of the observed behavior change, econometric models are run including household and
village characteristics as well as indicators of social interactions. Results indicate that
households were more likely to adopt latrines when they observed more adoption among
their peers. Thus, part of the sanitation campaign’s success was likely due to its
emphasis on targeting villages rather than individuals and strengthening social pressure to
adopt latrines.
The second empirical case examines indicators of households’ malaria-related
knowledge, prevention, and treatment behaviors in Mvomero, Tanzania. Survey data
from 408 households in 10 villages shed light on a number of malaria control behaviors,
including use of bed nets and anti-malarial medications. Findings suggest that the
majority of households (over 80%) in this area own and use mosquito nets. At the same
time, malaria continues to impose a significant burden on the study population. Data
collected in Mvomero also provide unique information on the patterns of social
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interaction among households within and across different villages, and additional
analyses explore the role of social interactions in influencing households’ malaria-related
decisions. Results suggest that patterns of interaction are influenced by a number of
factors, including physical proximity as well as tribe, religion, and wealth. In addition,
social effects may play an important role in influencing households’ malaria prevention
and treatment decisions.
Together, these studies help to shed light on the ways households perceive and
respond to two specific environmental health threats. More generally, this study
illustrates the potential benefits of applying economic tools and analyses to problems like
sanitation and malaria, and expanding the definition of “environmental problems” beyond
the typical set of first-world issues (e.g., industrial pollution) to include these pressing
issues facing the world’s most vulnerable populations.
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1. Environmental Health Problems and Household
Decisions
Improving the lives of many of the world’s most vulnerable populations requires
addressing a set of problems that lie squarely at the intersection of environment, health,
and development. Problems such as water- and vector-borne diseases are closely tied to
environmental conditions, affect the health and well-being of millions of people each
year, and limit opportunities for economic and human development. Fortunately, there is
a growing international commitment to addressing many of these problems. This
commitment is reflected in part by the Millennium Development Goals, a set of eight
objectives established by the United Nations in 2000. Most of these goals are either
directly or indirectly tied to addressing environmental health challenges (UN, 2006). For
example, goal six includes halting and beginning to reduce the spread of malaria by 2015,
while goal seven calls for ensuring environmental sustainability (including halving the
proportion of people without access to safe drinking water and basic sanitation). More
broadly, improving environmental health is an essential part of achieving goal four
(reducing child mortality), goal five (improving maternal health), and even goal one
(eradicating extreme poverty and hunger).
Approaches to addressing environmental health problems have often focused on
increasing the supply of beneficial technologies. For example, Jeffrey Sachs and many
others have advocated for free distribution of mosquito nets as a solution to the malaria
problem (Sachs, 2005). Others promote indoor residual spraying of insecticides
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(including DDT) and expanded access to new antimalarial drugs such as artemesinin
combination therapies (ACTs) which delay the emergence of resistant malaria strains. In
the field of water quality and sanitation, new water treatment and storage technologies are
constantly being developed, and latrines are promoted as the key to improved sanitation.
The premise of this dissertation is that while addressing supply constraints and
expanding access to potentially life-saving technologies is certainly part of the solution to
many environmental health problems, there are also crucial and often understudied
demand sides to these issues. For example, anecdotal evidence from Orissa, India, where
one of the studies described in this dissertation was conducted, indicates that latrines
constructed by the government have often gone unused, or have been used by households
to store animal feed. Meanwhile, mosquito nets in Africa have reportedly been used for
fishing, or as material for wedding dresses. These anecdotes are not meant to suggest
that technologies like latrines and mosquito nets should be abandoned in the fights
against diarrhea and malaria, but rather to emphasize that appropriate use of technologies,
rather than the technologies themselves, should be the primary objective. Moreover,
while centralized government policies can take certain steps to increase access to certain
technologies, use of these tools often occurs at the decentralized level of households or
individuals.
This dissertation examines households’ environmental health-related choices and
behaviors through two distinct studies addressing sanitation and diarrhea in Orissa, India,
and malaria control knowledge and behavior in Tanzania. An assumption underlying
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both of these studies is that persistent environmental health problems (diarrhea, malaria)
are due in part to levels of prevention and treatment activities that are “too low” from a
societal perspective. That is, expanding use of latrines in India and malaria control
techniques in Tanzania would improve health outcomes and increase social welfare.
Starting from this premise, both studies focus on understanding the drivers of
households’ environmental health choices. Why do some households use latrines,
mosquito nets, or certain antimalarial drugs, while others do not? Answers to these
questions are key to designing more effective policies aimed at changing behaviors and
improving environmental health outcomes.
Despite the importance of these questions in the context of pressing
environmental health challenges, the body of economic literature addressing householdlevel sanitation and malaria control choices appears fairly limited. With a surge in
international attention and financing for malaria control, economists have begun to pay
attention to questions about certain behaviors such as use of mosquito nets. For example,
Cohen & Dupas (2007) studied demand for nets among women in Kenya through an
intervention that randomized net prices across different areas. Water quality and water
supply issues have also received some attention. For example, Whittington et al. (1998)
assess demand for water services in Uganda, Pattanayak et al. (2005) evaluate coping
costs and willingness to pay for water services across different types of users in Nepal,
and McConnell & Rosado (2000) assess the benefits of improved water quality using
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information on households’ defensive inputs. Similar economic studies of households’
sanitation decisions appear largely absent, however.
While economists have paid relatively little attention to the kinds of
environmental health problems addressed in this dissertation, there is a rich set of
economic and social science theories and tools that may prove quite useful for examining
household decisions in these contexts. The most basic economic insight is that
households’ choices are governed by perceived costs and benefits of alternative courses
of action. While the specific costs and benefits that households consider will vary
according to the environmental health problem (e.g., diarrhea) and the technology (e.g.,
latrines) under study, these decisions share a few key characteristics. In particular,
whether one is examining mosquito nets or latrines, households are engaged in a process
of technology adoption in a context where the technologies under study have
characteristics of both public and private goods. For example, in the case of mosquito
nets, individual users receive protection from nuisance mosquitoes and a decreased risk
of contracting malaria (private benefits), while also decreasing overall mosquito
populations and malaria transmission levels in the area (a public good). Similarly, use of
latrines confers private benefits such as convenience and privacy, while also contributing
to the public good of improved water quality.
Given these stylized facts, this chapter reviews three strands of literature that
appear particularly relevant to the study of households’ environmental health decisions
across the two cases considered here. The first addresses the process of technology
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adoption and diffusion. Two alternative models, the epidemic model and the probit
model, have been used to explain variation in adoption over time and across individuals.
The second branch of literature addresses collective action and the private provision of
public goods. Particular attention is given to a set of models that address what have been
called “impure public goods,” namely, goods that produce public as well as private
benefits. This literature addresses ways in which impure public goods differ from pure
public goods, and how the “bundling” of public and private characteristics affects public
good provision. The third strand of literature examines individual choices in the presence
of social interactions, which arise in the cases examined here for both social (e.g.,
learning about a new technology) and epidemiological (spillovers in health effects across
individuals) reasons. Taken together, this review begins to provide structure to an
analysis of the kinds of costs and benefits that households may consider in making
environmental health decisions, and also provides a set of hypotheses about why adoption
of certain seemingly beneficial technologies may be “too low” from a societal
perspective.

1.1 Technology Adoption
Several alternative models have been developed to explain the stylized fact that
adoption of new technologies tends to follow an S-curve: adoption is slow at first,
accelerates, and then tapers off until some maximum level of adoption is reached
(Geroski, 2000). For example, a widely cited study by Griliches (1957) examined Sshaped adoption paths for hybrid corn seeds in the United States (see Figure 1.1).
5

Reviews of the literature on technology adoption and diffusion reveal two predominant
models: the epidemic model and the probit model (Geroski, 2000). 1

Figure 1‐1: Example of S‐Shaped Adoption Paths for Hybrid Corn Seeds in the United
States
Source: Griliches (1957)

According to the epidemic model, the main factor limiting the speed of adoption
is information about the new technology, including what it is, how to use it, and what it
does (Geroski, 2000). Furthermore, the most important source of information about the
new technology is other users, leading to a process in which information, and thus,

1

Geroski (2000) identifies two additional types of models: 1) legitimation and competition models, which
draw on concepts from population ecology, and 2) information cascades, which emphasize that the
presence of multiple variants of a new technology initially affects the speed of adoption. Regarding the
latter models, Geroski (2000) points out that these analyses help to address an important sample selection
issue: “our observations of S-curves are colored by sample selection bias: only successful innovations have
an S-curve, and it is, therefore, by no means clear that the typical new innovation actually generates an Scurve” (p 620). However, since epidemic and probit-type models appear more common in the economic
literature, further discussion focuses on these models.

6

adoption, spreads from “infected” to “uninfected” individuals (Jaffe et al., 2002).
Epidemic models focus on explaining the spread of information and the process of
learning across individuals, and are thus essentially models of social interactions. In
addition to Griliches (1957), other empirical examples include Foster & Rosenzweig’s
(1995) study, which also looks at adoption of certain high-yield seed varieties in the
context of the Green Revolution in India. Other social interactions models are discussed
in more detail in Section 1.3.
The primary alternative to the epidemic model in explaining technology adoption
and diffusion has been the probit model. While the epidemic model sees access to
information as the main factor limiting adoption of new technologies, probit models
assume that differences among individuals (or in many cases, firms) explain differing
rates of adoption (Geroski, 2000). In other words, firms have different characteristics
(e.g., technological expectations, learning and search costs, switching costs, opportunity
costs) that result in a distribution of expected values or returns from adopting the new
technology. At any point in time, there is a threshold level of expected returns above
which firms will adopt the technology. As experience with the technology increases and
costs drop, this threshold is lowered and adoption spreads to additional firms. If the
distribution of expected returns is normal, this will generate the familiar S-curve pattern
of adoption (Jaffe et al., 2002). An variant of this type of model is provided in Kerr &
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Newell’s (2003) analysis of firms’ adoption of pollution abatement technologies during
the lead phasedown in the United States. 2
The epidemic and probit-type models of technology adoption differ somewhat in
terms of the questions they try to address. Epidemic models are an example of
population-level models of adoption, focusing on explaining what proportion of a given
population adopts a given technology over time, while the probit model examines
individuals (or firms) and addresses questions about who, within the population, has
adopted (Geroski, 2000). These models also vary in their explanations of why
technology adoption may be “too slow,” and thus offer different policy prescriptions.
According to epidemic models, speed of adoption is limited by the speed of information
flows; thus, policies that increase access to information will tend to accelerate adoption.
Meanwhile, according to Geroski (2000), probit models depict “firms themselves as the
source of the problem” (p. 621). Because basic heterogeneity across firms is responsible
for the speed at which technologies are adopted, policy options may be limited: “Policies
can be devised which make firms more aware of their opportunities and more able to
exploit them, but it is hard to think of a policy which actually forces them to act when
they don’t wish to” (p. 621).
While Geroski’s point is framed in the context of firms rather than individuals, a
similar argument will reemerge in the context of individual- and household-level

2

This paper actually estimates a duration model rather than a probit model, but the general framework of
examining the impact of varying firm characteristics on speed of adoption is consistent with the probit
approach described here.
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sanitation choices in India. Approaches to sanitation improvement that have relied on
traditional information, education, and communication (IEC) campaigns seem to draw
motivation from something like an epidemic model of adoption, in which the key limiting
factor is knowledge about the potential benefits of adopting a new sanitation technology
(i.e., a latrine). Meanwhile, the community-led total sanitation (CLTS) intervention that
is described in Chapter Two draws on a slightly different philosophy, coined “Shame not
Subsidies” (Kar, 2003), which can be seen as an attempt to change preferences and
community norms. While this policy does not “force” individuals to act in a certain way,
it does stem from the notion that individual and collective attitudes are the source of the
problem, and attempts to change those attitudes. Similar questions about the relative
importance of information flows and individual heterogeneity are also relevant in the
context of malaria prevention and treatment behaviors examined in Chapter Three.

1.2 Collective Action and (Impure) Public Goods
The technology adoption literature reviewed above draws attention to the
importance of two key factors that may be relevant in examining households’
environmental health choices across the two cases examined in this dissertation. First,
adoption of technologies will be influenced by the information that is available to
households and individuals about potential costs and benefits. Because information and
patterns of learning are likely to be influenced by a household’s social networks, some
knowledge of these networks may be helpful in explaining patterns of adoption. Thus,
the growing literature on identifying social interactions is likely to be relevant, and will
9

be discussed shortly. In addition, probit-type models highlight the importance of
considering how heterogeneity across households will influence uptake of certain
technologies.
However, there is an additional feature of the environmental health choices
examined here that is not explicitly addressed by the literature on technology adoption.
While this literature seems to implicitly assume that the benefits of the new technology
are private (i.e., fully captured by the individual or firm), environmental health behaviors
such as using a latrine or engaging in malaria prevention have public (external) as well as
private consequences. Thus, an analysis of these technologies as involving (partially)
public goods may be important for understanding households’ perceptions of costs and
benefits.
Studies of public goods, externalities, and collective action have a long history in
the social sciences. Seminal works include Garret Hardin’s “Tragedy of the Commons”
(1968), Coase’s “The Problem of Social Cost” (1960), Mancur Olson’s The Logic of
Collective Action (1965), and Russell Hardin’s Collective Action (1982). The well
known finding across these different works is that, since public goods are non-rival (one
person’s consumption does not affect others’ consumption) and non-excludable (no one
can be excluded from consuming the public good), individuals will typically have an
incentive to “free ride” on the contributions of others, leading to socially sub-optimal
outcomes. Hardin (1982) frames collective action problems as an N-person Prisoner’s
Dilemma: while players would be better off if everyone contributed to the public good,
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the dominant strategy for each individual in a one-shot game is not to contribute.
Another key finding from Olson (1965) and others is that the problem of free riding (and
hence, underprovision of public goods) is greater in larger groups.
The literature on pure public goods also offers several alternative prescriptions for
solving the collective action problem and achieving optimal levels of public goods
provision. Privatization (i.e., assigning property rights to the “commons”) is one solution
advocated by Garrett Hardin (1969) and Coase (1960), among others. In Coase’s twoperson (or two-group) formulation, a “polluter” and a “victim” can reach a bargaining
agreement in which one of the two individuals receives a property right to the good in
question. If the polluter receives the property rights, the victim will pay the polluter a
certain amount not to pollute; if the victim receives the property rights, the polluter will
pay for the right to pollute. Either allocation of property rights will lead to the socially
optimal level of pollution.
A second solution to the collective action problem involves centralized (e.g.,
government) provision of the public good. Indeed, Adam Smith (1937) saw provision of
public goods such as national defense as one of the primary roles of government. By
collecting taxes, governments compel individuals to contribute to the provision of public
goods, acting as a central planner.
Common property regimes present an alternative to the extremes of privatization
and government provision of public goods. In a common property setting, groups of
individuals own and manage commonly-held resources. Initially overlooked by Garrett
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Hardin and others as a potential solution to the collective action problem, a growing
number of successful common property regimes have been documented (see Bromley,
1992; McCay & Acheson, 1990; Ostrom, 1990). In addition to documenting individual
cases, common property scholars have identified a number of common characteristics
distinguishing communities that have been able to successfully manage their commons.
Ostrom (1990) points out that these regimes typically emerge in smaller scale
communities, and rules for use of the commons follow a number of “design principles”
that:
1. specify who is authorized to use the resource in question;
2. are particularly adapted to both the type of resource and the community of users;
3. are designed by users themselves;
4. involve monitoring by accountable individuals; and
5. include a system of “graduated punishments” for those who do not comply with
established rule of use.
The emerging field of evolutionary game theory (see Bowles, 2004) has also paid
particular attention to common property regimes. For example, Sethi & Somanathan
(1996) use an n-person evolutionary game theoretic approach to explain how norms of
restraint emerge and persist in cases of common pool resource use.
While many of the insights from the literature on public goods and collective
action are certainly relevant to the study on environmental health problems such as
sanitation and malaria, the technologies under study in this dissertation often combine
characteristics of public goods with private attributes. As mentioned previously, latrines
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and mosquito nets both provide users with direct private benefits, in addition to
contributing to the provision of public goods (improved community sanitation and water
quality, decreased malaria transmission). Thus, these cases may be more appropriately
considered as “impure” public goods of the kind modeled by Cornes & Sandler (1984,
1994), Vicary (1997), and Kotchen (2006), among others. Each of these models includes
a marketed good that jointly produces both public and private characteristics. One
examples given is shade-grown coffee, which provides the consumer with a private good
(coffee) while also contributing toward environmental protection and biodiversity
conservation (Kotchen, 2006). Consumers have utility over characteristics rather than
goods themselves, and consumers maximize utility by choosing a bundle of goods
(including some amount of the joint good) subject to a production constraint (i.e., how
much of each characteristic does the joint good produce?) and a budget constraint.
Models differ in terms of the goods that are available to consumers. In Cornes & Sandler
(1984, 1994), two goods are available: a numeraire consumption good and a second good
that produces β units of private characteristic (x) and γ units of public characteristic (z).
Kotchen’s (1996) setup is similar, except that this model adds the option to purchase the
private and public characteristics separately. That is, rather than purchasing the “green”
good, consumers have the option of purchase a conventional good and separately
choosing whether or not to contribute to the public good. Because it is difficult to
imagine how public and private characteristics could be “unbundled” in the case of many
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of the environmental health technologies examined here, the somewhat less complicated
Cornes & Sandler-type model may be more relevant.
Each of the papers outlined above provides insight into how the presence of a
joint public-private good affects the equilibrium provision of the public characteristic,
compared to the case of a pure public good. For example, Cornes & Sandler (1984) show
that increases in group size may not increase the extent of free riding in the case of an
impure rather than a pure public good, and Kotchen (1996) argues that the beneficial
effect of introducing a “green good” increases as the size of the market increases. In
addition, a finding across all of these models is that the extent to which the joint good
increases social welfare, relative to the case of a pure public good, depends on whether
the private and public characteristics are strategic substitutes or complements.
Complementarity tends to generate outcomes with higher levels of public good provision.
As Cornes & Sandler (1994) explain: “If the joint products are complementary, then
private outputs have a privatizing effect, not unlike the establishment of property rights.
As a result, free-riding motives are attenuated” (p. 404). Meanwhile, if the private
characteristic is a substitute for the public characteristic, the presence of a bundled good
may increase or decrease public good provision.
Taken as a whole, the literature on pure and impure public goods has a few
implications for the environmental health decisions under study in this dissertation. The
first observation is simply that the presence of (partially) public goods creates the
potential for sub-optimal social outcomes under individual decision making. Moreover,
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attempts to convince individuals that they should adopt a given technology solely on the
basis of its public benefits are likely to fall short of achieving socially optimal outcomes.
This may help to explain the failure of sanitation promotion campaigns emphasizing the
“germ theory” linking open defecation to child diarrhea. To the extent that diarrhea is
influenced by community-level environmental quality, adoption of a latrine by any
individual household acts as a contribution toward a public good, with the associated
problems of free riding and underprovision.
The fact that most technologies under study provide a combination of public and
private benefits may help to address these problems. However, a couple of key points
must be considered to assess how much this “bundling” will help. First, the degree of
“publicness” varies somewhat across the environmental health problems and associated
technologies examined here. For example, in the case of malaria control, mosquito nets
provide more direct personal protection than alternative malaria control methods such as
indoor residual spraying of insecticides (which tends to kill mosquitoes after they have
bitten the residents of the home) or environmental management. Thus, in the absence of
policies or institutions designed to overcome collective action problems, one would
expect the degree of free riding and under provision to be greater in the case of
technologies that provide a greater ratio of public to private characteristics.
A second consideration is the relationship between the private and public
characteristics provided by different technologies. In particular, theoretical analyses
indicate that bundling will help to alleviate free rider problems when public and private
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characteristics are complements rather than substitutes. The degree of complementarity
between these characteristics is an empirical matter that will likely vary across different
environmental health issues and technologies. Taking the case of latrines, the public
benefit of improved environmental cleanliness is combined with private attributes that
include increased privacy, dignity, and convenience. A priori, it is unclear whether these
attributes will be substitutes or complements. On the one hand, healthier individuals that
are exposed to less environmental contamination may derive greater utility from having a
greater degree of privacy and increased time availability. On the other hand, increased
productivity due to decreased disease may substitute for the greater amount of time
required to walk to open defecation sites.
Finally, while the theoretical models reviewed here suggest that bundling public
and private characteristics may, under certain conditions, reduce free riding, these models
typically do not imply that bundling alone is sufficient to eliminate collective action
problems and attain socially optimal levels of public good provision. Thus, it may be
beneficial to combine the provision of mixed public-private goods with other measures
addressing externalities. Of the three widely recognized solutions to collective action
problems identified in the literature, there may be reason to prefer common property
arrangements over either privatization or government provision in the cases considered in
this dissertation. For both sanitation and malaria control, establishing property rights
over the resources in question seems difficult. In the case of sanitation, one might in
theory define property rights over areas people use for open defecation. In practice,
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however, these are often areas such as roadsides, rivers, and ditches, where assigning and
enforcing property rights could be difficult. The problem is even more complex in the
case of malaria control, where the “resource” in question may consist of mosquito
populations or the even more nebulous concept of “malaria transmission potential.” On
the other hand, government provision of certain environmental health-related public
goods may be feasible. For example, certain malaria control strategies, such as indoor
residual spraying and some environmental management techniques, may be good
candidates for centrally administered provision. However, while governments may be
able to distribute latrines and mosquito nets, ensuring consistent and appropriate use of
these technologies is more difficult. In these cases, common property regimes that
involve strongly established community norms and decentralized enforcement of
behavior through both informal and formal mechanisms may provide the best hope for
effectively overcoming collective action problems.

1.3 Individual Choices in the Presence of Social Interactions
A third body of literature that may prove insightful for understanding
environmental health decisions addresses the influence of social interactions and social
networks on individual behaviors. The role of social interactions in determining public
health outcomes received national attention recently following the publication of a study
in the New England Journal of Medicine examining the impact of social networks on
obesity (Christakis & Fowler, 2007). This study examined a social network of over
12,000 individuals from 1971 to 2003, and concluded that, “Network phenomena appear
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to be relevant to the biologic and behavioral trait of obesity, and obesity appears to spread
through social ties” (p. 370). Translated into the popular press, this finding prompted the
Time magazine headline, “Obesity is Contagious, Study Finds” (Blue, 2007).
Returning to the context of the environmental health issues addressed in this
dissertation, the discussion thus far has identified at least three compelling reasons why
social interactions may influence households’ sanitation and malaria control choices.
First, epidemic models of technology adoption have stressed the importance of
information and learning in driving the diffusion of new technologies. Since the
experience of one’s peers provides a critical source of information, social interactions are
central to this process. Second, the previous section highlighted the fact that the
environmental health problems under study involve epidemiological externalities in
which an individual’s health outcomes will depend on collective behaviors. Households’
decisions about whether or not to contribute to the public good will thus depend on the
expected contribution levels of others in the group, providing an additional way in which
individual choices may be affected by group behaviors. Finally, solutions to the
collective action problem that rely on common property regimes typically involve strong
community norms of behavior. Since violating these norms may incur formal or informal
punishments, households may have an incentive to conform to average or dominant
group behaviors. Once again, this implies that the payoffs to an individual household
will depend on the behavioral choices of others in the group.
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Fortunately, there is a growing theoretical and applied body of literature on social
interactions on which one may draw in order to better understand and empirically identify
social effects. Manski’s (1993) discussion is an important starting point for this work.
Manski outlines “three hypotheses often advanced to explain the common observation
that individuals belonging to the same group tend to behave similarly” (p. 532). These
include “endogenous effects,” in which individual behaviors are influenced by the
behaviors of others in the group, “exogenous (contextual) effects,” in which individual
behavior varies with exogenous group characteristics, and “correlated effects,” in which
individuals in a group behave similarly because they have similar characteristics or
similar institutional environments. Researchers are typically interested in identifying
endogenous effects, but doing so is complicated by the presence of exogenous and
correlated effects, which contribute to the “reflection problem.” Manski explains: “The
term reflection is appropriate because the problem is similar to that of interpreting the
almost simultaneous movements of a person and his reflection in a mirror. Does the
mirror image cause the person’s movements or reflect them?” (p. 532). Mathematically,
Manski illustrates the reflection problem using a linear model of behavior in which y is
the outcome, x are group attributes, and (z, u) are other attributes that directly affect y.
This results in a model in which:
E ( y | x, z ) = α + β E ( y | x ) + E ( z | x )' γ + x ' δ + z 'η

In this model, β captures the endogenous effect, γ is the exogenous effect, and δ captures
correlated effects. The reflection problem arises because E(y|x) appears on the right hand
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side of the equation. That is, mean group behaviors are both what the researcher is trying
to explain, and what is influencing the outcome of interest. While the equation can be
solved to provide a unique solution for E(y|x), the parameters of the model will generally
not be identified. That is, separately identifying endogenous, exogenous, and correlated
effects will not typically be possible in this linear framework.
Manski (1993) goes on to discuss situations ways in which identification of the
endogenous effect, β, may be possible. One special case is that in which γ and δ are zero,
i.e., neither exogenous nor correlated effects are present. Manski argues that empirical
studies often implicitly or explicitly assume that this is the case, whether or not this
actually holds in reality. More generally, the relationship between x and z variables plays
a key role: these variables must be neither functionally dependent nor statistically
independent, but rather “moderately” dependent. Nonlinear models also improve
prospects for identification, as do dynamic models in which social effects operate with a
lag and the researcher observes behaviors over time.
Building on the insight that nonlinear models can lend themselves to
identification of social effects, Brock & Durlauf (2001) develop a discrete choice model
that incorporates social interactions. In this model, individual utility is given by:
V (ωi ) = u (ωi ) + S (ωi , μ ie (ω −i )) + ε (ωi )

where u (ωi ) is the direct utility an individual receives from a particular choice (which is
independent of others’ actions), while S (ωi , μ ie (ω −i )) is utility derived from the
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relationship between one’s own action and the expected actions of others in the reference
group, 3 and ε (ωi ) is a random utility term. Specifying parametric forms for the
S (ωi , μ ie (ω −i )) term and the random utility term, Brock & Durlauf (2001) solve for

equilibria and show how these solutions can be employed to generate equations one can
estimate to econometrically identify social effects. Identification in this framework relies
strongly on the functional form assumptions employed, and also assumes that there is “no
endogenous self-selection” into peer groups or neighborhoods.
Moffitt (2001) provides another insightful discussion of social interactions,
focusing on cases in which social interactions produce “low-level equilibria or ‘traps’”
(p. 45). These “traps” include poverty traps, inferior housing market equilibria, and
segregation (see Schelling, 1971). Moffitt’s (2001) main concern is with assessing the
impacts of different policies on social interactions, and his discussion includes an
analysis of the kinds of interventions that might facilitate identification of social effects.
Three such types of interventions are emphasized, including policies that change group
membership in some way, interventions that try to affect outcomes in a large group by
changing prices or other economic “fundamentals” only for certain individuals or
subgroups, and interventions that are intended to affect social norms directly. As will be

3

Brock & Durlauf (2001) refer to these first two terms as “private utility” and “social utility.” However, in
the context of this dissertation, this terminology is a bit problematic since discussions of public goods often
make a distinction between social utility (or social welfare) and private utility to show how the collective
impact of individual decisions deviates from the social optimum that would be chosen by a centralized
social planner. Because the models in this dissertation will include both social interactions and public
goods, the terms “private” and “social” utility are abandoned, and more specific descriptions of different
utility components will be employed.
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discussed in Chapter Two, the community-led total sanitation campaign (CLTS) satisfies
the second and third of these conditions in a way that will facilitate identification of
social effects.
Several empirical studies have examined the role of social interactions in various
contexts. The motivation for examining social interactions differs somewhat across these
different studies. As mentioned in the discussion of technological change, many of these
studies examine how social networks affect the diffusion of new technologies, and
agricultural technologies have received particular attention. Key examples include
Case’s (1992) analysis of the adoption of sickles among farmers in Indonesia, Foster &
Rosenzweig’s (1995) study of high-yielding seed varieties in India, and Conley & Udry’s
(2001) examination of pineapple farming practices in Ghana. These studies tend to be
primarily interested in learning as the source of social effects. Some of these studies,
particularly Foster & Rosenzweig (1995) make an explicit attempt to distinguish learning
effects from “pure imitation,” with the implication that “imitation” is somehow less
interesting.
Other studies examine health-related choices, including the obesity study
mentioned at the beginning of this section (Christakis & Fowler, 2007). Munshi &
Myaux (2006) examine contraception choices among different religious groups in
Bangladesh.

In contrast to the learning models employed in agricultural studies, health

studies tend to be interested in “imitation” itself, i.e., the role of social norms and a desire
to conform to those norms in shaping individual behaviors. Thus, Christakis & Fowler
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(2007) argue that the effect they find may be due in part to the role of one’s peers in
shaping an individual’s norms about “the acceptability of being overweight” (p. 377).
Similarly, Munshi & Myaux (2006) emphasize a norm-based explanation for their finding
that contraceptive patterns are influenced by social contacts, and argue that their data is
less supportive of a social effects model based solely on learning about contraceptive
methods. Finally, in a context that is more closely related to the environmental health
decisions addressed in this dissertation, Kremer & Miguel (2006) use a randomized
school-based deworming intervention to examine the impact of social networks on use of
deworming drugs in Kenya. This study discusses three possible sources of social
interactions, including learning about the drugs (how to use them and what their benefits
are), imitation or conformism (norms), and “infection social effects” arising from
epidemiological spillovers in the effect of deworming drugs.
A similar set of social effects will motivate the analysis of sanitation and malaria
control choices in the subsequent chapters. Chapter Two examines latrine adoption in
rural Orissa, India, using a randomized community-level sanitation promotion campaign,
while Chapter Three analyzes households’ malaria-related knowledge as well as
prevention and treatment behaviors. In each of these chapters, a model of householdlevel decisions is developed that draws on discussions of the specific costs and benefits
households may consider in each of these contexts, and the role of social interactions is
given particular attention. A number of empirical methods are then employed to analyze
households’ knowledge and behaviors. In the Orissa study, the randomized study design
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allows analysis of the impacts of the sanitation campaign on a number of indicators,
including latrine ownership and use as well as child health outcomes. In addition to these
impact evaluation estimates, this study also responds to Ravallion’s (2005)
recommendation to open the “black box” of program evaluation and examine the drivers
of observed program effects. Analyses of latrine adoption focus on the role of household
characteristics as well as social interactions and peer effects in driving demand for
latrines in this study.
Meanwhile, analyses using household-level data from Mvomero, Tanzania, focus
on describing households’ malaria-related knowledge and practices and examining how
these indicators vary with different village, household, and individual characteristics.
Unique data on patterns of social interaction are then used to describe social networks
and examine how these networks may shape malaria-related outcomes. The final chapter
draws lessons from these two studies and suggests several directions for future research.
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2. Open Sky Latrines: Toilet Use, Health Outcomes, and
Social Interactions in Orissa, India 1
Inadequate water and sanitation infrastructure coupled with unsafe hygiene
behaviors are collectively responsible for high diarrhea incidence, especially in children,
(Borooah, 2004; Wang, 2002). Diarrheal diseases are blamed for 2 million child deaths
annually, with about half of these in India alone. The most recent data available suggest
that Orissa has one of the highest infant mortality rates (IMR) among major Indian states
with an IMR of 65 per 1000 (Government of India, 2007). Simultaneously, sanitation
levels remain persistently low in Orissa, with less than 20% of households owning a
latrine (Government of India, 2007). Improving sanitation is an international as well as a
domestic priority – halving the number of people without access to basic water and
sanitation services by 2015 is one of the Millennium Development Goals (UN, 2006),
and the Government of India has adopted a nationwide Total Sanitation Campaign (TSC)
which is intended to improve sanitation outcomes throughout the country.
Despite the importance of the sanitation problem in India and elsewhere,
policymakers and economists have paid relatively little attention to the demand side of
1

This dissertation chapter draws on a collaborative study funded by the World Bank, South Asia
Environment and Sustainable Development division (Task Manager, Kseniya Lvovsky). Subhrendu
Pattanayak of the Research Triangle Institute, International, is the primary investigator on this project and a
co-author of the research presented here. Portions of this work were also conducted jointly with Jui-Chen
Yang, Sumeet Patil, Christine Poulos, Ranjan Mallik, and Purujit Praharaj. I am grateful to Randy Kramer,
Chris Timmins, Lori Bennear, and Marty Smith for their feedback on this project and drafts of the papers
included herein. Seminar participants at the Delhi School of Economics and UC-Berkeley Economics
Department, as well as conference participants at the Minnesota International Economic Development and
the Cornell Conference on Infectious Diseases in Poor Countries, also provided helpful discussion.
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households’ decisions to build and use latrines. However, a review of the water and
sanitation literature (Figueroa & Kincaid, 2006; Jenkins & Curtis, 2005; Kar, 2003) along
with this project in Orissa highlight the importance of understanding these demand-side
factors. In conversations with village members in the study area of Bhadrak District,
Orissa, reasons for wanting a latrine included a desire to avoid health risks, but also a
desire for privacy and dignity, especially among women. At the same time, other
individuals acknowledged the difficulty of changing long-standing behaviors. As one
man remarked, “If [open defecation] was good enough for the Maharajas, it’s good
enough for me.” Another man spoke about his preference for using nature’s “Open Sky
Latrines,” rather than newer, man-made facilities.
This chapter examines a process of changing demand for latrines in Bhadrak
District, Orissa, through an evaluation of a randomized community-level sanitation
campaign that increased latrine ownership by 30-50% over a one-year period. A model
of households’ latrine adoption decisions is developed that highlights the range of costs
and benefits that households perceive in this context. This model is presented in Section
2.1. The key insight is that latrines are a mixed public-private good. Some of the costs
and benefits of latrine use depend only on one’s own action, but for both epidemiological
and social reasons, the payoff to any individual household from adopting a latrine will
also depend on the adoption decisions of other households in the village.
This insight motivates a study of a sanitation promotion campaign that targeted
both private and social drivers of latrine use and was intended to shift entire communities
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from one social norm (open defecation) to another (universal latrine use). To facilitate
evaluation of this campaign’s effects, the intervention was randomly assigned to 20
villages in Bhadrak, with 20 “control” villages serving as a comparison group. Section
2.2 presents the study’s design in more detail, along with a description of the communityled total sanitation (CLTS) campaign that served as the focal intervention.
Detailed individual-, household-, and village-level data collected before and after
the CLTS intervention in both treatment and control villages allow a rich set of analyses
evaluating the impact of this campaign on a number of sanitation and health outcomes.
These impact evaluation estimates are presented in Section 2.3. Results indicate that the
campaign had a substantial and immediate impact on latrine ownership and use,
increasing the share of households owning latrines by about 30% in the treatment
villages. Evidence of the campaign’s impacts on child diarrhea is less conclusive; while
diarrhea rates fell considerably in treatment villages, large reductions were also observed
in the control group, complicating the study’s ability to find a statistically significant
treatment effect. Impacts on other knowledge and behavior indicators are also explored.
In addition to describing what an intervention was able to achieve, Ravallion
(2005) and others have emphasized that the ability to learn from and apply evaluation
results is greatly enhanced when studies also devote attention to why certain outcomes
were observed. Having established that the CLTS campaign had a substantial impact on
latrine adoption in the study area, Section 2.4 turns to analyzing possible reasons for the
campaign’s success. The roles of a number of household and village characteristics are
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examined. In particular, the theoretical model motivates a focus on the role of social
interactions in driving demand for latrines, and a number of empirical strategies are
employed to estimate the role of these social effects in driving latrine adoption following
a sanitation campaign in Bhadrak District. Results consistently indicate that households
were indeed influenced by the behavior of their peers in deciding whether or not to build
a latrine, and that part of the success of the sanitation campaign in Bhadrak may have
been due to its emphasis on increasing social pressure to improve sanitation. The final
section discusses the study’s results, paying attention to their policy implications, and
outlines directions for follow-up data analysis and data collection to shed additional light
on the process of sanitation-related behavior change in the study area.

2.1 Understanding Households’ Latrine Adoption Decisions
Understanding the demand side of the sanitation decision requires a basic theory
of households’ decisions to build and use latrines. In the most simple terms, an economic
perspective on this decision states that households will decide in favor of latrine adoption
when the perceived benefits outweigh the perceived costs. Of course, in order for this
explanation to have any practical meaning or predictive power, a better understanding of
the “benefits” and “costs” that households consider is needed. A review of the sanitationrelated literature, along with conversations with village members and government
officials in Bhadrak District, highlight a number of different factors that may influence a
household’s sanitation decision. A key insight is that the decision to use a latrine
involves health as well as non-health costs and benefits. Furthermore, sanitation
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“payoffs” can be private (i.e., independent of other households’ decisions) as well as
collective. Table 2-1 presents a two-by-two matrix of costs and benefits broken down
according to these two dimensions. These factors are discussed in more detail below.
Table 2‐1: Summary of Benefits and Costs Associated with Latrine Adoption and
Sanitation Improvements
Private

Collective

Health

Non-Health

BENEFIT: Avoiding exposure to
pathogens in the act of open defecation

BENEFIT: Reducing time spent
walking to open defecation site; privacy

COST: Increase in fecal matter near
home from poorly constructed latrine

COST: Time and money spent building
a latrine; bad smell

BENEFIT: Cleaner environment;
reduction in diarrhea and other diseases

BENEFIT: Prestige; social pressure to
improve sanitation

COST: Decreased community water
quality from poorly constructed latrines

COST: Breaking with tradition and
existing social norms

2.1.1 Health Costs and Benefits
A key motivation behind the sanitation campaign studied here, as well as the
India-wide Total Sanitation Campaign and the even broader Millennium Development
Goals, is the belief that open defecation and poor sanitation contribute to high diarrhea
rates and high child mortality. Thus, from a national and international perspective, it
appears that one of the key benefits of latrine adoption and improved sanitation would be
a decrease in these health risks. Since decisions to build and use latrines will ultimately
come down to individuals’ perceived costs and benefits, however, it is important to
understand how individuals in a given area think about sanitation and health risks. Two
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factors are crucial in determining how households perceive the potential health benefits
of latrine adoption. First, households must be aware of the links between poor sanitation
and health. Several previous water and sanitation campaigns focused on educating
households on this “germ theory,” believing that this was a key barrier to latrine adoption
(Figueroa & Kincaid, 2006). However, these campaigns often failed to motivate
behavior change (Figueroa & Kincaid, 2006; Kar, 2003). Indeed, in our study area it
does not appear that this knowledge is an important barrier to latrine adoption.
Interviews with village members indicated that most people were aware of the links
between open defecation and diseases like diarrhea, typhoid, and cholera, and in the
baseline survey that was conducted prior to the sanitation intervention, over 90% of
household respondents cited open defecation as a cause of diarrhea.
Second, once households are aware of the health risks associated with poor
sanitation, they must have some expectation that using a latrine will result in a decrease
in this risk. This expectation will depend on their perception of the nature of the health
risk and the “mechanisms” through which open defecation and latrine use affect these
risks. Importantly, households’ perceptions of these mechanisms will determine whether
latrines are considered a public or private good. In other words, can a household avoid
the risk on its own, or does the risk depend on the actions of other households as well?
Interviews with village members in the study area and a review of the
epidemiological literature on diarrhea suggest two different risk pathways. First,
individuals we spoke with expressed a belief that people got sick from the act of going
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Figure 2‐1: Transmission Pathways for Diarrhea

Source: (Pruss et al., 2002)
out to the field, often barefoot, for open defecation. For this pathway, constructing and
using a latrine acts as a private averting behavior. However, the epidemiological
literature on diarrhea identifies a second set of risks that are a function of the aggregate
“fecal load” in a given area. For example, open defecation contributes to poor water
quality, and flies may transmit openly available fecal matter to food sources (see Figure
2-1). To the extent that health risks operate through these community-level pathways, the
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actions of any individual household will have only a small impact on expected health
outcomes. In the presence of these epidemiological externalities, latrine adoption acts as
a contribution toward a public good of “village cleanliness,” with the associated problems
of free-riding and collective action. Finally, it is important to note that latrine use itself
may be perceived to entail private or collective health risks. In discussions with
individuals in two study villages, people mentioned that although they believed open
defecation caused certain health risks, poorly constructed pit latrines could make some of
these problems worse. In one of these villages, the household expressing this concern
had a latrine located very close to their tube well. The latrine had been constructed under
an earlier government scheme, and the woman interviewed said that the latrine was only
used occasionally because it was seen as unclean.

2.1.2 Non-Health Costs and Benefits
In addition to potential health effects, households also consider the more
immediate, tangible benefits and costs of using a latrine. While policymakers often focus
on health outcomes, these “co-benefits” and “co-costs” that households receive in the act
of building and using a latrine are potentially important drivers of latrine adoption at the
household level. For example, Jenkins & Curtis (2005) studied the motives for latrine
construction in rural Benin, and found that “prestige” and “well-being” goals, such as
identifying with the urban elite or increasing convenience and comfort, played a more
important role than avoidance of fecal-oral disease transmission per se. Similarly, in
interviews with village members in Bhadrak, “privacy,” “dignity,” and “convenience”
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were often mentioned as reasons for building or wanting to build latrines. Other people
cited disadvantages of latrine use, such as bad odor or presence of flies and mosquitoes.
A few people said that open defecation was a tradition, even something they enjoyed
doing. As previously mentioned, one man told us that, “If it was good enough for the
Maharajas, it’s good enough for me.” In another village, women said that going out
together in the evenings for open defecation gave them a chance to spend time together
and gossip. These statements suggest that there may be psychological costs associated
with breaking with tradition and establishing a new practice.
Many of these “co-benefits” and “co-costs” of latrine use are socially defined and
dependent on community customs, culture, and beliefs. One would expect peer reference
groups to have a strong influence on households’ desire for things like privacy, and the
notion that using a latrine is more “dignified” than practicing open defecation is a social
construct. To the extent that these factors play a role in households’ adoption decisions,
one would expect these decisions to be characterized by social interactions (Brock &
Durlauf, 2001; Manski, 1993; Moffitt, 2001).

2.1.3 Theoretical Model of Latrine Adoption
This discussion motivates a theoretical model of sanitation decisions that closely
follows the model of utility maximization in the presence of social interactions presented
by Brock and Durlauf (2001). In this model, a household (indexed by i) has a utility
function that depends on private consumption, x, as well as the decision to adopt a latrine,
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gi ∈ [0,1]. 2 Utility from latrines has both private and socially-referenced components.
Building and using a latrine involves direct private benefits, such as privacy and
convenience, as well as possible direct impacts on the households’ health outcomes. In
addition, the socially-referenced utility of sanitation has two components. The first is the
“epidemiological” component arising from the fact that a household’s health outcomes
(e.g., diarrhea illness) will depend on overall village cleanliness, a public good which is a
function of the sanitation decisions of all households in the village. The second
component is the more strictly “social” component, which arises from the desire to
conform with collective sanitation norms. All else equal, households will prefer to use a
latrine when they observe or expect most of their peers to do so as well.
We write the household’s utility function as:
Vi = u ( xi , g i ) + S ( g i , μ ie ( g −i ))

The first term, u ( xi , g i ) , is the private utility associated with private consumption, xi, and
the household’s own sanitation decision, gi ∈ [0,1]. The second term, S ( g i , μ ie ( g −i )) , is

2

An alternative to modeling sanitation as a discrete choice, as we do here, is to develop a continuous
sanitation index. Indeed, this approach may be more appealing since the presence of a latrine is only one
aspect of a household’s “cleanliness.” Households that practice open defecation may take certain actions
(e.g., walking farther away from the village, burying feces) to mitigate the impact of their defecation on
village cleanliness. Conversely, households that have latrines may not use them consistently. One
justification for using the simpler discrete choice framework is to think of the continuous variable as a
“latent” sanitation index, with the household adopting a latrine when this index reaches a certain threshold.
However, a continuous sanitation index has also been developed, and many of the analyses have been
replicated using this alternative outcome variable. This index, along with the results of analyses adopting
this continuous dependent variable, are described in Appendix A.
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the socially-referenced utility term, with μ ie ( g −i ) representing the households’
expectations about sanitation decisions among other households in the village. This
social utility term is broken down into two components:

S ( g i , μ ie ( g −i )) = S1 (∑ g i ) + S 2 ( g i , g −i )
The term S1 (∑ g i ) is the health cost of exposure to the “public bad” of poor water
quality, which is a function of the overall level of sanitation in the village. The second
term, S 2 ( g i , g −i ) , is the utility associated with conforming to the village’s sanitation
norms. Households maximize their utility subject to a budget constraint:
max Vi ( xi , g i ) subject to xi + p gi g i ≤ I i
where the price of the consumption good has been normalized to one and Ii is the
household’s income. The price of sanitation, pgi, includes the money, time, and
knowledge used to construct and maintain a latrine.
The first order condition from this utility maximization problem yields the
following condition:
du / dg i + dS / dg i = p gi du / dx i

That is, households will invest time and money in improving sanitation up to the point
that marginal costs (the right hand side of the equation) are just equal to the expected
marginal private and social utility benefits (the left hand side of the equation).
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The general policy implication of this theoretical framework is that higher levels
of sanitation may be achieved through altering households’ perceived benefits and costs
of latrine adoption. Moreover, policies that recognize and explicitly target the sociallyreferenced components of households’ utility (e.g., through increasing social pressure to
conform to new sanitation norms) may generate more behavior change than policies that
focus solely on private components. The remainder of this chapter is devoted to
evaluating and analyzing a campaign in Orissa, India, that targets social and private
components of utility in an attempt to generate improved sanitation and health outcomes.

2.2 Design of the Orissa Latrines Study
To explore the drivers of latrine adoption in Orissa, India, a community-level
randomized trial of an intensive sanitation promotion campaign was conducted between
August of 2005 and September of 2006. Within Orissa, the coastal district of Bhadrak
(see Figure 2-2) served as the study area for three reasons: (1) Bhadrak still had a
sufficiently large number of blocks and villages where the Government of India’s TSC
interventions had not been implemented; (2) the use and maintenance of latrines in the
area remained unsatisfactory despite adequate water availability; and (3) the Government
of Orissa agreed that no special water, sanitation or hygiene programs would be
implemented in “control” villages during the study period. Within Bhadrak, 40 study

36

Figure 2‐2: Map Showing Location of Bhadrak District
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villages 3 were selected in two adjacent blocks, Tihidi and Chandbali, using the following
criteria. First, villages with less than 70 or more than 500 households were excluded to
ensure that villages included in the study would be similarly rural and would provide
enough households with at least one child under the age of five, since the main health
outcome under study was child diarrhea rates. Second, in order to minimize spillover
effects, villages were grouped by panchayat 4 and one village per panchayat was selected.
Villages were then spatially mapped, and contiguous villages were removed from the
sampling frame. This resulted in a final sample of 40 villages in Tihidi and Chandbali
blocks. Finally, 20 of the 40 sample villages were randomly selected and assigned to the
“treatment” group, while the other 20 villages served as “controls.” Figure 2-3 shows a
map of the study area and the location of our treatment and control villages.
The study was designed to measure the impacts of an intensive sanitationpromotion intervention being piloted under the Government of India’s Total Sanitation
Campaign. This intervention is described in detail in Section 2.2.2. In order to assess the
impact of this intervention on uptake of individual household latrines (IHL) and child
diarrhea rates, a repeated measures cohort design was implemented. Baseline data were
collected in all 40 villages in August of 2005. The intervention took place in the 20

3

Sample size calculations indicated that 40 villages with 25 eligible households per village would provide
sufficient statistical power (i.e. 80% or greater) to identify meaningful differences between treatment and
control villages on one of the primary outcomes, prevalence of diarrhea among children younger than five
years. A base rate of 25% and an anticipated program effect of 0.30 were assumed. Moderate attrition was
considered and a design effect (DEFF) of 2.0 was introduced to account for variance inflation.
4

Panchayats are groups of about 3-6 villages that are linked administratively and interact frequently
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LEGEND:
Treatment villages
Control villages
Other villages

Figure 2‐3: Location of Treatment and Control Villages in Tihidi and Chandbali
Blocks, Bhadrak, Orissa

treatment villages between January and May of 2006, and post-intervention data were
collected in August and September of 2006. The study protocol was approved by an
ethics review board, an external technical oversight group from leading public health
agencies, and a local steering committee. Throughout the design stage of this study, the
evaluation team worked closely with GoO as well as the sanitation campaign
implementation team to ensure consistency and coherence across all aspects of the study,
including integrity of the design and measurement.
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2.2.1 Data Collection
Multiple data collection methods were used to provide information on: 1)
outcomes of interest, latrine ownership and use and diarrhea rates among children under
five; 2) household- and village-level “covariates” potentially impacting these outcomes;
and 3) content and perceptions of the sanitation intervention.
The primary data collection instrument was a comprehensive household survey
that was conducted in all 40 villages in 2005 and 2006. In August of 2005, a listing and
mapping exercise identified the set of “eligible” households in each village (i.e.,
households with children under five), and then survey enumerators randomly selected 28
households from the sampling frame generated by the mapping and listing process. At
each household, enumerators were instructed to interview the primary care giver for
children under five years whenever possible. This was done to ensure the most accurate
information on child health and child sanitation and hygiene practices. The survey
instrument included eight sections covering health-related knowledge, attitudes, and
practices, family demographics, recent illnesses, water supply and hygiene practices,
sanitation, socioeconomics, and social preferences. The 2005 baseline survey covered
1086 households (treatment = 534, control = 552), and 1050 of these (treatment =529,
control =521) completed follow-up surveys in 2006.
Second, community surveys were administered to key informants in each of the 40
villages. These surveys collected information on village characteristics such as
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population, village size, land use, socioeconomics, village institutions, and water,
sanitation, and health-related projects.
Third, water quality was tested in 50% of households surveyed, as well as for inuse water sources in each village. Household surveys, community surveys, and water
quality sampling were all conducted by an international survey organization, TNS, with
substantial local experience and presence. Approximately 30 local enumerators,
supervisors, and water quality personnel, all of them with at least a bachelor’s degree and
fluent in the local language (Oriya), were involved in carrying out the data collection.
Fourth, members of the study team conducted informal interviews with key
stakeholders to gain additional perspective on what the sanitation campaign looked like
and how it was perceived by various actors. Stakeholders included state- and districtlevel government officials in charge of implementing the sanitation scheme, as well as
members of the Delhi-based consulting group (Knowledge Links) that led the
“community-led total sanitation” (CLTS) intervention in the 20 villages. Interviews with
village members were also conducted in ten of the 40 study villages, including seven
treatment and three control villages. Interviews with government officials and
Knowledge Links staff were conducted in English, while village-level interviews were
conducted with the help of an English-Oriya translator. Finally, project documents such
as Knowledge Links’ final report on the sanitation intervention in Bhadrak were reviewed
to gain additional perspectives on the intervention.
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2.2.2 The Intervention: Community-Led Total Sanitation
The intervention that was applied in the 20 study village in Bhadrak District
represents an intensive (and randomly assigned) version of the Total Sanitation
Campaign of the Government of India. The intensification of the TSC campaign draws
many ideas from a model of “Community-led Total Sanitation” (CLTS) developed by
Kamal Kar in Bangladesh (Kar, 2003), and subsequently employed in Indian states like
Maharashtra (Sanan & Moulik, 2007). The CLTS approach focuses on “empowering
local people to analyze the extent and risk of environmental pollution caused by open
defecation” (Kar, 2003). More crudely, one Knowledge Links staff member explained
that the approach used in Bhadrak boiled down to “getting people to realize that they are
eating each others’ shit.” Knowledge Links believes that knowledge alone is not
sufficient to generate lasting behavior change. Instead, the CLTS approach seeks to
generate strong, emotional responses at the community and individual level, culminating
in a community-wide resolve to end open defecation by a community-defined target date.
The basic elements of the intervention are shown in the Logic Model of the
Program (Figure 2-4). Basic inputs are: information, education, and communication
(IEC) on the costs and benefits of latrine use, such as health, dignity and privacy;
technical assistance and targeted subsidies for latrine construction (for households below
the poverty line); and social mobilization to change community norms from open
defecation to use of individual household latrines. The inputs are designed to create
demand for household latrines and to change people’s behaviors. Among key desired
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PROGRAM INPUTS

PROGRAM OUTPUTS

PROGRAM OUTCOMES

PROGRAM IMPACTS
Improvements in child
health

Subsidized labor & materials
Use of IHL
IHL construction know-how
Emphasis on
dignity & privacy

Number of IHL
constructed

Personal benefits

Satisfaction with IHL

Communication on
water-washed diseases

Broader welfare
impacts
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Budging social norms
MEDIATING FACTORS
Knowledge
Attitudes
Practices

Community-led
Total Sanitation (CLTS)

Figure 2‐4: Logic Model of the Community‐Led Total Sanitation Program in Orissa

impacts is improvement in child health, as measured by diarrhea prevalence among
children under five years of age.
While campaign activities varied somewhat from village to village, a similar
protocol was followed across the 20 intervention villages and the end goal -- self-analysis
of the sanitation situation leading to community consensus to end open defecation -- was
the same. The intervention began with a workshop for personnel from the District Water
and Sanitation Mission (DWSM) and from local non-governmental organizations
(NGOs) on the development of the IEC plan and training of Social Mobilization Teams
that would work in the villages. Delhi-based Knowledge Links, Ltd., a company with
extensive experience in Total Sanitation, conducted the training. The original intent was
for the Social Mobilization Teams from DWSM to work independently in the villages;
however, in Orissa most of the personnel from the DWSM were engineers who were
quite familiar with the hardware of sanitation but had little familiarity with IEC or
behavior change techniques. Accordingly, Knowledge Links stayed on throughout the
intervention and played an active role in the villages. Social Mobilization Teams
consisted of four or five people from Knowledge Links, at least one member of the
DWSM, and the village-level motivators. DWSM also conducted follow-up visits
independently.
The first task of the Social Mobilization Teams was to assist village residents to
form a Village Health, Water, and Sanitation Committee. The VHWSC, whose members
were drawn from all walks of life (for example, the village sarpanch [chairman of the
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village council], aanganwadi workers [child-care providers], self-help group members,
and other village leaders), was registered with the tahasil (a local administrative
subdivision similar to a county) as a legal entity and the entry point for CLTS activities in
the village.
Once the VHWSCs were established, the Social Mobilization Teams (with their
Knowledge Links advisors) visited each village two or three times and conducted the
CLTS activities through focus group meetings and village gatherings. Information was
provided about latrine design, cost, and the subsidy program for households below the
poverty line, as well as about the health and economic costs of illness due to diarrhea and
other water-borne diseases. Also discussed were non-health benefits of latrines, such as
dignity and privacy for women. The heart of the effort, however, was the use of various
unconventional techniques to persuade the village to make a firm commitment to stop
open defecation and build and use individual household latrines. If one strategy did not
work, another was tried during the next visit. Strategies included in the CLTS toolbox
were:
•

Calculation of fecal materials: groups of villagers calculated the amount of fecal
matter that accumulates in a village each day.

•

Walk of shame: groups of villagers walked around the village to identify current
environmental sanitation conditions.

•

Defecation mapping: groups of villagers mapped the village and major defecation
sites to reach an understanding of the spatial distribution of feces.
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Figure 2-5 shows villagers engaged in a CLTS meeting and a “defecation mapping”
exercise.
Obviously, these activities have a shock value and are meant to cause revulsion
and spur action to change the status quo. The approach is mainly visceral, not intellectual,
as traditional IEC campaigns tend to be. It is based on the premise that an intellectual
understanding of the relationship between poor sanitation and diarrhea does not
necessarily prompt people to build latrines, any more than knowledge of the relationship
between smoking and lung cancer prompts people to stop smoking. It takes a strong
emotional response for a community to change a well-established norm. The CLTS
project asked villages to make a formal commitment to foreswear open defecation and to
name a date certain when open defecation would end.
Typically, CLTS de-emphasizes subsidies, trying instead to motivate households
to adopt latrines on their own, without any external support. However, subsidies were
employed in the Bhadrak intervention. According to district-level government staff, the
typical cost of construction for the type of latrine (off-pit) promoted under this campaign
was Rs. 1500 (about US$30), of which households below the poverty line (BPL) were
only required to pay Rs. 300 (about US$6). In addition, Village Production Centers were
established to fabricate latrine construction materials and provide technical know-how.
Normally, an NGO was the implementing agency for construction, although sometimes
that role was played by the VHWSC. The implementing agency was also tasked with
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administering subsidies and collecting households’ contributions toward the cost of their
latrine construction.

Figure 2‐5: CLTS Activities in Bhadrak: Community Meeting (Left) and Defecation
Mapping (Right)

Referring back to the theoretical model introduced in Section 2.1, a few
implications of the CLTS campaign’s design are worth highlighting. First, in terms of
this theory, the CLTS intervention can be interpreted as providing an exogenous “shock”
to several components of households’ utility. The campaign targets households’
knowledge of the health risks associated with open defecation. For example, awareness
of the total amount of feces in the village and of the health risks associated with this fecal
matter is an essential part of the campaign. Second, the campaign places much emphasis
on the non-health benefits of latrine use, such as dignity and privacy for women. Third,
CLTS subsidizes materials and labor for households below the poverty line. Costs are
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also reduced due to the increased supply of both materials and expertise provided by
production centers and NGOs in the villages.
These effects all operate on the private component of households’ utility.
However, the model suggests that interventions might be more effective if they directly
targeted social components of utility as well as private costs and benefits. While
adequate supply, affordable costs, and awareness of latrines and their potential benefits
are necessary conditions for latrine adoption, they may not be sufficient. Fortunately, the
CLTS intervention also targets social drivers of households’ demand for latrines.
Essentially, CLTS is an attempt to move communities from one social norm (open
defecation) to another (universal latrine use). Importantly, the intervention explicitly
targets villages, rather than individual households, and the stated goal of CLTS is to
generate a community-wide agreement to end open defecation. Furthermore, CLTS
encourages villages to establish systems for punishing free-riders. Punishments can
involve monetary fines or social sanctions such as mocking or even throwing stones at
those who continue to practice open defecation. These aspects of the CLTS campaign
align closely with the argument by Sethi & Somanathan (1996) that social norms may
help to overcome collective action problems. By establishing a set of common
expectations about others’ actions and establishing informal or formal punishments for
deviating from accepted practices, social pressure to adopt latrines is increased and the
incentive to conform may outweigh the incentive to “free ride” on the sanitation
contributions of others.
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2.3 Evaluation of CLTS Impacts on Sanitation and Health
Outcome51
The preceding discussion of the CLTS intervention highlights its potential to
succeed where other sanitation interventions have failed by focusing on a portfolio of
“adoption barriers.” By implementing this intervention in a randomized manner, the
Bhadrak study introduced an exogenous shock to knowledge, costs, supply, and social
factors in 20 villages, allowing us to rigorously measure the campaign’s impacts on a
number of sanitation and health outcomes. This section begins by outlining a set of
empirical methods used to identify the campaign’s impacts on different indicators.
Results from these impact evaluations are then presented and discussed.

2.3.1 Empirical Methods for Identifying Impacts of CLTS
Random assignment of the CLTS campaign to 20 of the 40 study villages allows
relatively straightforward estimation of many of the campaign’s impacts. Random
assignment assures us that whether or not a village receives the treatment is uncorrelated
in expectation with that village’s “potential outcomes,” i.e., the outcomes it would
achieve if exposed to different treatment conditions. That is, if we define Y1 as the
potential outcome if the village receives the treatment, Y0 as the potential outcomes
without treatment, and D as an indicator of whether the village is actually exposed to the
treatment (D=1 if treated, D=0 otherwise), then E[Y1|D=1]=E[Y1|D=0] and

5

The methods and results in this section are also presented in Pattanayak et al. (2007).
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E[Y0|D=1]=E[Y0|D=0], so that comparing realized outcomes for the treatment and
control groups gives us:
E[Y1|D=1]- E[Y0|D=0]= E[Y1-Y0|D=1]= E[Y1-Y0]
Since this holds in expectation, comparing observed outcomes for the treatment and
control units in our study yield an unbiased estimate of the average treatment effect of the
CLTS campaign on various outcomes of interest, including sanitation-related knowledge,
latrine ownership and use, and other behaviors.
While simple means comparisons across villages provide an unbiased estimate of
the impacts of the CLTS campaign, more precise estimates can be obtained by
conducting household-level analyses and controlling for observed variation in household
and village characteristics. Thus, additional impact evaluation analyses are conducted
using various regression models. For several outcomes of interest, particularly latrine
ownership, the outcome is binary: Yijt =1 if household i in village j owns a latrine in year
t, and Yijt =0 otherwise. These models were estimated using probit regressions in which:

Yijt = E [ Yijt | Tit , X ijt ] + uij
E [ Yijt | Tit , X ijt ] = P ( Yijt = 1 | Tit , X ijt ) = 1 − F ( − β1 Tit − β2 X ijt )
Tit =1 if village i was in the treatment group in year t, Xijt is a vector of village and
household characteristics, and F is the standard normal cumulative density function. In
addition to running this model in “levels,” i.e., on 2006 latrine ownership, difference-in-
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differences models are also estimated. In these specifications, the right-hand variables
are Ti=1 if the village was assigned to the treatment group, a Yeart variable that takes a
value of 1 in 2006 (after the intervention), and the interaction term, Ti *Yeart, which will
take a value of 1 for treatment villages in 2006. The coefficient on the interaction term
gives the difference-in-differences (DID) estimate of the sanitation campaign’s impacts.
By including household- and village-level characteristics in these difference-in-difference
models, analyses control for observed variation among households as well as any timeinvariant unobservable differences between treatment and control villages.
Models of the type outlined above are well-suited to identifying the impact of the
CLTS campaign itself on outcomes of interest (knowledge and sanitation behaviors).
However, one may also be interested in measuring the impact of latrine adoption and use
on health outcomes. Answering this question is more difficult than measuring the effect
of the CLTS campaign more broadly because unlike the sanitation intervention, latrine
adoption itself is not randomly assigned. Ultimately, households choose whether or not
to build and use latrines, and it is quite possible that some of the factors that influence
this decision will also be correlated with diarrhea outcomes. For example, if households
that adopt latrines are naturally more health- and sanitation-conscious, one might expect
these households to have lower diarrhea rates even in the absence of the IHL “treatment.”
Thus, simply regressing diarrhea outcomes on latrine ownership will likely result in a
biased estimate of the treatment effect in this case.
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This problem represents a case of partial compliance (Duflo et al., 2006) with
assignment to receive latrine. In this framework, the sanitation campaign acts as a
randomly assigned “encouragement” to adopt latrines. However, not all household that
are subject to the campaign actually build a latrine, and there may be households in the
comparison group that decide to build latrines on their own. Nonetheless, one can use the
random variation in the campaign, which influences the latrine adoption decision, to
identify the impact of latrine adoption on diarrhea outcomes. If we denote Yij as the
individual or household level diarrhea outcome and Zi as the sanitation campaign (Zi =1 if
village i received the campaign, and Zi =0 otherwise), then random assignment implies
that E[Yij(0)| Zi =1]=E[Yij(0)| Zi =0] (where Yij is the individual or household level
diarrhea outcome). We can thus measure the Intention to Treat (ITT) effect as the
realized outcome: E[Yij| Zi=1]-E[Yij| Zi=0]. Furthermore, under three assumptions, the
following Wald estimator will give us a valid estimate of the impact of latrine adoption
(T) on diarrhea outcomes for a well-defined group of households (or individuals):
βω =

E [ Yij | Zi = 1 ] − E [ Yij | Z i = 0 ]
E [ Tij | Zi = 1 ] − E [ Tij | Z i = 0 ]

The numerator is the difference in diarrhea outcomes between households (or
individuals) in treatment villages and diarrhea outcomes in control villages—i.e., the ITT.
The denominator is the difference in latrine uptake between households exposed to the
campaign and those that were not exposed. Under the assumptions discussed below, this
estimator (or, equivalently, an instrumental variables estimator) will give us the effect of
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latrine adoption on diarrhea outcomes for the group of households that were induced by
the campaign to adopt latrines. This is the local average treatment effect, or LATE (see
Imbens & Angrist, 1994).
The assumptions that are required to identify the LATE are:
1. Independence: (Yij(0), Yij(1), Ti(1), Ti(0)) is independent of Z;
2. First stage: 0<P(Z=1)<1 and E[Ti|Z=1] ≠ E[Ti|Z=0].
3. Monotonicity: Either Ti(1)≥Ti(0) for all i, or Ti(1)≤Ti(0) for all i.
where Yij(0) and Yij(1) are potential diarrhea outcomes with and without exposure to the
campaign, Ti(1), Ti(0) denote potential latrine adoption outcomes, and Z denotes whether
or not the village was exposed to the campaign. The first stage assumption is fairly
straightforward: it requires that some (but not all) households were exposed to the
campaign, and that the campaign had some impact on the probability that a household
adopted a latrine. As shown in the results section, estimated impacts of the CLTS
campaign are generally large, positive, and statistically significant. Monotonicity is
commonly referred to as a “no defiers” assumption: that is, there are no households that
would adopt a latrine if not exposed to the campaign, and not adopt a latrine if they were
exposed. This also seems plausible.
The independence assumption is somewhat more complex. This assumption
essentially requires that the only way the instrument (the sanitation campaign) affects
diarrhea outcomes is through its effect on latrine uptake. While there is no way to test
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this assumption directly, specification tests can be run to examine whether the campaign
had any effect on other behaviors that may also influence diarrhea outcomes. In
particular, handwashing behavior (for both mothers and children under five) and
treatment of drinking water are examined. If difference-in-difference estimators show
little impact of the CLTS campaign on these behaviors, there may be some reason to
believe that the independence assumption may be valid in this context.
Rather than implement the Wald estimator directly, several instrumental variables
estimators are used in which the sanitation campaign serves as an instrument for latrine
adoption. These estimators allow the researcher to control for pre-existing differences
among households and trends over time by including fixed effects and various household
and village covariates.
Finally, the IV analysis discussed above measures the impact of the household’s
own latrine adoption on own diarrhea outcomes. As outlined previously, there is reason
to believe that latrine adoption and improvements in sanitation will generate
epidemiological spillovers. That is, a household’s health outcomes may depend on
village-level sanitation conditions rather than, or at least in addition to, individual
household behaviors. The intention-to-treat effect addresses this concern to some extent
by measuring the impact of the overall campaign on diarrhea rates. However, additional
analyses are performed to provide a more specific measure of the effect of aggregate
latrine adoption on individual diarrhea outcomes. In an initial setup, individual diarrhea
outcomes are simply regressed on individual, household, and village characteristics, as
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well as variables measuring whether or not the individual household uses a latrine, and
the percentage of households in the village that adopt a latrine. To test for interactions
between own-household sanitation decisions and overall village cleanliness, an
interaction term is also included.

Yij = f ( X ij , Tij , T j , Tij * T j ) + ε ij
The coefficient on the interaction term will capture whether, for example, latrine
use acts as a private averting behavior for households that use a latrine in villages that are
“dirtier” (i.e., where average latrine use is low). This is the “stepping in it”
epidemiological pathway identified by some village members in interviews.
Because this estimation strategy is likely to suffer from the selection bias issues
outlined above (both Tij and Tj may be correlated with the error term), an alternative
approach again uses assignment to the treatment group as an instrumental variable. The
first stage equation is identical to the probit regression measuring the impact of the CLTS
on latrine adoption at the household level, in which control variables include household
and village characteristics as well as the treatment variable. Results from this regression
are then used to predict household-level latrine adoption (Tij), and these predicted values
are used in the second stage diarrhea equation:

Yij = f ( X ij , Tˆij , Tˆj , Tˆij * Tˆ j ) +ε ij
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As above, this approach relies on the validity of the identifying assumptions
(independence of the instrument, first stage, and monotonicity).
Table 2‐2: Comparison of Means for Selected Household & Village Characteristics
Variables
Village population
Village area (acres)
Village population density
(people/acre)
% BPL

Overall
1509 (445)
456 (67.6)

Treatment
957 (102)
372 (47.6)

Control
2034 (856)
535 (123)

T-C
-1076 (862)
-163 (132)

15.9 (8.4)

7.04 (3.62)

24.2 (16.0)

-17.2 (16.4)

69% (1.5%)

67% (2.2%)

72% (2.1%)

-5.3%* (3.0%)

% Hindu

97% (.5%)

96% (.8%)

98% (.6%)

1.6% (1.0%)

% Scheduled caste/tribe

28% (1.4%)

29% (2.0%)

27% (1.9%)

2.5% (2.7%)

45 (1.4)

51 (2.0)

40 (2.0)

11*** (2.6)

53% (1.5%)

52% (2.2%)

54% (2.1%)

-1.3% (3.1%)

HH Size

6.96 (.09)

6.95 (.13)

6.97 (.12)

-.02 (.18)

Number of children<5

1.44 (.02)

1.48 (.03)

1.40 (.03)

.08* (.04)

Expenditure in past 30 days (Rs.)

2627 (82)

2461 (107)

2790 (123)

-328** (163)

2005

14% (1.1%)
9.7% (.9%)

10% (1.4%)
6.4% (1.1%)

18% (1.7%)
13% (1.4%)

-8.0%*** (2.2%)
-6.4%*** (1.8%)

2006

23% (1.3%)

32% (2.0%)

13% (1.5%)

19%*** (2.6%)

2005

26% (1.2%)

28% (1.8%)

23% (1.7%)

4.9%** (2.4%)

2006

15% (1.1%)

15% (1.5%)

16% (1.7%)

.8% (2.3%)

Distance from all-weather road
(minutes by foot)
Education: % of HH heads with
>primary education

% owning TV
% owning latrine
% of children<5 who had
diarrhea in past 2 weeks

Standard errors are in parentheses
* = significant at 10% level, **= significant at 5% level, ***= significant at <1% level
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2.3.2 Results: Impacts of the CLTS Campaign
2.3.2.1 Descriptive Statistics
Table 2-2 presents descriptive statistics for a number of household and village
characteristics. In general, treatment and control villages are fairly similar, with few
significant62 differences in observable covariates prior to the sanitation intervention.
Villages are fairly similar in size, both in terms of population and area, and in
socioeconomic characteristics such as education levels, percent of the population
categorized as below the poverty line (BPL), percent Hindu, and percent categorized as
“scheduled caste” or “scheduled tribe.” Household sizes are also similar across both
groups. However, treatment villages do appear to be slightly “worse off” along a few
dimensions, such as distance from all-weather roads and ownership of consumer durables
like TVs and cell phones.
Furthermore, turning to the main outcomes of interest, Table 2-2 shows that
treatment villages had a lower rate of latrine ownership and higher child diarrhea rates
compared to control villages in 2005 (prior to the intervention). Thus, through simple
luck of the draw it appears that the baseline situation in treatment villages was slightly
worse than in control villages according to a few key indicators prior to the intervention.
This highlights the importance of collecting baseline data so that these pre-existing
differences can be controlled for in estimating program impacts.

6

Throughout this discussion, statistics are referred to as “significant” when they have a p-value less than
5%.
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Figure 2‐6: Percent of Households Owning Latrines Over Time in Treatment and
Control Villages
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Following the intervention, there are no major changes in the covariates across
treatment and control villages. However, Table 2-2 shows that there is a substantial
increase in latrine ownership in the treatment villages, with no change in control villages.
On average, the percentage of households owning latrines increased from 6% to 32% in
treatment villages, while this percentage remains constant at 13% in control villages. The
difference in latrine ownership between treatment and control villages is highly
significant in 2006, providing the first indication that the CLTS campaign had a
substantial impact on latrine ownership.
To examine these changes in more detail, Figure 2-6 shows the proportion of
households owning latrines in each village in 2005 and 2006, as measured by the
household surveys, along with data provided by the Government of Orissa showing levels
of latrine ownership in 2007, one year after the conclusion of the study. Several points
are worth noting. First, the figure shows dramatic increases in latrine adoption in the
treatment group, compared to very little change among control villages. Prior to the
sanitation intervention, the percentage of households owning latrines is below 20% in all
20 treatment villages. In 2006, this percentage has surpassed 20% in 12 villages, and 5
villages are above 50%. According to the Government of Orissa, half of the treatment
villages achieved 100% latrine ownership by 2007. Meanwhile, with the exception of
one village (Agiria, discussed in more detail below), the percent of households owning
latrines remains constant or decreases between 2005 and 2006 in the control villages.
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A second observation is that the impact of the CLTS campaign does seem to vary
considerably across treatment villages. While substantial increases in latrine ownership
are observed in many villages (e.g., Badapimpala, Begunia, Rajnagar), other villages
show very little adoption between 2005 and 2006 (e.g., Ambola, Baliarpur,
Sanasamukavedi). Interviews with village members in some of these villages in 2006
revealed one possible reason for the lack of adoption. Because of the relatively short
follow-up time between the conclusion of the CLTS campaign and the second round of
household surveys, coupled with the arrival of the monsoons, several village members
stated that they had not yet been able to construct their latrines. Thus, the full impact of
the CLTS campaign on latrine adoption may not have been captured by the 2006
household survey. For this reason, the 2006 household survey also included questions
about households’ intentions to build and use latrines in the near future. As will be
shown in subsequent analyses, including those who stated that they intended to build
latrines substantially increases estimated treatment effects. Indeed, the 2007 data
provided by the Government of Orissa seem to indicate that increases in latrine
construction continued between 2006 and 2007.
A final observation concerns the one control village, Agiria, with relatively high
and increasing levels of latrine ownership. As previously mentioned, the selection
process was intended to exclude from the sample villages with any prior exposure to the
Government of Orissa’s Total Sanitation Campaign. However, although Agiria was not
listed as one of the villages where TSC had been implemented, a visit to this village in
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2006 and conversations with village leaders indicated that some sort of government
sanitation campaign had been conducted in the village prior to the 2005 round of
household surveys conducted by this study. As part of this intervention, households were
reportedly provided latrine construction materials (rings and a pan), and were required to
pay a nominal fee toward labor charges. It is unclear why this village did not appear on
the list of TSC-implemented villages provided to the study team during the initial
selection of villages. To address the concerns that this village does not represent a valid
“control,” subsequent treatment effects analyses were replicated on samples excluding
Agiria. Since these results are virtually identical to results on the full sample of villages,
it does not appear that the inclusion of this village substantially “contaminates” the
results.
Finally, Table 2-2 also shows that diarrhea rates fell substantially in treatment and
control villages among both children under five and children under three, and that there is
no longer any significant difference in this health outcome across treatment and controls.
Interestingly, the data do not reveal improvements in household water quality in
treatment households relative to controls. Nonetheless, these simple means comparisons
provide a preliminary indication that the treatment had an impact on IHL uptake and may
have improved health outcomes, as well. These effects are examined in greater detail
below.
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Table 2‐3: Comparison of Means for Sanitation & Hygiene‐related Knowledge,
Attitudes, and Practices
Variable
% aware of IEC campaign
% participated in IEC campaign activities
Number of diarrhea symptoms
correctly identified

% believe that open defecation
causes diarrhea

% who say that it is safe for women
to practice open defecation at night

% who say that women have
privacy during open defecation

2005
2006
2005
2006
2005
2006
2005
2006
2005

% who treat water
2006
Number of times mother reports
washing hands

Number of times mother reports
washing child’s hands

2005
2006
2005
2006

Overall

Treatment

Control

T-C

38%
(1.5%)
35%
(1.5%)
2.34
(.024)
3.16
(.048)
94%
(.7%)
88%
(1.0%)
26%
(2.9%)
35%
(2.0%)
11%
(5.0%)
23%
(1.8%)
11%
(1.0%)
13%
(1.0%)
6.28
(.068)
8.30
(.090)
2.43
(.025)
2.48
(.041)

67%
(2.1%)
63%
(2.1%)
2.32
(.032)
3.37
(.070)
94%
(1.0%)
91%
(1.3%)
23%
(4.5%)
31%
(3.5%)
1.5%
(8.1%)
24%
(2.2%)
9.4%
(1.3%)
12%
(1.4%)
6.49
(.096)
8.44
(.124)
2.43
(.035)
2.54
(.056)

9.6%
(1.3%)
8.7%
(1.2%)
2.36
(.035)
2.97
(.065)
95%
(1.0%)
85%
(1.6%)
30%
(3.4%)
38%
(2.2%)
20%
(5.7%)
23%
(2.8%)
13%
(1.4%)
13%
(1.5%)
6.09
(.097)
8.16
(.131)
2.43
(.037)
2.42
(.059)

58%***
(2.4%)
54%***
(2.5%)
-.037
(.048)
.398***
(.095)
-1.1%
(1.5%)
5.4%***
(2.1%)
-7.6%
(5.9%)
-6.8%*
(4.1%)
-18%*
(9.9%)
1%
(3.5%)
-3.7%*
(1.9%)
-.6%
(2.0%)
.397***
(.136)
.275
(.180)
.001
(.051)
.121
(.082)

Standard errors are in parentheses
* = significant at 10% level, **= significant at 5% level, ***= significant at <1% level
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2.3.2.2 Impacts of the Sanitation Campaign on Knowledge and Preferences
Before the campaign’s impact on latrine uptake and child health are assessed,
analyses first address the campaigns’ impacts on respondents’ sanitation- and hygienerelated knowledge, attitudes, and practices (KAP). Key indicators include awareness of
and participation in the CLTS campaign, knowledge about causes and symptoms of
diarrhea, sanitation- and health-related behaviors (other than latrine use), and social
preferences or attitudes. Each of these may affect the perceived benefits and costs of
latrine adoption, influencing households’ sanitation decisions.
Table 2-3 summarizes key KAP indicators in 2005 and 2006. The 2006 survey
included a question that asked whether respondents were aware of any “sanitation- and
toilet use-related information campaigns, education messages, and information camps”
that took place in their village since the beginning of 2006. Sixty-seven percent of
respondents in treatment villages answered “yes,” to this question, compared to about
10% of respondents in control villages, and this difference is highly significant. It is
interesting to note, however, that over 30% of respondents in treatment villages were not
aware of the sanitation campaign, while there were several respondents in control villages
who did report similar activities taking place in their village. Nonetheless, it is clear that
exposure to these sanitation messages was substantially higher in treatment villages.
What impact, if any, did these messages have on households’ health-related KAP?
Looking at respondents’ knowledge of diarrhea symptoms and causes, little difference
between treatment and control villages is observed in 2005. On average, respondents
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were able to identify 2.34 diarrhea symptoms73 correctly, and 94% of respondents cited
open defecation as a cause of diarrhea. This latter statistic, in particular, reinforces the
assertion by Knowledge Links and others that knowledge of the “germ theory” linking
open defecation and disease is not a fundamental barrier to latrine adoption in the study
area. What is also interesting is that the stated belief in open defecation-diarrhea linkages
actually decreases somewhat in both treatment and control villages following the
intervention. However, this decrease is smaller in treatment villages. Meanwhile,
knowledge of diarrhea symptoms increases in both treatment and control villages, but this
increase is greater in treatment villages. Thus, in 2006, respondents in treatment villages
are both more knowledgeable about diarrhea symptoms and more likely to cite open
defecation as a cause of diarrhea compared to respondents in control villages, and both of
these differences are significant.
Another important question is whether, other than latrine adoption, the sanitation
campaign affected behaviors that might also have an impact on child diarrhea rates. This
question is interesting in and of itself, and will also be important when in the discussion
of the campaign’s impacts on diarrhea rates. Referring to Table 2-3, there is some
evidence to suggest that one key diarrhea-related behavior, treating households’ drinking
water in any way (e.g., boiling, filtering, chemical treatment), did increase somewhat
following treatment. In 2005, about 4% fewer households in treatment villages treated

7

Essentially, this indicator counts how many of 6 correct symptoms (i.e., loose stool, blood/mucus in stool,
abdominal pain, fever, vomiting, & loss of weight) were identified by households.

64

their drinking water when compared with controls, and this difference was significant at
the 10% level. Following treatment, water treatment increased slightly, from 9.4% to
12%, in treatment villages, while there was no change in control villages. Looking at
another key hygiene behavior, reported handwashing increased for both mothers and
children from 2005 to 2006, and this increase was observed in both treatment and control
villages. In both years, reported handwashing is slightly higher in treatment villages
compared to controls. For mothers, this difference is highly statistically significant in
2005, but the difference is smaller and no longer significant in 2006. For children, the
difference between treatment and controls becomes somewhat larger in 2006, but is still
not significant.
Table 2‐4: Impact of Sanitation Campaign on Diarrhea‐related Behaviors (Other than
Latrine Use)
Dependent
variable:
Number of times
mother washes
hands

Dependent
variable:
Number of times
children under 5
have their hands
washed

Dependent
variable:
HH treats
drinking water

.331

-.026

-.038

2.00***

-.038

-.002

-.056

.147

.035

Explanatory variables:
Treatment
Post
Treatment*Post

Standard errors are in parentheses
* = significant at 10% level, **= significant at 5% level, ***= significant at <1% level

To probe these effects in more detail, difference-in-difference models were run
using water treatment, handwashing for mothers, and handwashing for children as the
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dependent variables. Results from these models are presented in Table 2-4. The
difference-in-difference estimates show no significant effect of the CLTS campaign on
water treatment and handwashing behaviors. This is not surprising since the CLTS
messages focused on latrine use and put little emphasis on these alternative sanitationand hygiene-related behaviors.
The 2006 survey also included a set of questions on social preferences. These
seven questions were intended to gauge respondents’ attitudes and values, which may be
important drivers of latrine adoption. Table 2-5 summarizes responses to these questions,
each of which had respondents choose between two alternative statements. The first
question measured commitment to family versus community. The second question
assessed attitudes toward tradition versus progress. The third question asked whether
households tended to be “first adopters” of new technologies, or whether they tended to
wait until others had adopted to try new things. The fourth question assessed whether
respondents felt it was important to report people who broke community laws, or whether
it was better to mind one’s own business. The fifth question measured stated
“willpower,” while the sixth question was intended to gauge the importance respondents
gave to conformism. Finally, the seventh question assessed whether respondents tended
to solve problems directly, or “cope” with obstacles.
Random assignment of treatment ensures that, in expectation, responses to these
questions would have been the same in treatment and control villages in the absence of
the treatment. Therefore, households’ actual responses give us an estimate of the
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Table 2‐5: Comparison of Means for Responses to Social Preferences Questions
Responses to Social Preference Questions

Treatment

Control

T-C

Percent choosing statement “Improving our community is just as
important as looking after my immediate family “ over “Taking
care of my immediate family (household members) is my first
responsibility”

41%

41%

-.1%
(3.0%)

Percent choosing statement “We should embrace progress and
adopt new technologies and behaviors “ over “It is important to
maintain our community’s customs and traditions”

39%

40%

-1.3%
(3.0%)

Percent choosing statement “We are often the first household in
the village to adopt new technologies and practices” over “We
tend to wait until several others in our community have adopted a
new technology before we try it ourselves”

35%

42%

-6.8%**
(3.0%)

90%

88%

2.1%
(1.9%)

92%

86%

5.9%***
(1.9%)

60%

52%

7.3%**
(3.1%)

83%

82%

.9%
(2.3%)

“If we see someone breaking one of our community’s laws, we
usually:”
Percent choosing “Scold him publicly and report him to the
village council” over “Don’t say anything; it is better to mind
one’s own business”
“Imagine that someone has given you some sweets (or, if you
don’t like sweets, think of something you do like a lot!). You
know that eating them all right away may give you an upset
stomach. Do you usually:”
Percent choosing “Eat a little immediately and save the rest
for later” over “Eat them all anyway”
“It is important to our family:”
Percent choosing “To be accepted by our village people” over
“To make our own choices whether others approve or not”
“You are walking through the village and you come across a large
puddle blocking your path. Do you:”
Percent choosing “Find some stones and sticks and build a
path through the puddle” over “Take a different path”

Standard errors are in parentheses
* = significant at 10% level, **= significant at 5% level, ***= significant at <1% level

campaign’s impact on this set of social preferences. For questions 1 (community vs.
family), 2 (tradition vs. progress), 4 (punishing those who broke community laws), and 7
(problem solving vs. coping), responses are quite similar across treatment and control
villages. However, significant differences do exist between treatment and control
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responses for the remaining questions. Households in treatment villages are less likely to
be “early adopters,” more likely to exercise willpower (e.g., eat sweet treats gradually)
and more likely to conform to community norms (rather than do their own thing). In
subsequent analyses, these variables are included as covariates in regressions exploring
variation in latrine adoption among households in the study.
Table 2‐6: Treatment Effects Analyses for Impact of Intervention on Latrine Uptake

Y = household has latrine
Treatment
Post
Treatment x Post
IHL-2005
SES-2005 Controls†
KAP-2005 Controls††
N
Pseudo R.Sq

Model 1:

Model 2:

Model 3:

Model 4:

Probit (2006)
& Controls ‡

Probit
DID‡

Probit DID &
Controls ‡

Linear DID,
Village FE
& Controls

0.293***

-0.092**
0.003
0.305***

0.043~
-0.182**
0.303***

0.019
0.247***

Yes
Yes

Yes
Yes

2122
0.25

2122
0.202

Yes
Yes
Yes
1043
0.275

2136
0.075

Table reports marginal effects calculated from probit regressions.
‡ errors are clustered at village level
† includes household’s religion (Hindu), caste (open caste), land ownership, TV ownership, and
electricity connection in 2005
†† includes whether household knowledge, attitudes and practices. Attitudes include if they think
their village is very dirty, if they completely dissatisfied with their current sanitation situation.
Knowledge includes ability to correctly identify symptoms and causes of diarrhea and exposure
by 2005 to TV and radio campaigns that focused on toilet and sanitation. Practices include
whether they treat or boil their drinking water, how often adults and children wash hands (after
critical daily activities – eating, defecating), and their participation in community activities such
as sweeping streets and cleaning drains.
* = significant at 10% level, **= significant at 5% level, ***= significant at <1% level

68

2.3.2.3 Impacts on Latrine Adoption
Discussion now turns to the campaign’s impacts on latrine ownership and use.
Table 2-6 presents impact evaluation estimates based on four alternative estimation
models, where the dependent variable is household ownership of a latrine: Yijt =1 if
household i in village j owns a latrine in year t, and Yijt =0 otherwise. Model 1 is a probit
regressions in “levels,” where the dependent variable is latrine ownership in 2006, and
covariates include whether or not the household had a latrine in 2005, as well as
socioeconomic and knowledge, attitude, and practice control variables. Models 2 and 3
are probit difference-in-difference models, where the right-hand variables are Ti=1 if the
village was assigned to the treatment group, a Postt variable that takes a value of 1 in
2006 (after the intervention), and the interaction term, Ti *Postt, which will take a value
of 1 for treatment villages in 2006. The coefficient on the interaction term gives the
difference-in-differences (DID) estimate of the sanitation campaign’s impacts.
Additional SES and KAP control variables are included in Model 3. Finally, Model 4 is a
linear DID model with controls.
Not surprisingly, all of these models confirm that the sanitation campaign had a
substantial and statistically significant impact on latrine adoption. Estimated impacts
range from a 25% to a 30% increase in latrine ownership. These estimates also confirm
that, because of the initially lower level of latrine ownership in treatment villages, the
simple means comparison for 2006 (which shows a 19% higher level of latrine ownership
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in treatment villages) underestimates the impact of the sanitation campaign on toilet
adoption.
It is worth examining the identifying assumption underlying the difference-indifference estimator, namely, that in the absence of the treatment, trends in latrine
adoption would have been parallel between the two groups of villages (treatment and
control). While it is not possible to test this assumption directly, data on latrine adoption
prior to the intervention can be used to provide some insight into the validity of this
assumption. In 2003, the Government of Orissa collected data on households’ latrine
ownership in Bhadrak at the village level, and these data can be compared with 2005
baseline data collected in this study to assess whether or not trends in latrine adoption
appear to be parallel between the two treatment groups prior to the sanitation
intervention.
Table 2‐7: Comparison of Means for Percent of Households Owning Latrines in
Treatment and Control Villages Prior to the Sanitation Intervention
2003 (GoO data)
2005 (Household survey data)
Change (2005-2003)

Overall
1.21%
9.67%
8.46%***

Treatment
1.34%
6.10%
4.76%***

Control
1.09%
13.3%
12.2%***

T-C
0.25%
-7.15%*
-7.40%**

* = significant at 10% level, **= significant at 5% level, ***= significant at <1% level

Table 2-7 presents results of analyses examining trends in the percent of
households owning latrines among treatment and control villages prior to the sanitation
intervention. The main result is that trends in latrine ownership do not appear to be
parallel between the treatment and control groups. Rather, prior to the intervention it
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appears that control villages were experiencing larger increases in latrine ownership
relative to the control villages. According to the Government of Orissa’s data, latrine
ownership was quite low (1.2%) among all study villages in 2003, and there is very little
difference between the treatment and control groups. Between 2003 and 2005, both
treatment and control villages experienced significant increases in latrine ownership, but
the increase in control villages (12.2%) is larger than the increase observed in treatment
villages (4.8%), and the difference in these differences (7.4%) is statistically significant.
These results call into question the identifying assumption of difference-in-difference
estimates evaluating the impact of the sanitation campaign on latrine ownership, and it is
unclear a priori whether this issue will lead resulting estimates to under- or overstate the
impacts of the CLTS campaign. Future analyses will address this issue by employing the
semiparametric difference-in-differences estimator outlined in Abadie (), which corrects
for non-parallel trends in outcomes between treatment and control groups by weighting
the difference-in-difference estimator by a propensity score. It is also worth noting that,
while pre-existing differences between the treatment and control villages may call into
question the precise magnitude of the campaign’s impacts, the overall magnitude of the
increase in latrine adoption within treatment villages, and the lack of adoption within
controls, provides a fair level of reassurance that the campaign did cause at least some of
the observed adoption.
Leaving this issue aside for the moment, there are additional reasons to believe
that the treatment effects estimates presented here likely underestimate the full impact of
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the sanitation campaign. As previously mentioned, interviews with village members and
observations in August of 2006 (a couple of weeks before the survey was implemented)
revealed that many people in the treatment villages had begun to construct latrines but
had not yet finished. Furthermore, data provided by the Government of Orissa suggests
that latrine ownership did indeed continue to increase in the year following the 2006
household survey. Thus, to get a sense of the longer term impacts of the campaign,
difference-in-differences models were re-run adding “future adopters” to the households
that had constructed latrine by the 2006 survey. Adding households that said they had
started building an IHL at the time of the second survey led to an estimated treatment
effect of 44%. Including household that said they were planning to build an IHL within
the next month increased the treatment effect to 54%. Finally, including households that
said they were planning to build within the next year led to an estimated effect of 56%.
Without household-level data from 2007, it is uncertain how many households actually
followed through and constructed latrines following the 2006 survey. However, these
estimates do suggest that the CLTS campaign’s impacts are likely larger than the
estimates reported in Table 2-6.
While it is important to measure latrine construction and ownership as key
campaign impacts, it is ultimately use of these latrines that is the desired outcome. Table
2-8 presents some preliminary indicators of latrine use based on households’ reported
defecation practices. The variables reported in this table record the percent of household
respondents who reported that men, women, and children “daily/usually” used a private
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Table 2‐8: Comparison of Means for IHL Use and Open Defecation Practices
Overall
2005
Men use IHL
2006
2005
Women use IHL
2006
2005
Children use IHL

2006
2006

Treatment

Whole sample
6.6%
3.4%
(.8%)
(.8%)
15%
22%
(1.2%)
(1.8%)
8.6%
5.6%
(.8%)
(1.0%)
15%
22%
(1.1%)
(1.8%)
5.2%
3.6%
(.7%)
(.8%)
7.2%
10%
(.8%)
(1.3%)
3.58
3.42
(.16)
(.22)

Control

T-C

9.8%
(1.3%)
8.2%
(1.2%)
11%
(1.3%)
8.0%
(1.2%)
6.7%
(1.1%)
4.0%
(.8%)
3.70
(.22)

-6.4%***
(1.5%)
14%***
(2.1%)
-5.8%***
(1.7%)
14%***
(2.1%)
-3.1%**
(1.3%)
6.5%***
(1.6%)
-.28
(.31)

Only HHs that have IHL
67%
53%
73%
(4.6%)
(8.7%)
(5.3%)
68%
70%
64%
2006
(3.0%)
(3.5%)
(5.8%)
86%
85%
86%
2005
(3.4%)
(6.2%)
(4.2%)
67%
69%
63%
2006
(3.0%)
(3.6%)
(5.8%)
52%
56%
51%
2005
(4.9%)
(8.6%)
(6.0%)
33%
33%
31%
2006
(3.0%)
(3.6%)
(5.6%)
Sample sizes:
Whole sample (2005): 534 treatment HHs, 552 control
Whole sample (2006): 521 treatment, 529 control
With IHL (2005): 71 treatment, 34 control
With IHL (2006): 70 treatment, 168 control
2005

Men use IHL

Women use IHL

Children use IHL

-20%*
(10%)
6.0%
(6.8%)
-.6%
(7.4%)
6.2%
(6.8%)
5.2%
(11%)
1.9%
(6.7%)

Standard errors are in parentheses
* = significant at 10% level, **= significant at 5% level, ***= significant at <1% level
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latrine for defecation. Results are reported for the whole sample, as well as for only the
households who had a latrine in each year. In the whole sample, for men, women, and
children, reported use was lower in treatment villages in 2005 compared to controls. This
is consistent with the finding that IHL coverage was initially higher in control villages.
Use has increased for all groups in treatment villages, and reported use has actually
declined in control villages.
Limiting the sample to only those households who had latrines in each year, one
can examine whether households who adopted latrines after the campaign were more or
less likely to actually use them. In 2005, only 53% of men in treatment villages were
reported to use latrines given that their household had one, compared to 73% of
households in control villages. After the treatment, this trend is reversed, with 70% of
men in treatment villages now using latrines. Meanwhile, use has actually declined
slightly among men with latrines in control villages, to 64%. For women, use was
initially slightly lower in treatment villages, and became somewhat higher after
treatment. However, what is more notable is the overall decline in reported use among
women. In 2005, 85% of women in treatment villages and 86% of women in control
villages report using their latrines, while these numbers have declined to 69% and 63% in
2006. The decrease in use is repeated for children, who also have the lowest rates of
reported use compared to men and women (average of 52% overall in 2005 and only 33%
in 2006). Thus, these results suggest that many of the new latrines that have been
constructed are not yet being uniformly used by women and children. However, the
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substantial number of new latrines that have been built has led to a significant increase in
latrine use among men, women, and children overall.
2.3.2.4 Impacts on Child Diarrhea
The evidence presented thus far indicates that the sanitation campaign had the
intended impact on latrine construction and use. In a single year, latrine ownership
among households in treatment village increased from 6.4% to 32%, while the percentage
of households in control villages owning latrines remained constant at about 13%. The
next question is whether or not these increases in latrine ownership have resulted in
improved health outcomes, as one might expect from an epidemiological model that links
open defecation to diseases like diarrhea.
Table 2‐9: Estimates of the Effect of Latrine Adoption on Child Diarrhea Rates
Intention to Treat
Y = Child has diarrhea
Treatment
Post
Treatment x Post
IHLhat
Community WQ (total coliform)
SES-2005 Controls †
KAP-2005 Controls †
N
Pseudo R.Sq

Model 1:
Under3 ‡

Model 2:
Under5‡

0.098***
-0.042
-0.098*

0.051**
-0.051
-0.051

Instrumental Variable
Model 3:
Under3‡

Model 4:
Under5‡

-0.182**

-0.321**

-0.191
0.004*
as IV
as IV

-0.318*
0.001*
as IV
as IV

1440
2720
1440
0.05
0.03
‡ errors are clustered at village level
† same as in latrine adoption model – see Table 2-6.

2720

0.001***
Yes
Yes

0.001*
Yes
Yes

* = significant at 10% level, **= significant at 5% level, ***= significant at <1% level
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Table 2-9 presents estimates from two sets of models. The first two columns
represent “intention-to-treat” models. That is, these models measure the effect of the
sanitation campaign itself (rather than latrine use specifically) on diarrhea rates among
children under three and children under five. These models are estimated using a
difference-in-difference framework, and water quality, socioeconomic status, and
knowledge, attitude, and practice controls are also included in these regressions.
Estimates are negative for both groups of children, and statistically significant at the 10%
level for children under three. For columns three and four, the impact of own-household
latrine ownership is measured using an instrumental variables estimator, again controlling
for water quality, SES, and KAP variables. Treatment effect estimates from these models
again indicate a negative relationship between latrine ownership and child diarrhea rates,
but in this case estimates are not statistically significant for children under three and only
marginally significant for children under five. All four models also show a positive
relationship between community water quality (measured by the total coliform count) and
child diarrhea rates.
As mentioned in the methods section, instrumental variables estimates rely on the
identifying assumption that the only way the sanitation campaign impacted child diarrhea
rates was through its impact on latrine adoption. One way this assumption might be
violated is if the campaign also influenced other behaviors, such as handwashing or
treating drinking water, that also affect child health outcomes. As shown in Table 2-4,
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difference-in-differences estimates show no significant impact of the impact of the
sanitation campaign on these two behaviors. Thus, this particular threat to the validity of
the estimator may be minimized.84
However, the larger validity threat apparent in this estimation strategy is the
assumption that the only impact of the sanitation campaign on child health outcomes is
through the campaign’s impact on the own household’s decision to adopt a latrine. Since
there is reason to believe that epidemiological spillovers are at play, the campaign’s
impacts on other households’ adoption decisions may also impact observed health
outcomes, violating the assumption of the instrumental variables estimator presented in
Table 2-9. The intention-to-treat estimates get around this concern to some extent, since
these estimates measure the impact of the sanitation campaign as a whole (including its
impact on village-level adoption) on child diarrhea estimates.
Additional analyses focus more specifically on the link between village-level
latrine adoption and child health outcomes. Results from these analyses are presented in
Table 2-10. Columns one and two are from models in which the percent of households in

8

One additional method for identifying the impact of latrine ownership on child diarrhea rates was also
explored. This method uses a propensity score matching technique to compare diarrhea outcomes among
latrine adopters in the treatment village to outcomes for non-adopters in control villages who would have
adopted latrines if their village had been exposed to the campaign. In the first stage, a probit regression of
latrine adoption on household characteristics is run using only treatment villages. Estimated coefficients
from this regression are then used to predict the likelihood of adoption for households in control villages.
Finally, the sample was limited to adopters in treatment villagers and non-adopters in control villages, and
households were matched based on predicted likelihood of adoption. Each treatment household was
matched to four control households, and diarrhea rates were compared. Estimates computed using this
method were negative but not statistically significant.
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the village using latrines, own household latrine use, and an interaction between these
two variables is included directly. Columns three and four are from an instrumental
variables model, in which the treatment variable instruments for household-level latrine
adoption. As Table 2-10 shows, coefficients on own- and village-level IHL are actually
positive, while the interaction term has a negative coefficient. However, since none of
these coefficients are significant, no clear impact of latrine ownership can be identified
from these models.
Table 2‐10: Estimates of the Effect of Village‐level Latrine Adoption on Child
Diarrhea Rates
IHL variables included directly Instrumental Variables
Y = Child has diarrhea
Percent IHL
Own IHL
Percent IHL* Own IHL
Community WQ (total coliform)
SES-2005 Controls †
KAP-2005 Controls †
N
Pseudo R.Sq

Model 1:
Under3 ‡

Model 2:
Under5‡

.081
.003
-.063
-.001
Yes
Yes

Model 3:
Under3‡

.011
.031
-.022
-.0004
Yes
Yes

1431
2675
0.04
0.03
‡ errors are clustered at village level
† same as in latrine adoption model – see Table 2-6.

Model 4:
Under5‡

.146
.074
-.402
-.001
as IV
as IV

.042
.118
-.510
-.0004
as IV
as IV

1431

2496

* = significant at 10% level, **= significant at 5% level, ***= significant at <1% level

This discussion leads to some general concerns regarding the purported
identification of the sanitation and health linkage. First, the post-intervention survey was
conducted only a few months after the campaign concluded, and the new latrines that
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were constructed in the wake of the campaign had only been in use for a short amount of
time. Furthermore, while the sanitation campaign did result in a substantial amount of
new latrine construction, the average percentage of households owning IHL is still fairly
low, at 32%, even in the treatment villages, and results show that only 22% of men and
women in treatment villages were actually using latrines on a daily basis in 2006. While
this is substantial progress over the baseline situation, open defecation is still the
dominant practice throughout the study area. If the relationship between fecal load in the
community and diarrhea rates displays some kind of “threshold effect,” one would expect
to see decreases in diarrhea rates only after some critical mass of households had
switched over to using latrines. This proposition can be tested by examining water
quality results. Preliminary DID estimates of water quality at the community level
suggest that intervention communities experienced a 27 points decrease in E.coli,
compared to control communities. Overall impacts on household-level water quality are
less clear. At the household level, both E.coli and total coliform levels were analyzed
using a variety of methods to test the effect of the sanitation intervention and latrine
uptake. Across these different models, results are consistently negative but insignificant
for E.coli. For total coliform, a simple DID model for the effect of the sanitation
campaign actually reveals a small increase, but this result is highly insignificant.
However, using both DID and IV approaches, there is some evidence that latrine
adoption decreased total coliform levels. In turn, these indicators of microbial
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contamination (either E.coli or total coliform) significantly increase the explanatory
power of the diarrhea regressions.
Finally, one additional factor working against finding significant diarrhea impacts
is that, for some reason, overall diarrhea rates were substantially lower in 2006 than in
2005 for both treatment and control villages. This suggests that some other factor, not
controlled for in these analyses, led to an abnormally low level of diarrhea in 2006. This
highlights a larger issue, which is that the models employed here are ultimately not able
to explain very much of the variation in diarrhea rates in the study area. Across the
different models that were estimated, the R-squared ranges from about .03 to .11. Thus,
there appear to be many unobservable factors driving diarrhea rates, complicating efforts
to isolate the impact of latrine ownership.

2.4 Measuring Social Interactions and Other Drivers of Latrine
Adoption
Impact evaluation analyses presented in the preceding section suggest that the
CLTS campaign resulted in significant behavior change. While impacts on health
outcomes are less clear, impact estimates consistently show large and significant
increases in latrine ownership and use within the villages exposed to the CLTS
intervention. To gain additional insight into the processes driving this behavior change, a
number of empirical strategies are employed. Given the predictions of the theoretical
model, which emphasize the mixed public-private good nature of latrines, these analyses
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address the role of individual household and village characteristics as well as social
pressure and social interactions as drivers of demand for latrines.

2.4.1 Empirical Methods for Analyzing Drivers of Latrine Adoption
A standard approach to analyzing households’ decisions to purchase a good or
adopt a behavior is to use a discrete choice model. In this case, the households’ (latent)
utility from adopting a latrine can be formulated as a function of a number of household
and village characteristics, as well as a random utility term.

g ij* = f ( X ij , Z j ) + ε ij
This model is estimated using a probit regression, so that the likelihood function is of the
form:
P ( g ij = 1 | X ij , Z j ) = 1 − F ( − β X ij − γZ j )

where i indexes individuals, j indexes villages, and F(.) is the normal cumulative density
function. Regressors include household and village characteristics, as well as an
indicator for whether or not the household was in a “treatment” village.
In addition to running this model on the full sample of villages, this regression is
also run limiting the sample to treatment villages only. This is equivalent to interacting
each of the regressors with the treatment variable. Since virtually no additional uptake of
latrines is observed in the control villages between 2005 and 2006, there is reason to
believe that there is a fundamentally different process of adoption operating in the

81

treatment villages. Limiting the sample to these villages allows us to examine this
process in more detail. In treatment village-only regressions, additional variables are
included to capture variation in CLTS campaign both across and within villages. To
account for variation in exposure to the campaign across households, regressors are
included that record whether or not the survey respondent said that she was aware of the
CLTS campaign that occurred in the village, and whether or not s/he participated in any
campaign activities. Finally, dummy variables for each of the different NGOs that
implemented CLTS are included to capture possible differences in intervention quality
across villages.
2.4.1.1 Incorporating Social Interactions
The theoretical model draws attention to the possibility that, for both social and
epidemiological reasons, households’ adoption decisions may depend on the actual or
expected decisions of other households in the village. The discrete choice model outlined
above ignores these social effects, assuming that each household’s decision depends only
on that household’s own characteristics. Identification of social effects is complicated by
what Manski (1993) terms the “reflection problem.” Separating out endogenous social
effects, the influence of group behavior on individual behavior, is complicated by the fact
that individuals within a group may also behave similarly because they share similar
characteristics (correlated effects) or because they are subject to similar conditions or
influences (exogenous effects) (Manski, 1993). Fortunately, there is a growing theoretical
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and applied literature on estimating social interactions on which we may draw (Bajari et
al., 2006; Brock & Durlauf, 2001; Case, 1992; Conley & Udry, 2005; Manski, 1993).
The first two methods used here to estimate social interactions draw on estimation
procedures presented in Brock & Durlauf (2001) and Bajari et al. (2006). In the Brock &
Durlauf (B&D) specification, the average level of adoption among other households in
the village is simply included as a regressor in a nonlinear (logit) regression. That is, this
model is of the form:
g ij* = f ( X ij , Z j , g −ij ) + ε ij
While this approach has the advantage of being easy to implement, identification
of social interactions relies on functional form assumptions. Thus, a variant of the twostage estimation strategy outlined in Bajari et al. (2006) is also implemented. In this
approach (BHKN), identification of social effects uses exclusion restrictions – i.e.,
household characteristics (X1ij) that only affect the household’s own adoption decision,
without having any direct effect on the adoption decisions of other households. The logic
behind this approach is that neighbors are influenced in their latrine adoption decisions
by the expected behavior of their peers, and expectations about peers’ behavior are based
on neighbors’ observable characteristics. If one can identify a subset of neighbors’
characteristics that have no direct effect on a household’s own adoption decision (i.e.,
that can be excluded from the household’s own utility function), then any observed
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impact of these characteristics on the household’s behavior must be through their impact
on neighbors’ behavior. This is the social effect of interest.
Once a valid set of exclusion restrictions has been identified, estimation proceeds
in two stages. The first stage estimates latrine adoption decisions as a function of the
exclusion restrictions and a set of village dummies:

g ij* = f ( X 1ij , D j ) + ε ij
This regression captures the component of latrine adoption that is solely influenced by
the household’s own attributes, as well as common village characteristics that influence
all households within the village. Results from this regression are then used to generate
predicted probabilities of adoption for each household. In the second stage, latrine
adoption is regressed on the full set of household and village characteristics, as well as
)
the predicted level of adoption among other households in the village, g −ij :

)
g ij* = f ( X 1ij , X 2ij , Z j , g −ij ) + ε ij
)
The coefficient on g −ij provides an estimate of the social effect. Variables included in

the second stage of this regression are similar to the set of covariates included in the
simple discrete choice model without social interactions, and include both household and
village characteristics.
An alternative set of analyses of the role of social interactions takes advantage of
apparent variation in the incentives provided under the CLTS campaign. According to
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Moffitt (2001), one way to look for social interactions is to examine the effects of an
intervention that changes incentives (e.g., prices) for one group, but not for others. If
changes in behavior are observed for those who were not directly affected by the
incentive change, this may provide evidence for social interactions. In the case of the
sanitation campaign, the intervention involved a social component that was intended to
address social norms, as well as a subsidy for latrine adoption. However, in theory the
subsidy should only have been available to households classified as “below the poverty
line” (BPL). Thus, if one observes increases in latrine uptake among households that
should not have received the subsidy (households above the poverty line, or APL), this
may provide evidence that the impact of the intervention was partially due to social
interactions.
To test this hypothesis, analyses are conducted limiting the sample to households
not classified as BPL. First, impact evaluation analyses are replicated using only APL
households to assess the level of adoption within this group. Next, to test the hypothesis
that adoption among APL households is being influenced by increases in adoption among
other households in the village (particularly among BPL households), two sets of
analyses are conducted. The first is identical to the Brock & Durlauf model described
above. For APL households, latrine adoption is regressed on own household
characteristics as well as the percent of other households in the village adopting latrines.
A two-stage approach is then implemented in which the percent of BPL households in a
village serves as an instrument for the percent of households who adopt latrine in that
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village. This analysis tests the hypothesis that the social incentive to adopt a latrine will
be higher for APL households that live in villages with a greater proportion of households
receiving the subsidy (BPL households). The identifying assumption in this model is that
the only way that the percent of BPL households in a village affects an APL household’s
adoption decision is through the social channel. That is, having more BPL households in
a village increases the number of households who adopt latrines, thus increasing the
social pressure on APL households to adopt as well. This assumption will be violated if
there are other reasons for which having more BPL households in a village would
influence an APL household’s adoption decision. These validity threats can be
minimized by including other observed village characteristics (e.g., distance from roads)
in the analyses, but the threat of unobserved confounders remains.

2.4.2 Results: Drivers of Households’ Latrine Adoption Decisions
2.4.2.1 Standard Discrete Choice Model Results
Results of the basic probit regressions are presented first (Table 2-11). In each of
these models, the dependent variable records whether or not the household adopts a
latrine between 2005 and 2006. The first column presents results using the full sample of
villages. Column two replicates this model limiting the sample to treatment villages and
replacing the “treatment” dummy variable with indicators for awareness of and
participation in the CLTS campaign. The third column adds dummy variables for the
NGOs that implemented the CLTS campaign in each village. All three models also
include “social preference” indicators, discussed in more detail below.
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Table 2‐11: Analysis of Latrine Uptake using Probit Models
Dependent Variable:
HH adopts latrine in 2006

Explanatory variables:
Treatment
Aware of Campaign
Participated in Campaign
Population density
SCST
HH Head Education
Respondent’s Education
Household size
Children <5
Distance to all-weather road
Distance to surface water
Mud floor ‡
Mud or thatch walls‡

Thatch roof‡
Ln(expenditure)
Tubewell
Mosquito Net
TV
Mattresses
Social preference variables
included?
NGO dummies included?
χ2-stat for joint significance
of housing material
variables
χ2-stat for significance of
social preference variables
χ2-stat for joint significance
of NGO dummies

Full Sample
N= 993
Pseudo-R2=.203
.256***
--.0009*
-.055*
.0007
-.0009
-.003
.001
-.0006**
-.0002
-.093
.093***
-.007
.007
.003
.009
-.049
-.002

Treatment Villages
Only
N= 495
Pseudo-R2=.134
-.149***
-.014
.005*
-.124
-.013
.004
-.007
.011
-.001**
-.0002
-.239*
.263***
-.102
.039
-.003
.012
-.073
-.007

Treatment Villages
Only
N= 444
Pseudo-R2=.203
-.125***
.035
.007*
-.129
-.017
-.0001
-.002
-.010
-.0002
.0007
-.293**
.293***
-.082
.020
-.051
.008
-.084
.005

Yes

Yes

Yes

No

No

Yes

9.99**

12.88***

15.62***

17.82***

67.28***

75.03***

--

--

147.02***

Table reports marginal effects calculated from probit regressions.
* = significant at 10% level, **= significant at 5% level, ***= significant at <1% level

CLTS Variables
Model results confirm that the CLTS intervention had a significant impact on
latrine adoption across the study area. In the full sample, the treatment variable is highly
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significant, replicating the impact evaluation results. Turning to the treatment-only
samples, these models show that awareness of the campaign is significantly positively
correlated with latrine adoption, while participation in the campaign (conditional on
being aware of it) has no additional effect. In fact, participation is not significant even in
models that do not include campaign awareness (results not shown). One interpretation
of this result is that hearing about the campaign from one’s neighbors is actually more
effective than participating in the campaign activities. This may provide initial evidence
for the role of social effects in driving latrine adoption.
Village Characteristics
Across the three models, there is a marginally significant positive correlation
between village population density and latrine adoption. This result has interesting
implications in terms of the type of social interactions at play. In a pure public goods
model, the incentive to free ride will increase as group size increases. However, one
interpretation of this result is that higher population density leads to more crowding and
less space available for open defecation, increasing the benefits of latrine adoption.
Other village characteristics include distance to roads and surface water.95 In two
of the three models, it appears that distance to an all-weather road is negatively correlated
with latrine adoption, likely due to less access to building materials and higher costs.
Surface water distance is not significant.
9

In fact, these variables are measured at the household level within our sample, but should be closely
correlated within villages.
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Household Characteristics
Results from these models reveal few significant correlations between latrine
adoption and household characteristics such as education and household size. In the full
sample, belonging to a scheduled caste or tribe has a marginally significant negative
correlation with latrine adoption, but this correlation disappears in the treatment-only
samples. Interestingly, wealth measures like expenditure on food and non-food items in
the past 30 days, and ownership of consumer durables (TVs, mattresses) are also
insignificant. However, there is a consistent correlation between housing quality
variables (particularly, whether or not the house has mud or thatch walls) and latrine
adoption. This result is revisited in the discussion of the BHKN social interactions
analyses.
Social Preferences
The three models whose results are presented in Table 2-11 all include a set of
covariates intended to measure respondents’ “social preferences,” such as attitudes
toward community, altruism, spitefulness, willpower, and conformism. As described in
Table 2-5, each of these questions had respondents choose among alternative statements
(e.g., “Improving our community is just as important as looking after my immediate
family “ versus “Taking care of my immediate family (household members) is my first
responsibility”). Chi-squared statistics imply that these variables are jointly significantly
correlated with latrine adoption. In particular, one indicator has a consistently positive
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and significant coefficient across the different models. Households that expressed the
belief that “community is as important as family” were significantly more likely to adopt
a latrine compared to households that put their own family first. This may reflect a
perception that latrines are a public good, and that households have an obligation to
adhere to village sanitation norms.
NGO Dummies
The last column in Table 2-11 also includes a set of dummy variables for the ten
NGOs that implemented the CLTS campaign in the 20 treatment villages. The inclusion
of these dummy variables is highly significant. Notably, there are three treatment
villages in which there is no latrine adoption following the CLTS campaign, and one
NGO (JSM) was operating in two of these three villages. Because there is no variation in
the adoption variable within these villages, they are dropped from the analysis when
NGO dummies are added. Furthermore, these two villages are also significantly farther
from all-weather roads than the rest of the villages, which explains why the road distance
variable is no longer significant in column three. Thus, it is unclear whether the lack of
success in these villages was due to the villages’ remote location or the (in)effectiveness
of the NGO. Nonetheless, the significance of the NGO dummies even when these
villages are dropped and a number of other covariates are accounted for provides
evidence of variation in the effectiveness of different NGOs in implementing the CLTS
campaign (i.e., variation in treatment quality across villages).
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Table 2‐12: Estimated Social Effects from Brock & Durlauf (B&D) and Bajari et al.
(BHKN) Estimation Strategies
Dependent variable:
HH adopts latrine in 2006
Sample used

Variables included in
first stage

Estimated social effect†
Treatment
Aware of Campaign
Participated in Campaign
Population density
SCST
HH Head Education
Respondent’s Education
Household size
Children <5
Distance to all-weather
road
Distance to surface water
Mud floor
Mud or thatch walls
Thatch roof
Ln(expenditure)
Tubewell
Mosquito Net
TV
Mattresses

Model 1:
B&D
Whole sample:
N=993
Pseudo
R2=0.369
N/A

Model 2:
B&D
Treatment
villages only:
N=496
Pseudo R2=0.351
N/A

Second stage coefficients:
.304%***
.779%***
.107***
--.125***
-.070
.0002
-.0004
-.014
-.012
.0003
-.019
-.001
.002
.0002
.002
-.008
-.012

Model 3:
BHKN
Treatment
villages only:
N=495
Pseudo R2=0.341
Housing
materials
Village dummies

Model 4:
BHKN
Treatment
villages only:
N=495
Pseudo R2=0.341
Ln(Expenditure)
Mattresses
Mosquito nets
Bikes
Village dummies

.819%***
-.115***
.060
.0006
-.040
-.019
.010
.0007
-.008

.819%***
-.116***
.060
.0007
-.040
-.020
.010
.0006
-.007

-.00004

-.0001

-.0007*

-.0006

.0004
-.092*
.074***
-.013
.008
.003
.003
-.040
-.002

.001
-.273**
.217***
-.080
.023
.001
.006
-.060
-.005

.001
-.262***
.240***
-.093
.009
.010
-.001
-.034
-.002

.001
-.262***
.240***
-.092
.009
.009
-.001
-.035
-.002

Table reports marginal effects calculated from probit regressions.
* = significant at 10% level, **= significant at 5% level, ***= significant at <1% level
†
In the B&D models, this is the coefficient on the percent of others in the village adopting
latrines. In the BHKN models, this is the coefficient on the predicted level of adoption generated
in the first stage. In all models, this variable captures the impact of a 1% increase in the
(predicted or actual) share of others adopting on one’s own probability of adopting.
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2.4.2.2 Social Interactions Estimates: B&D and BHKN Models
Table 2-12 present results from four different social interactions analyses. The
first two columns present Brock & Durlauf-style models using the full sample of villages
and then limiting the sample to treatment villages only. Models Three and Four use the
Bajari et al. identification strategy, using two different sets of exclusion restrictions. In
Model Three, the first stage regresses latrine adoption on housing quality variables as
well as a set of village dummies. In the basic discrete choice models, results suggested
that housing material variables (whether or not the household has a mud floor, mud or
thatch walls, and a thatch roof) are jointly significantly correlated with the probability of
latrine adoption. These variables may be serving as proxies for some other, unobserved
household characteristic that is influencing the adoption decision. It seems reasonable to
assume that whether or not one’s neighbor has a mud floor will not directly affect a
household’s own payoff to adopting a latrine, except through its effect on the neighbor’s
adoption decision. Thus, neighbors’ housing materials may reasonably be excluded from
the household’s own utility function. However, to ensure that the choice of exclusion
restriction is not driving the model’s results, Model Four selects a different set of
variables for inclusion in the first stage (expenditure and ownership of consumer
durables). Both of these models limit the analysis to treatment villages only.
Estimated Social Effects
In the B&D models, the social effect is estimated from the coefficient on the
percent of others adopting in the village. In the BHKN models, this effect is identified by
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the coefficient on the predicted share of others adopted in the second stage. In both
models, this effect is defined as the predicted increase in one’s own probability of
adoption given a one percent increase in the (predicted) share of others adopting a latrine.
Across the four models, social effects are positive and highly significant,
suggesting that adoption among one’s peers is one factor driving a household’s own
decision to adopt latrines. The magnitude of the estimated social effect is smaller in the
whole sample (about .3%) than in the three models using treatment villages only (where
the effect is about .8%). Thus, there is evidence that the CLTS campaign may have
increased latrine adoption in part through increasing the social pressure or social
incentive to adopt latrines. This is consistent with the campaign’s focus on sanitation as a
community-level priority, necessitating village-wide action. To the extent that village
members followed through with the campaign’s encouragement to establish systems of
fines and punishments for those that continued to practice open defecation, one would
expect to find larger social effects in these villages.
Finally, the similarity among the results in the three treatment-only models is
reassuring given that the two estimation strategies used rely on different assumptions to
identify social effects. The B&D model uses functional form assumptions while the
BHKN models rely on the validity of the exclusion restrictions. The fact that estimated
peer effects vary little among the different models is evidence that neither of these
assumptions is driving the models’ results.
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Other Covariates
It is also interesting to note what happens to the coefficients on other covariates in
the models that include social interactions. CLTS campaign variables (treatment dummy,
campaign awareness) remain highly significant across these models. However, other
covariates that were found to be correlated with latrine adoption in previous models, such
as population density and distance to all-weather roads, generally lose their significance
when social interactions are included. Housing quality and social preference variables
remain significant.
2.4.2.3 Social Interactions Estimates: Households Above the Poverty Line
As an additional test of the role of social interactions in driving latrine adoption in
Bhadrak, attention turns to households above the poverty line, who were not eligible to
receive subsidies under the CLTS intervention. The first analysis replicates impact
evaluation models (regressions in levels as well as difference-in-differences) for APL
households only. Results from these models indicate that the CLTS campaign had a
similar effect on adoption among APL households when compared with the whole
sample, increasing the share of households owning latrines by 30 to 40%. Thus, it is
apparent that the impact of the campaign was not limited to the subset of households
receiving direct government subsidies for latrine adoption.
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Table 2‐13: Analysis of Social Effects using Households Above the Poverty Line
Dependent Variable:
HH adopts latrine in
2006
Explanatory variables:
Estimated Social
Effect
Treatment
Aware of Campaign
Participated in
Campaign
Population density
SCST
HH Head Education
Respondent’s
Education
Household size
Children <5
Distance to allweather road
Distance to surface
water
Mud floor ‡
Mud or thatch walls‡
Thatch roof‡
Ln(expenditure)
Tubewell
Mosquito Net
TV
Mattresses

Model 1:
Percent of others adopting
included directly
Full Sample
Treatment
(T&C)
Villages Only
N= 411
N=218
Pseudo R2=.382
Pseudo R2=.389

Model 2:
Percent of others adopting
instrumented using percent BPL
Full Sample
Treatment
(T&C)
Villages Only
N=411
N=218
Pseudo R2=.277
Pseudo R2=.310

.400%***

.760%***

.528%***

1.06%***

.057*
--

-.093**

.165***
--

-.082

--

.027

--

.017

.0001
-.049*
.017

-.0002
-.073
.010

.001***
-.062**
.018

.0004
-.139*
.009

-.022*

-.021

-.023*

-.021

.002
-.021

-.004
-.026

.0009
-.011

-.001
.003

-.0003**

.0001

-.0007**

-.001

-.0001

.0004

-.0005

-.001

-.071
.021
.038
.024
-.026
-.005
.036
-.0001

-.201
.136**
.007
.055
-.013
-.012
-.039
.001

-.027
.014
.022
.016
-.009
.004
-.027
-.004

-.116
.116
-.023
.054
-.017
-.007
.047
-.008

Table reports marginal effects calculated from probit regressions.
* = significant at 10% level, **= significant at 5% level, ***= significant at <1% level

Additional analyses estimate size of the social effect among households above the
poverty line. Results from these models are presented in Table 2-13. The first two
columns present model estimates when percent of others adopting is included directly as
a right hand side variable, while the last two columns report results from a two-stage
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model in which percent BPL is used to instrument percent adopting latrines. Each of
these models is estimated using the full set of villages as well as treatment villages only.
The results are generally similar to those estimated in the B&D and BHKN models.
Estimated social effects are higher when the sample is limited to treatment villages,
suggesting more social pressure to adopt latrines within villages exposed to the CLTS
campaign. Estimated social effects are also higher in the models that use % BPL as an
instrument for percent adopting latrines. This may provide evidence that the social
pressure to adopt is higher for APL households living in villages with more BPL
households, providing further support to the hypothesis that social interactions are an
important factor driving latrine adoption in the study area.

2.5 Discussion and Conclusions
The theoretical model outlined in this paper emphasizes the mixed public-private
nature of latrines. While campaigns have typically focused on private costs and benefits
of latrine adoption, the CLTS campaign is unique in its emphasis on changing social
norms to overcome collective action problems and motivate more widespread behavior
change. Results indicate that this campaign had a substantial short-term impact on latrine
adoption in the study area. From a baseline situation in which a mere 6% of households
had latrines, the campaign increased latrine ownership in treatment villages by about 30%
within six months. This increase in latrine ownership, in turn, may have reduced child
diarrhea, although these results are less robust to different model specifications.
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Examining the reasons for the campaign’s apparent success, results indicate that
the campaign operated through a combination of private and social channels. At least
some of the intervention’s impacts were most likely due to the subsidies and increased
supply of materials provided under this program, which reduced the cost to households of
constructing a latrine. It is worth noting, however, that subsidies have long been a part of
the Government of India’s Total Sanitation Campaign, yet government staff members
report that TSC has not been as effective in inducing latrine ownership and use in other
areas.
Instead, the results presented here suggest that a portion of the CLTS campaign’s
impacts acted through social as well as private channels. Across the different estimation
strategies employed, evidence consistently indicates that adoption among other
households in the village had a significant impact on an individual household’s own
probability of adopting a latrine. These effects are stronger in treatment villages relative
to control villages, possibly indicating that the CLTS campaign caused households to
place more weight on social components of utility, increasing the social pressure to adopt
latrines. Further evidence for the role of social factors in driving latrine adoption comes
from the large increase in adoption that is observed among households who were not
eligible for direct subsidies. Households above the poverty line were just as likely to
adopt latrines as households below the poverty line. While it is possible that some of this
increase is a result of a de facto “subsidy” for APL households arising from the increased
availability of sanitation materials, this study also finds evidence of social effects
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operating within this group. In particular, it appears that APL households are more likely
to adopt latrines if they live in villages with more subsidy-eligible BPL households.
These results have several policy implications. First, the theoretical model
provides justification for the role of public policy in the field of sanitation improvements.
Because sanitation is a public as well as a private good, in the absence of public policies
one may arrive at the typical result in which individual incentives lead to sub-optimal
social outcomes.
Second, the model and empirical results suggest that public policies should target
social along with private components of utility. While interventions that reduce
individual costs of latrine adoption through information and subsidies may result in some
increase in adoption, policy makers should also consider the role of social norms in
determining household behaviors. Importantly, policies such as the CLTS campaign that
strengthen social norms may actually increase the effectiveness of subsidies and other
policies that focus on private incentives by creating a “multiplier effect.” For example, in
the case of the CLTS campaign employed here, subsidies to households below the
poverty line may have had the added effect of increasing social pressure to adopt latrines
among subsidy-ineligible APL households.
It is also worth noting that there may be alternative ways of incorporating
knowledge of social interactions into public policy, such as using policies to target a
small number of influential individuals within each village. The CLTS approach targeted
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villages as a whole, directly involved a (non-random) subset of the population in
campaign activities, and then relied on these individuals to spread the message
throughout the community. Prior knowledge of which individuals are most influential
within a community could be helpful in targeting such campaigns more narrowly.
However, to determine whether this type of policy might be more cost-effective than the
broad-based approach employed in the Bhadrak study, more information on the patterns
of social interactions within villages would be required. Fortunately, methods for
gathering data on social networks have been developed and applied in previous studies
(e.g., Conley & Udry, 2005). However, to the extent that this information is costly to
gather, it is possible that the CLTS approach will be simpler and more cost-effective to
implement.
Finally, the results presented here only begin to tell the story of the full impact of
the CLTS campaign on sanitation-related behavior change and health outcomes in
Bhadrak District. Impacts on both latrine uptake and child health outcomes are likely to
change substantially over time; indeed, data provided by the Government of Orissa in
2007 suggest that latrine uptake increased considerably in the year following this study’s
“endline” data collection, with up to ten of the twenty treatment villages achieving 100%
latrine ownership. In addition, as latrine ownership increases one might expect more
pronounced effects on child health outcomes. Given the lack of conclusive results on the
impacts of sanitation on child health, and given the unique opportunity provided by the
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randomization of the sanitation intervention in this context, continuing to track these
health effects in Bhadrak District over time should be a major priority for future work.
Social change is also a dynamic process, and much could be done to use the
results of this study to study an unfolding sanitation “revolution” in more detail. Followup data collection within the villages included in this study can continue to monitor the
pace and patterns of adoption among different groups. Furthermore, the study was
initially designed to minimize the amount of spillovers between the treatment and control
groups, ensuring that villages in the sample frame were not physically adjacent to one
another or members of the same panchayat. While this methodology had the benefit of
allowing a “cleaner” measurement of the campaign’s impacts, the spillovers are
themselves part of the story and potentially a key part of the campaign’s long-term
impacts on latrine adoption and health outcomes. Thus, monitoring the spread of
adoption from treatment villages to surrounding villages is another potentially fruitful
direction for additional work, helping to shed light on the process of sanitation-related
behavior change.
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3. Nets and Networks: Malaria Control and Social
Interactions in Mvomero, Tanzania1
Malaria presents one of the greatest health challenges facing the developing
world, resulting in over 300 million acute illnesses each year. Children account for over
three-quarters of these cases, and malaria kills an African child every 30 seconds (World
Health Organization, 2002). Beyond mortality losses, malaria imposes devastating costs
on local economies, through direct costs of treatment and prevention, indirect costs of
lost productivity, and lower economic growth at the national and regional level (Gallup &
Sachs, 2001).
Fortunately, significant resources are being invested in curtailing this disease. For
example, the U.S. President’s Malaria Initiative has committed $1.2 billion over 5 years
to fighting malaria in Africa (PMI, 2008). In Tanzania, an East African country
particularly affected by malaria, $2.14 is spent on malaria control per person per year,
representing 39 percent of the country’s health expenditure and 1.1 percent of its GDP
(Jowett & Miller, 2005). Malaria control efforts seek to expand access to a suite of
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existing malaria control technologies that have been proven to be effective at preventing
and treating the disease, such as insecticide-treated nets (ITNs) and artemesinin
combination therapies (ACTs). However, several studies reveal that even when access to
these control options is expanded, many households do not use them. For the case of
ITNs, a large-scale trial carried out in western Kenya showed that even when nets were
given away for free, approximately 30% of ITNs were unused (Alaii et al., 2003). In
Tanzania, over 70% of households owned a bednet in 2000 (The World Bank Group,
2005), but the 2004-2005 Tanzanian Demographic and Health Survey found that less
than 16% of children under five actually slept under these nets (USAID, 2005). Further
anecdotal evidence from Tanzania suggests that people may use ITNs as fishing nets, and
elsewhere in Africa it has been reported that women may use nets as material for
wedding dresses!
More generally, it is increasingly apparent that a wide range of social and
behavioral factors play a crucial role in determining how official policies (e.g., free
distribution of ITNs to all pregnant women and children under five) translate into practice
on the ground (e.g., number of pregnant women and children under five sleeping beneath
ITNs on a regular basis). Nonetheless, these factors are often overlooked by
policymakers in designing malaria control strategies (Heggenhougen et al., 2003). This
study uses household-level data from ten rural villages in Tanzania to examine a set of
social and behavioral factors affecting malaria knowledge, prevention, and treatment
behaviors. Four main research questions are addressed:
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1. What do households in Mvomero District currently:
a. Know about malaria and its transmission?
b. Do to prevent malaria?
c. Do to diagnose and treat malaria when someone falls sick?
2. What household and village characteristics influence households’ malaria control
knowledge and behaviors?
3. What are the patterns of social interaction within and across villages in the
sample?
4. How do households’ social networks affect their malaria control knowledge and
behaviors?
Section 3.1 begins by developing a framework for examining households’ malaria
control choices. The key insight underlying this framework is that engaging in malaria
control activities involves private benefits (and costs) to the household, as well as a
number of social spillovers or externalities. Thus, malaria control can be modeled as a
mixed public-private good, and individual households’ choices may depend on the actual
or expected behavior of other households. A review of the literature on specific malaria
control options, including both prevention and treatment methods, highlights the
pervasiveness of externalities and the need to consider social effects in examining
households’ malaria control decisions.
After outlining the theoretical framework, discussion then turns to the empirical
study. Household surveys were conducted in June of 2007 in 408 households across 10
villages in Mvomero District, Tanzania. The study design, location, and data collection
methods are outlined in detail in Section 3.2. Analysis then turns to each of the four
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broad research questions. Section 3.3 provides a number of descriptive statistics from the
household survey data to shed light on households’ current malaria-related knowledge
and behaviors. Section 3.4 then outlines methods and results for a set of analyses looking
at the relationships between various individual-, household-, and village-level
characteristics and different knowledge and behavior indicators. Next, Section 3.5 turns
to social networks and social interactions. Patterns of social interaction are analyzed
using data on households’ social contacts within and across villages. In particular,
identified social contacts within the village sample allow a set of regression analyzes that
shed light on the role of various factors, such as proximity, religion, tribe, and wealth, in
influencing patterns of social interaction among survey respondents. Finally, the role of
one’s neighbors in influencing households’ malaria-related behaviors is analyzed.
Findings indicate significant variation in observed outcomes both across and
within villages. A number of household and village characteristics, including wealth
indicators (e.g., house size) and demographics, help to explain some of this variation.
Social variables such as tribe and religion are consistently correlated with several
behavioral indicators, and there is some evidence that these variables, along with physical
proximity and households’ wealth, influence patterns of social interaction within villages.
Finally, neighbors’ propensity to practice certain behaviors, such as using a mosquito net
or an antimalarial drug, appears to be significantly correlated with a household’s own
behaviors, providing an initial indication that social interactions may play an important
role in the context of these environmental health decisions.
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3.1 Understanding Households’ Demand for Malaria Control
Effectively combating the malaria burden in Tanzania and elsewhere will require
a better understanding of the barriers preventing greater adoption of measures to prevent
and treat malaria. While some of these barriers operate at the level of national
governments and even international institutions, many processes can only be understood
by examining individual- and household-level decisions. A simple economic explanation
of households’ decision to adopt a particular malaria control technology or behavior is
that households will decide in favor of adoption when the perceived benefits outweigh
the perceived costs. Of course, in order for this explanation to have any practical
meaning or predictive power, one needs a better understanding of the “benefits” and
“costs” that households consider.
A review of the social science literature on malaria prevention, diagnosis, and
treatment, drawing on academic disciplines from public health to sociology and
economics, highlights a range of factors influencing households’ perceptions of different
technologies and their malaria control behaviors. To begin with, the perceived benefits
of adopting a particular malaria control method will be a function of a household’s
knowledge and beliefs about the malaria threat, as well as the effectiveness of any
particular method in reducing that threat. For example, knowledge of malaria was found
to increase use of insecticide-treated mosquito nets in Tanzania (Nganda et al., 2004).
Knowledge of the signs and symptoms of malaria also affects treatment choices. Studies
in both Tanzania and Kenya have shown that convulsions, which are a symptom of
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severe malaria, are often associated by respondents with supernatural causes rather than
malaria itself. Thus, people suffering from ndege-ndege (convulsions) are often treated
by traditional healers rather than being brought to health facilities for antimalarial
treatment (Mwenesi et al., 1995).
In addition to knowledge about malaria and the potential benefits of different
control methods, costs are also likely to factor into households’ decisions. An ongoing
policy debate centers on whether certain malaria control methods, particularly
insecticide-treated nets, should be distributed to users free of charge or provided at some
(usually subsidized) rate. At the core of this debate is a question about how much cost is
likely to affect ownership and use of nets. For example, results from a randomized
malaria prevention experiment in Kenya showed that charging a user fee of $0.75 for nets
decreased demand by 75% relative to free distribution (Cohen & Dupas, 2007).
While costs of different methods and knowledge of health benefits are some of
the more obvious factors affecting households’ decision, the literature also reveals several
other factors that may influence households’ behaviors. Several studies have pointed out
that households’ preference for mosquito nets stems from the protection they provide
against the nuisance of mosquito and other insect bites, rather than for their protection
against malaria (Thomson et al., 1996). In another study in western Kenya where nets
were given away for free, temperature, individuals’ age, and households’ sleeping
patterns affected whether or not nets were used (Alaii et al., 2003). In yet another case,
“beauty” of bed nets was found to be a factor motivating their use in Nigeria (Brieger et
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al., 1996). As Heggenhougen et al. (2003) point out in their comprehensive review of the
literature on social aspects of malaria control, “[T]here are many reasons why particular
behaviors exist and they are often tied to considerable benefits in areas quite distinct from
health” (p. 3).
Finally, while the discussion thus far has centered on the private costs and
benefits to households from adopting particular behaviors, it is essential to point out that
malaria control choices often involve considerable externalities. That is, the behaviors of
individual houses often have effects on other households within the community. This is
true for both prevention and treatment behaviors. In the case of one particular prevention
method, indoor residual spraying of insecticides (IRS), Hanson (2004) points out that this
method “can be understood as a public good.” She explains:
The private benefits of IRS are limited in part because the intervention works against mosquitoes
that are resting on indoor surfaces after having taken a blood meal. Thus, the benefits to the
inhabitants of a sprayed residence are likely to be minimal. The main benefit of IRS is felt at the
community level in term of reduced vectorial capacity of the mosquito population, through
reduced longevity. (Hanson, 2004, p. 168)

Environmental management for malaria control (e.g., draining standing water) is
another example of a public good. Meanwhile, other prevention methods such as ITNs
may have private benefits as well as more dispersed effects, making them a mixed publicprivate good. A group randomized trial studying the spatial effects of ITNs in Kenya
found that compounds that did not have nets, but were within 300 meters of compounds
that did have nets, enjoyed nearly the same protection against malaria as the compounds
that had nets. They conclude that “in areas with intense malaria transmission with high
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ITN coverage, the primary effect of insecticide-treated nets is via area-wide effects on the
mosquito population and not, as commonly supposed, by simple imposition of a physical
barrier protecting individuals from biting” (Hawley et al., 2003, p. 121).
Externalities are also present in the case of malaria diagnosis and treatment.
Clearly, prompt and effective treatment of malaria offers the individual benefit of relief
from symptoms and increased probability of survival. However, as Laxminarayan &
Weitzman (2002) point out, use of antimalarial drugs actually involves two social
externalities, one positive and one negative:
On the one hand, drug treatment cures the patient, thereby reducing the probability that malaria
will be transmitted to other individuals. On the other hand, drug treatment selects in favor of
harmful mutations or organisms that are resistant to the drug, increasing the likelihood that the
drug will be less effective in the future. (Laxminarayan & Weitzman, 2002, pp. 709-710)

In making choices about treatment, individuals tend to ignore both of these externalities,
focusing instead on the more direct private benefits.
The same is true in the case of malaria diagnosis. In areas of sub-Saharan Africa
that are particularly affected by malaria, this illness is often either self-diagnosed or
diagnosed in health facilities using clinical symptoms. Use of laboratory diagnosis (i.e.,
blood tests) is typically much more rare. However, as Guerin et al. (2002) point out,
“clinical diagnosis is very inaccurate, even in areas where malaria is a common cause of
fever, because signs and symptoms of uncomplicated malaria are non-specific and
overlap with those of other febrile infectious diseases, and because the subjective
sensation of fever is unreliable” (Guerin et al., 2002, p. 566). The result is that, in
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malaria-prone areas, any fever is often treated using antimalarial drugs, whether or not
malaria is actually present, speeding the development and spread of antimalarial drug
resistance (Yeung et al., 2004). Thus, from a societal perspective, increasing the use of
blood tests for malarial diagnosis may be beneficial, since this could prolong the useful
life of antimalarial drugs. However, obtaining a blood test is costly to the individual,
requiring travel to health facilities that are equipped to perform such tests.
Summarizing this discussion, malaria control is a mixed public-private good. The
costs and benefits to an individual household from adopting a particular malaria control
strategy are a function of the household’s own decision as well as the decisions of other
households in the community, and it is possible that expectations about others’ behavior
will influence households’ malaria control choices.

3.1.1 Theoretical Framework
These insights into households’ perceptions of costs and benefits associated with
malaria control motivate a model of private decisions in the presence of social
interactions (Brock & Durlauf, 2001). Household utility is given by:
Vi = u ( xi , mi ) + S ( mi , μ ie ( m−i )) + ε i

(3.1)

The first term, u ( xi , mi ) , is the private utility associated with private consumption, xi, and
the household’s own malaria control decision, mi. The second term, S ( mi , μ ie ( m −i )) , is
the utility derived from the relationship between one’s own action and the behaviors of
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others in the reference group, with μ ie (m −i ) representing the households’ expectations
about malaria control decisions among other households in the village. Households
maximize their utility subject to a budget constraint:
max Vi ( xi , mi ) subject to xi + pmi mi ≤ I i

(3.2)

where the price of the consumption good has been normalized to one and Ii is the
household’s income. The price of sanitation, pmi, includes the money, time, and
knowledge used to produce or acquire a certain level of malaria control.
The first order condition from this utility maximization problem yields the
following condition:
du / dmi + dS / dmi = pmi du / dxi

(3.3)

That is, households will invest time and money in malaria control up to the point that
marginal costs (the right hand side of the equation) are just equal to the expected
marginal private and socially-referenced utility benefits (the left hand side of the
equation).
Without specifying a particular function form for the utility function, a few
comments on the private and socially-referenced utility components are in order. The
private utility component, u ( x i , mi ) , captures costs and benefits of malaria control that a
household obtains independently of the behavior of other households in the community.
In the case of mosquito nets, this may include things like relief from nuisance mosquitoes
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and other insects, as well as the perceived beauty of the nets. For antimalarial drugs,
private benefits include relief from symptoms, as well as potential drug side effects
experienced by the individual. Meanwhile, S ( mi , μ ie ( m −i )) captures a range of different
benefits that depend in some way on the decisions of other households in the village.
These effects fall may fall into a few different categories:
1. Epidemiological spillovers. As discussed above, several malaria control methods
involve interactions or spillovers in health effects across individuals within a
given area.
2. Social conformism/imitation. If households have a desire to conform to
prevailing social norms, their utility will depend on their own action as well as the
overall or mean level of behavior within their social group.
3. Learning about a new technology. Exposure to other households that are using a
certain technology provides the household with additional information about both
how to use the new technology (decreasing the cost of adoption), as well as what
the benefits (and costs) of the technology are.
While it may be difficult in practice to distinguish among these different sources
of social effects, a few points are worth noting. First, different types of social effects are
likely to have different signs. A desire to conform to social norms will produce positive
social effects: having more peers that are using a given technology will increase the
household’s desire to adopt that technology. On the other hand, epidemiological
spillovers will tend to have a negative effect on the household’s incentive to adopt a
given method. As more of one’s neighbors use a mosquito net, for example, the number
of mosquitoes and the malaria threat will decrease, decreasing the benefits to net
adoption. Since adoption is costly to the individual, the classic free rider problem
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emerges. Finally, learning effects can be either positive or negative (Kremer & Miguel,
2006). Learning about how to use a technology decreases costs and hence increases
adoption. However, learning about the actual benefits of a particular approach may have
a positive or negative effect depending on the household’s prior beliefs about the
technology and its effectiveness. If households have an overly optimistic (pessimistic)
view of the technology to begin with, observing more peers who have adopted the
technology will lead households to revise their beliefs downward (upward), decreasing
(increasing) their probability of adopting the technology.
The second distinction among these different types of social effects is that they
are likely to operate within somewhat different kinds of social groups. Epidemiological
spillovers are determined largely by geography: households’ health outcomes (and hence
their decisions based on those expected outcomes) will be affected by the behaviors of
their physical neighbors. On the other hand, pressure to conform and learning effects are
likely to operate within groups of individuals with whom households interact on a regular
basis, which may or may not coincide with their physical neighborhoods.
Third, while the theoretical model presented above applies to a general “malaria
control” technology, the empirical study described here examines a number of specific
malaria knowledge, prevention, and treatment indicators. A more specific model could
be developed for each of these indicators, and, in particular, the types of social
interactions would likely differ across these different models. Knowledge indicators
capture whether or not a household believes, for example, that mosquitoes transmit
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malaria, or that standing water increases mosquito populations. In this case, one would
expect a simple contagion effect: a household with more peers that hold this belief will be
more likely to share the belief. Positive social effects are expected. Meanwhile, for
prevention and treatment behaviors a wide range of imitation, epidemiological spillovers
and learning effects are potentially present.
Finally, it is important to distinguish the social effects discussed so far from an
alternative explanation for observed similarities in behavior within social groups. In the
framework that Manski (1993) outlines, social effects arising from the S ( mi , μ ie ( m −i ))
component of households’ utility fall under the category of “endogenous effects.” These
effects are generally what researchers and policymakers are interested in identifying,
since they represent a causal relationship between peer behavior and own household
decisions. However, individuals within a group may also behave similarly due to
“exogenous (contextual)” or “correlated” social effects (Manski, 1993). The former arise
due to similarities in exogenous group characteristics, while the latter are attributed to
similar individual characteristics or similar institutional environments. In practice,
distinguishing endogenous effects from exogenous or correlated effects may be difficult,
particularly using cross-sectional data.
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Figure 3‐1: Location of Morogoro Region, Tanzania

Source: http://en.wikipedia.org/wiki/Morogoro_Region

3.2 Study Design and Data Collection
3.2.1 Study Location
In June 2007, field research was conducted in Mvomero District, Tanzania, in
order to assess the social and behavioral factors influencing malaria control among rural
agricultural and pastoral communities. Details of this data collection, as well as a
summary of the study’s main findings, are presented in a field report (Dickinson et al.,
2007). Research activities were carried out through collaboration among researchers from
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Duke University in the United States, and the National Institute for Medical Research
(NIMR) in Tanzania. Mvomero District is a rural agricultural district located in the
northern section of Morogoro Region, about 200 km west of Dar es Salaam (see Figure 31). Mvomero was selected as the study location for a couple of key reasons. First, NIMR
collaborators had been engaged in previous work in this district examining the links
between malaria and agriculture (Mlozi et al. 2006). Their knowledge of the area and
contacts within the district greatly facilitated the logistics of the data collection. Second,
the amount of variation in both agricultural systems and malaria prevalence within a
relatively small geographical area made Mvomero an ideal “representative district” in
which to study malaria knowledge and behavior. Data were collected in ten villages
within Mvomero. The location of these villages is shown in Figure 3-2.
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Figure 3‐2: Map of Mvomero District with Location of Study Villages

Source: Map generated by Heather Randell based on GIS data collected as part of the
research project described here
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3.2.2 Data Collection
Both quantitative and qualitative methods were used in the fieldwork. A total of
408 household surveys were conducted in the ten villages, with population weighting
used to determine the number of surveys conducted in each village. In the two largest
villages (Mkindo and Dakawa), 73 households were surveyed, while the smallest village
(Msufini) had 24 households surveyed. Households were randomly selected from lists
maintained in each village. Surveys were conducted by a team of five experienced male
Tanzanian interviewers recruited through NIMR. Interviewers were trained over a four
day period involving in-class sessions as well as a field pre-test.
Additionally, four focus group discussions were held in order to probe more
deeply into the topic matter contained in the surveys. Four in-depth interviews were also
conducted with key informants including village leaders and community health workers.
Elizabeth Shayo, a NIMR sociologist and primary collaborator on this project, moderated
focus group discussions and conducted the in-depth interviewers. The Duke researchers
were present during three of the focus groups and two of the in-depth interviews, and a
University of Dar es Salaam graduate student, Pauline Bernard, served as a translator for
the Duke researchers during these sessions.
The household survey was drafted by the Duke study team, drawing on previous
socioeconomic surveys conducted by NIMR and developing several new questions to
address key research questions regarding households’ knowledge and behavior related to
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malaria control. The survey was initially translated into Swahili by NIMR collaborators,
and the translation was then refined by the interviewer team through an initial pre-testing
process.
A field pre-test was conducted in the village of Miswe Chini, a small agricultural
village approximately 64 kilometers from Dar es Salaam. Each enumerator pre-tested the
survey under field conditions with three village members, and a focus group discussion
(FGD) was also held with about 12 women from the village. The focus group was used to
refine the survey questions and to refine focus group materials. Information from the
pre-testing activities was then used to edit and finalize the survey instrument.
The finalized surveys were administered in Swahili over a three week period.
Each survey took approximately ninety minutes to administer. To ensure gender balance
in our sample, enumerators were instructed to alternate between male heads of household
and female primary caregivers in administering the survey.
The final household survey instrument consisted of 63 questions, focusing on a
number of general topics: demographics, risk perceptions and knowledge, malaria
perceptions and knowledge, land use and irrigation, information sources and social
networks, priority setting and time expenditure, and socioeconomics (see Appendix B).
For the purposes of this paper, there are a number of sections that are of particular
interest. First, the survey collected data on a wide variety of demographic and
socioeconomic characteristics of the surveys households. Respondents provided
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household rosters listing the age, gender, relationship to head of household, marital
status, education, and occupation of each household member. Households were also
asked about their religious and tribal affiliations. In addition, households’ wealth was
measured using several different indicators. Respondents were asked about their
ownership of livestock as well as a number of consumer durables (cars, tractors, ploughs,
motorcycles, sewing machines, radios, televisions, sofa sets, and cell phones).
Interviewers also directly observed characteristics of the housing structure, including its
size and construction materials. Respondents provided information on whether or not
they owned their homes, as well as the area of any land owned.
Turning to outcomes of interest, the survey collected data on a wide variety of
indicators related to malaria knowledge, prevention, and treatment behaviors.
Respondents were asked about the causes of malaria, as well as the affect of
environmental conditions (e.g., standing water, rainfall) on mosquito populations.
Second, respondents were asked to list things people could do to protect themselves from
malaria. For each method mentioned, the respondent was asked more detailed questions
about whether or not their household actually engaged in these activities, how often, and
how much time and money were devoted to each method. An additional section of the
survey was devoted to one of the most widely promoted malaria prevention technologies,
mosquito nets. Survey respondents were first asked whether or not their household
owned any nets. Respondents that responded affirmatively were then asked whether or
not each household member had slept under a net on the previous night. Next,
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interviewers requested to see the nets, and, if the respondent agreed, entered the
household and recorded more detailed information about the number of nets observed,
the condition of each net, how much the household paid for each net, and whether or not
the net had been treated with an insecticide.
A third set of questions involved malaria illness, diagnosis, and treatment within
the household. Respondents were asked whether or not each household member had
suffered from malaria in the past three months. For each reported malaria case, more
detailed information was collected on how the case was diagnosed and treated. Key
diagnosis indicators included whether or not the case was diagnosed at a health facility,
and whether a blood test was used. Respondents were also asked about the sources of
medications used to treat each malaria case, as well as the types of drugs household
members had used. Of particular interest was households’ experience with ArtemetherLumefantrine (ALU), the first-line antimalarial drug that had been introduced in Tanzania
in February of 2007, four months prior to the survey. ALU belongs to a new class of
artemesenin combination therapy (ACT) drugs for malaria treatment. These drugs have
generated considerable excitement in the medical community due to their potential to
delay development of drug resistance within the malaria parasite (White et al., 1999).
Survey respondents were asked whether or not anyone in their household had used ALU.
For households that had used ALU, the survey included follow-up questions measuring
perceptions of the drug’s effectiveness relative to the previous first-line treatment,
sulphadoxine-pyramethamine (SP).
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Finally, in order to characterize patterns of social interaction within the sample,
respondents were asked a series of questions about their social contacts. First,
respondents were asked to list individuals they consulted most frequently for advice
about: 1) economic matters; 2) health matters; and 3) social matters. For each individual
listed, the respondent was then asked about their relationship to the individual (e.g.,
family member, friend), whether or not the individual belonged to the same tribe and/or
religion as the respondent, and whether or not the individual lived in the same village as
the respondent. To further explore patterns of interaction across villages, respondents
were also given a list of the other villages in the study, and asked whether or not they
knew and/or talked with anyone in each of the other study villages.
A second set of social contact questions looked more closely at patterns of
interaction within villages. The methodology for these questions drew on a working
paper by Conley & Udry (2005) addressing social interactions among pineapple farmers
in Ghana. Following their example, the Mvomero survey collected information on
interactions among households in the sample. For each household interviewed, a list of
seven other sampled households within the same village was randomly generated, and
respondents were asked: 1) whether or not they knew each of the other households; 2)
whether or not they ever talked with members of the other households; and 3) whether or
not they ever discussed health or economic matters with each household. Because a
household’s social contacts that were identified through this method were also in the
sample, it is possible to use data on contacts’ characteristics (e.g., religion, tribe, wealth,
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demographics) to describe patterns of interactions. In addition, data on contacts’
behaviors (e.g., use of mosquito nets) can be used in analyses of a household’s own
malaria prevention and treatment choices. These methods and their results are described
more thoroughly in proceeding sections.

3.3 Describing Household Characteristics and Behaviors
The first research question addressed in this study is concerned with describing
current malaria-related knowledge, prevention, and treatment in Mvomero District. This
section provides descriptive statistics for several characteristics of the sample, as well as
addressing what the data collected in this study tell us about what households know about
the malaria threat, what they do to prevent malaria, and what they do once someone in
their household falls sick.

3.3.1 Summary of Sample Characteristics
In total, the dataset collected through this study includes 1885 individuals living
in 408 households across ten villages in three wards. According to 2004 census data,
sampled villages range in size from 1477 to 5646 individuals. On average, surveyed
households had 4.62 members. A little less than half of sampled households (195) had at
least one child under five.
Table 3-1 summarizes the gender, age, education, and occupation for survey
respondents, heads of household, individuals in the sample, and adults only. Enumerators
achieved a fairly equal gender distribution among the survey respondents: 199

122

respondents were male (48.8%) while 209 respondents were female (51.2%). This
gender distribution closely matches the distribution in the sample as a whole. Of the
1885 individuals covered in our sample, 49% are male and 51% are female. Heads of
household are predominantly male (83.8%).
Table 3‐1: Demographic Characteristics of the Mvomero Sample
Sample size
Gender
Age
Education

Occupation

Respondent
408
Male: 48.8%
Female: 51.2%
Mean: 42
Median: 40
Max: 95
No education: 40%
Primary only: 53%
Secondary and
above: 7%
Crop farming: 83%
Pastoralist or mixed
farming: 7%
Business/employee:
5%
Student: 0%
Other jobs: 4%
Too young/old to
work: <1%

Head of household
408
Male: 83.8%
Female: 16.2%
Mean: 44
Median: 42
Max: 105
No education: 32%
Primary only: 60%
Secondary and
above: 8%
Crop farming: 81%
Pastoralist or mixed
farming: 7%
Business/employee:
6%
Student: 1%
Other jobs: 3%
Too young/old to
work: 2%

Whole sample
1885
Male: 49%
Female: 51%
Mean: 24
Median: 18
Max: 105
No education: 61%
Primary only: 34%
Secondary and
above: 5%
Crop farming: 42%
Pastoralist or mixed
farming: 4%
Business/employee:
3%
Student: 22%
Other jobs: 3%
Too young/old to
work: 27%

Adults (over 18)
939
Male: 47%
Female: 53%
Mean: 40
Median: 36
Max: 105
No education: 38%
Primary only: 55%
Secondary and
above: 7%
Crop farming: 77%
Pastoralist or mixed
farming: 8%
Business/employee:
5%
Student: 2%
Other jobs: 4%
Too young/old to
work: 4%

The mean respondent age was 42 years. Average age is lower (24 years) in the
overall sample. Children under five years old, a group at particular risk of malaria,
included 244 individuals, or about 13% of the sample. Education levels were fairly low
in the sample. Among survey respondents, 40% had no education, 53% had only a
primary education, and only 7% had completed secondary school or higher. These
numbers are roughly the same among heads of household and adults. Education levels

123

are significantly higher for men compared to women: among adults, 32% of males have
no education compared to 44% of females (p<0.000).
Crop farming is the dominant occupation among individuals in the sample.
Eighty-three percent of survey respondents and 81% of heads of household claim this as
their primary occupation, and an additional 7% are either pastoralists or engaged in
mixed crop farming and animal husbandry. Only about 5% of the sample is engaged in
business or wage-earning activities.
Table 3‐2: Tribal and Religious Composition of the Mvomero Sample
Tribe
Mluguru
Mzigua
Mkaguru
Masai
Mgogo
Mmakonde
Mpare
Other tribes
Total

Number of respondents
% Christian
(% of sample)
133 (32.6%)
39.8%
117 (28.7%)
8.5%
25 (6.1%)
48.0%
19 (4.6%)
100.0%
15 (3.7%)
86.7%
10 (2.5%)
70.0%
10 (2.5%)
20.0%
79 (19.4%)
35.4%
408 (100%)
35.3%
2
Pearson’s χ statistic: 98.1 (p<0.000)

% Muslim
60.2%
91.5%
52.0%
0%
13.3%
30.0%
80.0%
64.6%
64.7%

Two other household characteristics, religion and tribe, are of particular interest
given their potential to influence patterns of social interaction. Table 3-2 summarizes the
religious and tribal composition of the sample. Data indicate that survey respondents
belong to two dominant religions: 35.3% of the sample is Christian, while 64.7% are
Muslim. No other religions were reported in the sample. Tribal composition of the
sample is quite diverse, with 45 unique tribes included in the dataset. The largest of these
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tribes is Mluguru, with 133 respondents or 33% of the sample. Mzigua is the second
largest with 117 respondents or 29% of the sample. Nineteen respondents (5%) belonged
to the Masai tribe, with all of these households located in a single village (Kambala).
Notably, data indicate that religion and tribe are not independent (Pearson’s chi-squared
stat=98.1, p<0.000). However, these variables are also not perfectly correlated. With the
exception of the Masai tribe, tribal groups tend to contain both Christians and Muslims.
Thus, subsequent analyses will examine the role of each of these variables in influencing
knowledge and behavior outcomes as well as social networks.
Households’ wealth is another important factor to examine. Wealth is measured
using several different indicators. The first index is a scale from one to nine indicating
the number of common consumer durables owned by the household (car, tractor, plough,
motorcycle, sewing machine, radio, television, sofa sets, cell phones). On average,
households owned items in less than one of these categories (0.97), with 126/408
households owning none of these durables. The maximum number of items owned by
any household in the sample was five. An index was also created to record the total
number of large livestock (cattle, goats, sheep, pigs) owned by the household. The
majority of households (89%) own no livestock. Among households owning any
livestock, the number of livestock owned ranges from one to 250. Another wealth
indicator records size of the house, as observed by the interviewer: small (one room),
medium (two to three rooms), or large (four or more rooms). Most respondents (64%)
lived in medium-sized houses, while 17% lived in small houses and 19% lived in large
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houses. A fourth index measures housing quality using observed housing construction
materials (wall, window, and roof). 2 The housing quality index that was generated
separates materials into “high” and “low” quality categories, and allocates one point each
for having high quality wall, window, and roof materials, 3 resulting in a 0-3 point scale.
Thirty six percent of households fall in the lowest category (zero points), while 20% of
households are in the second lowest category (one point), 27% are in the second highest
category (two points), and 17% fall in the highest category (three points). Turning to
another wealth indicator, data indicate that 88% of respondents own their homes, while
only 12% rent. Finally, most respondents (77%) also own some amount of land, with the
average area of land owned being 4.11 hectares.
Table 3-3 shows pairwise correlation coefficients between each of the wealth
indicators used, with p-values in parentheses. In general, correlations between the
various indicators are positive and statistically significant. An exception is the home
ownership index, which is actually negatively correlated with both durables and house
quality. Livestock is only significantly correlated with durables and land area. The
strongest correlation is between house size and house quality (ρ=0.364). Data seem to

2

In addition to measuring household’s wealth, housing quality may also affect malaria outcomes directly
by affecting the ability of mosquitoes to enter the house (see Koram et al., 1995b; Lindsay et al., 2002;
Wolff et al., 2001).
3
Material categories are as follows. Walls: high quality=burnt or concrete bricks or wood; low
quality=thatch or mud. Windows: high quality=glass or screen; low quality= all others (e.g., wood shutters,
no materials). Roof: high quality=tile, iron, or tin; low quality=thatch.
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suggest that these different indicators are measuring somewhat different dimensions of
wealth.
Table 3‐3: Pairwise Correlations Between Various Wealth Indicators
(p‐values in parentheses)
durables
livestock
house size
house quality
own house
land area

durables
1.00

livestock

0.155
(0.002)
0.149
(0.002)
0.320
(0.000)
-0.157
(0.002)
0.165
(0.001)

1.00
0.042
(0.404)
-0.039
(0.436)
0.035
(0.482)
0.097
(0.050)

house size

house quality

own house

land area

1.00
0.364
(0.000)
0.040
(0.428)
0.170
(0.001)

1.00
-0.162
(0.001)
0.145
(0.004)

1.00
0.123
(0.014)

1.00

3.3.2 Malaria Knowledge, Prevention, and Treatment
The Mvomero dataset includes a large number of variables capturing various
aspects of household’s malaria-related knowledge, prevention, and treatment behaviors.
Table 3-4 presents several of these variables, describing the type of variable (e.g, binary,
continuous) and some basic descriptive statistics for each indicator.
Knowledge
Knowledge variables include indicators for whether the respondent knew that: 1)
malaria is transmitted by mosquitoes; 2) standing water increases mosquito populations;
and 3) convulsions are a symptom of severe malaria. Regarding this last indicator, recall
that previous studies in Kenya and Tanzania have found that households often identify
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Table 3‐4: Summary Statistics for Malaria Knowledge, Prevention, and Treatment
Variables
Outcome variable
Malaria knowledge
Respondent knows that mosquitoes transmit malaria
Respondent knows that stagnant water increases
mosquito population
Respondent names convulsions as a symptom of
malaria
Malaria prevention
Ownership and use of mosquito nets
Respondent says household owns mosquito net(s)
Nets observed in household by interviewer
Individual slept under net previous night (stated)
Individual slept under net previous night (adjusted for
observed nets)
Child under five slept under net previous night
(stated)
Child under five slept under net previous night
(adjusted for observed nets)
Number of nets observed/number of household
members
Proportion of nets ever treated with insecticide
Proportion of nets retreated with insecticide in past 6
months
Other prevention behaviors
Household drains water around home
Number of preventive behaviors used (excluding net
use)
Malaria illness
Individual had malaria in past 3 months
Child under 5 had malaria in past 3 months
Malaria diagnosis and treatment
Individual was diagnosed at health facility using
blood test
Individual was treated using drugs obtained at health
facility
Household has used ALU to treat malaria

Variable type

N

Mean

Std Dev

Binary
Binary

408
408

0.973
0.637

0.162
0.481

Binary

408

0.049

0.216

Binary
Binary
Binary
Binary

403
408
1830
1830

0.940
0.838
0.832
0.762

0.237
0.369
0.374
0.426

Binary

224

0.879

0.326

Binary

224

0.804

0.398

Continuous
(Range=0-1.75)
Proportion
Proportion

408

0.417

0.280

340
340

0.755
0.571

0.424
0.492

Binary
Discrete
(Range=0-7)

408
408

0.201
1.54

0.401
1.09

Binary
Binary

1833
227

0.528
0.692

0.499
0.463

Binary

957

0.369

0.483

Binary

946

0.704

0.457

Binary

378

0.458

0.499

convulsions as being caused by factors other than malaria (Heggenhougen et al., 2003).
Data indicate that the vast majority of respondents (97%) are aware that mosquitoes
transmit malaria. Knowledge of the link between standing water and increased mosquito
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populations is somewhat lower at about 64%. Finally, the data seem to reflect previous
findings suggesting that signs of severe malaria may not be identified as malaria. Less
than five percent of survey respondents listed convulsions as a symptom of malaria.
Prevention
The next set of variables concern households’ malaria prevention behaviors.
Survey respondents were first asked to identify methods for preventing malaria. The
most frequently cited method was using mosquito nets, with 388 respondents (95%)
mentioning this option. Other frequently mentioned methods included clearing
vegetation around the home (34%) and cleaning residential surroundings (51%). When
asked which method was most effective in preventing malaria, 93% said using a mosquito
net.
Indeed, net ownership in the sample appears quite high. The data provide two
alternative measures of the prevalence of net ownership within the study area. When
asked directly whether or not their household owned any mosquito nets, 94% of survey
respondents responded affirmatively. Interviewers subsequently asked to enter the home
and see the nets, and were allowed to do so in 84% of surveyed households. Since
respondents may have had a number of reasons for denying the interviewer’s request to
enter the home, the “true” level of net ownership likely falls somewhere between these
two estimates. Most subsequent analyzes use the conservative assumption that nets were
present only in homes where they were directly observed by the interviewer. Even on the
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conservative end, however, it is striking that the vast majority of sampled households
appear to own at least one net.
Of course, net ownership is not in itself sufficient to protect households from
malaria. A number of indicators are examined to measure use of mosquito nets within
the sampled households. First, respondents were asked directly whether or not each
household member slept under a net on the night prior to the survey. (This question was
asked after the question about whether or not the household owned any nets, but before
the interviewer requested to see the nets.) According to this measure, 83% of individuals
in the sample used a net. Using the assumption that nets are actually present only in
households that subsequently allowed interviewers to observe them results in a somewhat
lower estimated use rate of 76% (i.e., this estimate sets use=0 for all members of
household in which nets were not observed). In addition to looking at use rates within
the sample as a whole, it is also interesting to examine reported use among children under
five, who are at a higher risk of suffering from malaria. Reported use rates are somewhat
higher for children under five compared to all others: the directly reported numbers put
children’s use at 88%, while adjusting for observed nets lowers this estimate to 80%.
Differences between children and adults are not statistically significant, however.
An alternative to relying on respondents’ self-reports about net use within their
households is to use data on the number of nets that were actually observed by the
interviewers in each household. In particular, the “nets per capita” variable divides the
number of nets observed by the number of household members, providing another
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indicator of the level of coverage within a household. While it is certainly possible that
multiple household members will sleep under one net, one would generally expect the
proportion of household members sleeping under nets to be larger in households with a
high ratio of nets to individuals. Data indicate that the average ratio of nets to people
among household in our sample is about 0.42. Among households that have at least one
net, this ratio is just under 0.5 – i.e., one net for every two household members. More
information on sleeping arrangements within households could be used to translate this
ratio into an estimate of net use or “coverage” within each household. As a starting point,
it is interesting to note that the “nets per capita” variable is positively and significantly
correlated with the proportion of individuals that were reported to have slept under nets,
although this correlation is not perfect (ρ=0.43). An additional use indicator is the
number of nets that were observed to be hanging over a bed or sleeping area (as opposed
to sitting on a shelf, for example). Data indicate that about 95% of the nets that
interviewers observed were in fact hanging, providing additional evidence that the nets
households have are in fact being used.
In addition to ownership and use of mosquito nets, previous studies have shown
that nets’ effectiveness against malaria is greatly increased when nets are either
insecticide-treated nets (ITNs) or long-lasting insecticide treated nets (LLINs). ITNs
must be retreated with an insecticide every six months to maintain their efficacy
(Phillips-Howard et al., 2003), while LLINs have an insecticide incorporated into their
fibers that can provide effective protection for up to five years (Guillet et al., 2001). On
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average, about 76% of the nets households owned had ever been treated with an
insecticide, and about 57% had either been retreated in the past six months or were
LLINs.
Finally, data was also collected on nets’ observed condition, and on the amount
households paid for each of their nets. In total, 729 nets were observed across the 408
surveyed households. The condition of the observed nets was generally good: 398 nets
(55%) were “intact,” 270 (37%) had small holes, and only 52 (7%) had large holes or
tears. Respondents reported that only 98 of these nets (13%) were subsidized. The
average reported cost for a subsidized net was Tsh. 2344 (~US$1.85), while the average
cost for a non-subsidized net was Tsh. 4012 (~US$3.20).
In addition to their use of mosquito nets, households were also questioned about
other malaria prevention activities, such as draining water around their homes. Randell
(2008) addresses some of these environmental management behaviors in more detail. In
general, use of other malaria prevention techniques is less prevalent than use of mosquito
nets. Data indicate that only 20% of households report draining water around their
homes to prevent malaria. An indicator was generated measuring the number of
prevention activities (other than using a mosquito net) that households report engaging in,
where the prevention activities measured were: 1) draining water around the home; 2)
using insecticide coils; 3) spraying insecticides in or around the home; 4) burning herbs
or dung; 5) clearing grass; 6) cleaning around the home; and 7) taking antimalarials
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intermittently to prevent malaria. On average, households engage in only 1.54 of these
activities.
Malaria Illness and Treatment
Another set of indicators address households’ treatment behaviors: what do
households do when someone falls sick from malaria? In order to address this question,
it is helpful to first examine the prevalence of malaria within the study area. Survey
respondents were asked whether each member of their household had suffered from
malaria in the past three months. Malaria transmission occurs year-round in this area,
and prevalence is expected to peak during the long rainy season, which lasts from
approximately March to May. Since the survey was conducted in June, the three-month
recall period used to measure reported malaria should overlap at least partially with the
peak prevalence season.
Overall, reported malaria prevalence is quite high in the study area, with 52.8% of
sampled individuals reportedly suffering from malaria in the three months prior to the
survey. Reported prevalence is higher among children under five (69.2%) compared to
all other individuals (50.5%), and this difference is highly significant (χ2=27.8, p<0.000).
This is consistent with previous findings that young children are more susceptible to
malaria.
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Table 3‐5: Reported Malaria Prevalence Across Study Villages
Village
Dakawa
Dihombo
Kambala
Kigugu
Kilimanjaro
Komtonga
Luhindo
Mbogo
Mkindo
Msufini
Total
Pearson’s χ2 (df=9)

Overall Malaria Prevalence
54.6% (166/313)
39.4% (56/147)
76.4% (139/192)
56.4% (101/186)
57.0% (85/150)
45.3% (69/150)
57.6% (59/104)
39.3% (83/215)
47.9% (152/327)
57.4% (58/101)
52.8% (968/1833)
74.8 (p<0.000)

Prevalence among children <5
56.5% (13/23)
63.2% (12/19)
82.1% (23/28)
85.2% (23/27)
92.3% (12/13)
57.9% (11/19)
88.9% (8/9)
50.0% (15/30)
64.7% (33/51)
87.5% (7/8)
69.2% (157/227)
20.4 (p=0.015)

Previous research conducted by NIMR in Mvomero collected parasitological data
and showed that the prevalence of malaria varied considerably across villages within
Mvomero District. Similarly, the self-reported malaria prevalence data gathered in the
June 2007 survey indicates that the malaria burden is not uniform across the study area
(Table 3-5). Looking at malaria prevalence in the population as a whole, the village of
Mbogo has the lowest prevalence (39.3%), while the largely pastoralist village of
Kambala has the highest reported prevalence (76.4%). For most villages, prevalence
among children under five is higher than in the overall population, although the gap
between children and adults varies considerably across villages. Among children, the
village with the lowest malaria prevalence is also Mbogo (50%), while the highest
prevalence is found in Kilimanjaro, where over 90% of children in the sample reportedly
suffered from malaria in the past three months. Finally, it is interesting to note that the
village identified by earlier NIMR studies as having the highest malaria parasitology
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(Kambala) is actually at the lower end of the distribution in terms of reported malaria
cases. This is not necessarily inconsistent, since areas with higher malaria exposure may
have high rates of parasitology but relatively lower percentages of clinical (symptomatic)
cases. NIMR studies were also conducted several years earlier (in 2004), so the data
from these studies are not directly comparable.
Clearly, malaria is a significant health problem in the study area. The final set of
indicators examined in this study concern households’ behaviors once they suspect that a
family member is suffering from this disease. In particular, this study addresses malaria
diagnosis and treatment behaviors. For each reported malaria case, the respondent was
asked about how the case was diagnosed and how it was treated. The most reliable
method for diagnosing malaria involves taking the patient to a health facility and
performing a blood test. Survey data suggest that blood tests were used to diagnose
malaria in about 37% of reported cases. Respondents report that the use of blood tests for
diagnosing malaria was higher for children under five (40%) than for older individuals
(36%), although this difference is not statistically significant.
Regarding treatment, respondents report that antimalarial drugs were obtained
from health facilities in 70.4% of malaria cases. Drugs used to treat malaria cases among
children are significantly more likely to come from health facilities (78.4%) when
compared with cases in older individuals (68.9%) (χ2=5.65, p=0.017). The second most
common source of antimalarial drugs was drug stores, from which drugs were obtained to
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treat 26% of reported malaria cases. Respondents report that no drugs were used to treat
malaria in only 2.5% of cases.
Survey data indicate that several different kinds of drugs are used to treat malaria
in Mvomero District. Sulfadoxine-pyrimethamine (SP) was the most widely used (59%
of households reportedly use this drug to treat malaria cases), followed by amodiaquine
(39%), artemesinin lumefantrine (ALU) (22%), quinine (18%), and chloroquine (7%).
Other drugs, particularly painkillers like aspirin and panadol, were also mentioned by
13% of respondents.
Artemesinin lumefantrine (ALU), belonging to the class of artemesinin
combination therapies (ACT), is a relatively new drug in the study area. Interviews with
local officials indicated that ALU first became available in Mvomero in February of
2007, only four months prior to our household surveys. Despite this relatively short time
period, about 46% of respondents reported that someone in their household had used
ALU to treat malaria at some point. Among households that had used ALU, 55%
believed that ALU was more effective in the cure of malaria than the previous first-line
antimalarial drug, SP, while 15% said that SP was more effective, 12% said the two drugs
were equally effective, 4% said that neither drug was effective, and 12% did not know
which drug was more effective.
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3.3.3 Discussion of Households’ Malaria-related Knowledge,
Prevention, and Treatment Indicators
Overall, households in Mvomero appear relatively well-informed about the
malaria problem, and tend to be engaged in a number of activities to address this health
threat. Virtually all respondents knew that mosquitoes transmit malaria, and an
overwhelming majority had mosquito nets. Use of blood tests to diagnose malaria was
also relatively high, particularly given theoretical predictions that diagnosis may have
little direct benefit to the individual. Regarding use of antimalarial drugs, it is interesting
to note that almost half of surveyed households had first-hand knowledge of ALU,
despite the fact that it had been introduced in the district only four months prior to this
study. Of course, it is important to note that many of the behaviors were measured on the
basis of self reports, and there is no way to verify actual use of blood tests, for example.
However, in the case of net ownership, where self-reports were coupled with
direct observation, the extent of over-reporting was apparently no greater than 10%.
(That is, nets were observed in 90% of households that reported having nets, and it is
quite possible that some of the households that denied interviewers entry into their homes
did so for reasons other than not having nets.) The finding that over 80% of households
had and apparently used nets is particularly striking given other studies that have found
low levels of net use even when the nets were distributed free of charge (e.g., Alaii et al.,
2003). For several years, Tanzania has maintained a voucher policy to subsidize the
purchase of mosquito nets by pregnant women (Mushi et al., 2003). (More recently,
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vouchers have also been extended to children under five.) Yet a large proportion of the
nets observed in this study (~85%) were reportedly purchased without any subsidy. This
suggests a high level of net acceptance and demand within the population.
While several indicators of malaria knowledge and malaria control behavior are
encouraging, there are a few important gaps that should be addressed. First, this study
mirrors findings of previous studies that households may not recognize convulsions as a
symptom of severe malaria. This is a particularly troubling finding, as it suggests that
individuals (often children) suffering the most severe forms of malaria may not receive
appropriate treatment. Education promoting this knowledge could help to address this
concern. Second, net treatment and re-treatment rates are not as high as they could be.
Based on households’ self-reports, about a quarter of nets had never been treated with an
insecticide, and about 40% had been retreated within the past six months or were longlasting nets. Since nets alone offer limited protection against malaria, increasing
retreatment rates could greatly improve the efficacy of this malaria control strategy.
Indeed, inadequate use of insecticides to retreat nets may help to explain another
key finding, which is that despite high levels of malaria awareness and apparent net use,
malaria continues to be a major public health problem in this area. Overall, over 50% of
adults and almost 70% of children were reported to have suffered a malaria episode in the
three months prior to the survey. In one village, the percentage of children suffering
from malaria within the recall period was over 90%. While these numbers are once again
based on self-reports and may be inflated (particularly if most or all fevers are attributed
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to malaria), at the very least the data indicate that malaria continues to be perceived as a
major public health threat in Mvomero District. Additional work is required to gain a
better understanding of the persistence of this threat despite widespread use of mosquito
nets. In addition to inadequate net retreatment (or perhaps decreased efficacy of
insecticides due to emerging vector resistance), another contributing factor could be tied
to the finding that people are active (i.e., not sleeping under nets) during a significant
proportion of mosquitoes’ biting hours. While increasing net retreatment rates (or
promoting use of newer long-lasting mosquito nets) may pose some challenges, altering
peoples’ sleeping patterns in the name of malaria prevention could prove exceedingly
difficult if not impossible. This suggests that even in the best case, where all households
have, treat, and use nets, there may be limits to the reduction in malaria that can be
achieved through this method alone. Thus, policies focusing on expanding other malaria
prevention behaviors, such as indoor residual spraying of insecticides or environmental
management, should be explored. However, the theoretical discussion highlights the fact
that many of these methods tend to be closer to pure public goods, with fewer direct
private benefits relative to net use. Thus, the typical set of collective action problems are
likely to arise, and more centralized community-level or government implementation
schemes are likely to be more effective than approaches that rely on voluntary individual
action.
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3.4 Identifying Factors Influencing Malaria Knowledge and
Behavior
While the first research question deals with describing what households know and
what they do to confront the malaria threat, the remaining questions attempt to explain
some of the variation that we observe in key knowledge and prevention indicators. This
section describes methods and results for a set of analyses addressing the association
between various household and village characteristics and knowledge, prevention, and
treatment outcomes.

3.4.1 Empirical Methods
Using a number of knowledge and behavior indictors as the dependent variable,
regression models were used to assess the role of various individual, household, and
village characteristics in influencing outcomes of interest. Outcomes are measured at
either the individual or the household level, and regressions are of the general form:
Yijk = f ( nijk , X jk , Z k ) + ε ijk

(3.4)

where Y is the outcome of interest, i denotes individuals, j denotes households, k denotes
villages, nijk are individual variables, Xjk are household characteristics, and Zk are village
characteristics. Individual characteristics include age, gender, occupation, and education.
Household characteristics include: demographic information (number of household
members, number of children under five); age, gender, education, and occupation of the
respondent and of the household head; the household’s religion and tribe; and a number
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of wealth indicators (number of consumer durables owned, size and quality of the house,
whether the house is owned or rented, area of land owned, and number of livestock
owned). Village characteristics include population, the number of primary and secondary
schools in the village, distance to health facilities (dispensary and hospital), distance to
tarmac roads, and access to electricity in the village.
Different functional forms are used depending on the nature of the dependent
variable. For binary outcomes (e.g., did the individual sleep under a net?), a probit
specification is employed. In the case of another outcome, the ratio of nets observed to
household members (“nets per capita”), the dependent variable is censored at zero,
necessitating a Tobit specification. Finally, several household-level indicators are
expressed as proportions (e.g., proportion of household members sleeping under a net).
While OLS would result in unbiased coefficient estimates, a generalized linear model
(GLM) specification is preferred since it constrains predicted values to be between zero
and one. Across the different models, errors are clustered at either the household or the
village level.

3.4.2 Results: Influence of Household and Village Characteristics on
Malaria Knowledge and Behavior
3.4.2.1 Malaria Knowledge
Three specific knowledge indicators were examined in this study: knowledge that
mosquitoes transmit malaria, knowledge that stagnant water increases mosquito
populations, and knowledge that convulsions are a symptom of malaria. For two of these
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Table 3‐6: Estimated Regression Coefficients for Knowledge that Standing Water
Increases Mosquito Populations
Dependent variable:

Knowledge
Standing water increases mosquitoes
Probit
Household
395
0.085

Model type
Unit of analysis
N
Pseudo R2
Village variables
Population
# schools in village
Distance to health facility
Distance to tarmac
Electricity available in village
Household variables
Durables
House size dummies (omitted category: small house)
House size: medium
House size: large
House quality
Own house
Land area
Livestock
Male respondent
Respondent age

-.00006
.0934***
-.0060
.0007
-.0344
.0260
-.0823
-.0643
.0298
.0723
.0090**
-.0026***
.0833**
.00003

Education dummies (omitted category: no education)
Respondent education: primary
Respondent education: secondary
or more
Respondent employed in agriculture
Household size
Number of children under five
Social network variables
Christian
Tribe dummies: χ2 statistic for joint significance

.1469**
-.0074
-.0788
-.0022
.0256
-.0207
312.3***

Table reports marginal effects from probit regression. Standard errors clustered at the village
level.
*=significant at 10%; **=significant at 5%; ***=significant at 1%

three indicators, the data provided too little variation to allow meaningful regression
analyses. Almost all survey respondents (397/408) knew that mosquitoes transmitted
malaria, while very few respondents (20/408) associated convulsions with malaria. Thus,

142

additional analyses focused on the indicator for knowledge of the link between standing
water and mosquitoes. Results from a probit regression assessing the impact of various
village and household variables on this knowledge indicator are presented in Table 3-6.
Turning first to the village-level variables, households were more likely to know
about the links between standing water and mosquito breeding in villages with more
primary and secondary schools. Other village level variables are not significantly
correlated with this knowledge indicator. However, several household-level variables are
significant. Knowledge of standing water-mosquito linkages is not significantly
correlated with most of the wealth indicators (ownership of consumer durables; house
size, quality, and ownership). However, it does appear that households that own more
land are more likely to know about these links, while households with more livestock are
less likely to have this knowledge. Male respondents were also more knowledgeable on
this subject, as were respondents with a primary education (relative to those with no
education). Tribe and religion indicators were also included in this regression. Religion
is not significantly correlated with this knowledge indicator. However, the χ2 statistic for
joint significance of seven tribe dummies is highly significant, indicating significant
differences in this knowledge indicator across different tribes. In particular, a closer
examination of the coefficients on these tribe dummies suggests that members of the
Masai tribe were more likely to have this knowledge relative to the omitted category
(other tribes), while members of the Mgogo and Mmakonde tribes appeared less
knowledgeable on this subject (results not shown).
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Table 3‐7: Estimated Regression Coefficients for Malaria Prevention Behaviors
Dependent variables:
I.
HH has
nets
(observed)

II.
Nets per
capita

Model type
Probit
Tobit
Unit of analysis
Household Household
N
386
396
(Pseudo) R2
0.158
0.249
Village variables
Population
.00004**
-.000004
# schools in village
-.0367**
-.0285***
Dist. to health facility
.0028
-.0030
Dist. to tarmac
-.0013
-.0017***
Electricity in village
-.0567*
-.0165
Household variables
Durables
.0379*
.0401**
House size dummies (omitted category: small house)
House size: medium
.2097***
.1773***
House size: large
.1242***
.2042***
House quality
-.0124
-.0111
Own house
-.0270
-.0215
Land area
-.0007
.0033*
Livestock
.0014***
.0014***
Male respondent
-.0614
-.0702**
Male household head
-.0562**
-.0415
Household head age
.0009
.0019
Education dummies (omitted category: no education)
HH head: primary
-.0190
-.0272
HH head: second. +
.0865
.1118*
HH head occ.: agric.
-.0014
-.0099
Household size
-.0136*
-.0440***
# children under five
.0848***
-.0075
Total nets owned
Social network variables
Christian
-.1050*** -.0361***
Tribe dummies: χ2 stat
52.11***
48.22***
for joint significance
Individual variables
Female
Age
Under 5

Prevention
III.
IV.
Individual Proportion
slept
of nets
under net
treated in
past 6 mos
Probit
GLM
Individual Household
1777
329
0.188

V.
Household
drains
water
Probit
Household
396
0.136

VI.
Number
of
preventive
behaviors
OLS
Household
396
0.132

.00004**
.0311
.0061
.0018
-.0874*

.00006
.3524***
.0793*
.0174**
.0592

-.00004
-.0823***
-.0144
-.0091***
.0778

-.0001**
-.2617***
-.0663***
-.0215***
.5614***

.0695***

.2562*

.0732**

.2054**

.1537***
.1197***
.0003
-.0675
.0072*
.0006
-.0551
.0469
-.0030**

.3715
.8598**
-.1203
.2545
.0595**
.0079**
-.1993
.4028
-.0345**

.0530
.2069*
-.0097
-.0357
-.0013
-.0017**
-.0106
.0955
.0017*

.0427
.1555
.0495*
-.0480
-.0091
-.0056**
-.1627
.0759
.0010

-.0184
.0321
-.0284
-.0408***
.0456*

.1132
.0186
.0894
-.1350
.0334
.2821

.0513
.0990
.1081***
-.0240*
.0472*

.1194
.2872
.1273
-.0123
.0393

-.0936**
9.70

-.0959
381.87***

-.0763
141.13***

.01381
23.74***

-.0033
-.0009**
.0099

Table reports marginal effects. Household-level models cluster standard errors at the village
level, while individual-level regressions cluster standard errors at the household level.
*=significant at 10%; **=significant at 5%; ***=significant at 1%
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3.4.2.2 Prevention Behaviors
A number of malaria prevention behaviors, focusing particularly on ownership
and use of mosquito nets, were also analyzed. Table 3-7 summarizes regression
coefficients for several prevention indicators. Several village and household variables are
found to be significantly correlated with the different prevention behaviors. More nets
were observed among households in larger villages, and individuals in these villages
were more likely to have slept under a net. Access to education, as measured by the
number of schools in the village, is negatively correlated with ownership of nets, nets per
capita, draining water, and total prevention activities, but positively correlated with net
retreatment. Interestingly, distance to health facilities (hospital or dispensary) shows
little correlation with any of the prevention indicators studied. Households in villages
that are farther from tarmac roads have fewer nets per capita, but a greater share of
individuals that were reported to have slept under nets and a greater rate of net
retreatment. Distance to tarmac roads is also negatively correlated with draining water
and with total prevention behaviors. Finally, access to electricity appears negatively
correlated with individual use of nets, and marginally positively correlated with total
prevention activities.
Several household variables also showed a significant correlation with prevention
behaviors. In general, wealthier households appeared more likely to engage in malaria
prevention. Ownership of a greater number of consumer durables is positively correlated
with all of the prevention indicators examined here. In addition, relative to households
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living in small houses, those who lived in medium or large houses were more likely to
have nets, had a larger ratio of nets per person, and were more likely to report that
individual household members had slept under a net. Those in large houses were also
marginally more likely to report draining water around the home. Households that owned
more land were more likely to report that a larger proportion of their nets had been
retreated with insecticide in the past six months. Greater numbers of livestock were also
associated with increased probability of observed net ownership and greater ratios of nets
per capita, as well as greater proportions of recently retreated nets. Interestingly,
households with more livestock were significantly less likely to engage in draining water
and other prevention methods. Home ownership was not significantly correlated with
prevention behaviors.
Other respondent and household characteristics are also noteworthy. Maleheaded households were less likely to own nets. In addition, a slightly lower ratio of nets
per capita was observed among households in which survey respondents were male. 4
Households with older heads were less likely to report that individuals had slept under
nets, and also had a lower proportion of insecticide-treated and retreated nets. Other
household head characteristics (gender, education, occupation) were generally

4

Since in theory it was the interviewer, rather than the respondent, who selected which household member
to interview within the household, it seems unlikely that households with male respondents should differ
significantly from households with female respondents. Thus, the difference in observed net ownership
could be due to a reluctance of male respondents to allow interviewers to enter their homes and observe
their nets.
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insignificant, although it does appear that households were more likely to drain water if
their household heads were employed in agriculture.
Larger households were associated with a lower likelihood that any nets were
observed in the home, as well as a lower number of nets per capita and a lower
probability that individuals were reported to have slept under nets. Conversely,
households with more children under five were more likely to have nets and to report that
individuals used nets. This may reflect the targeting of government campaigns that
promote net use and provide vouchers to pregnant women and children under five.
However, one should be careful in attributing causality in this case since it is also
possible that children who sleep under nets suffer lower levels of mortality. Thus, it is
unclear whether having young children makes households more likely to purchase and
use nets, or whether households with nets experience greater survivorship and therefore
have a greater number of young children.
Individual characteristics were included in the regression examining individual
net use. Results suggest little difference in reported net use among males and females.
Age is negative and significant, indicating that younger individuals are more likely to
sleep under nets. However, individuals in the specifically targeted age group (children
under five) are not significantly more (or less) likely to use nets compared to other
individuals. This may be due in part to the fact that nets are apparently shared by
multiple individuals within a household, resulting in coverage of older individuals along
with young children.
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Finally, tribe and religion variables were also included in these prevention
behavior regressions. Notably, results suggest that Christian households were less likely
to own any nets, owned fewer nets per capita, and were less likely to report that
individuals had slept under nets compared to Muslim households. Tribe dummies were
also jointly significant across most of the regressions. Taking a closer look at the
coefficients on individual tribe dummies (results not show), it appears, for example, that
members of the Mmakonde tribe had a higher number of nets per capita, but were less
likely to treat the nets they had (relative to the omitted category, “other tribes”). Since
both tribe and religion reflect social groupings and networks, this may provide
preliminary evidence of the role of social interactions in influencing malaria prevention
behaviors.
3.4.2.3 Malaria Illness and Treatment
Discussion now turns to regressions in which indicators of malaria illness and
treatment behavior are the dependent variables. Table 3-8 summarizes village,
household, and individual variable coefficients in these models. Results suggest that
individuals living in larger villages were less likely to have malaria, but more likely to
visit health facilities to obtain a malaria diagnosis. Number of schools in the village is
also associated with lower malaria rates. Interestingly, malaria rates also appear lower in
villages located farther from health facilities and farther from roads. Also somewhat
counterintuitive is the result that households were more likely to visit health facilities for
blood diagnosis of malaria in villages located farther from these facilities. Availability of
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Table 3‐8: Estimated Regression Coefficients for Malaria Illness and Treatment
Outcomes
Dependent variables:
I.
Had malaria in
past 3 mos

Illness and Treatment
II.
III.
Diagnosed at
Treated using
health facility
drugs obtained
using blood test at health facility
Probit
Probit
Individual
Individual
919
910
0.146
0.126

Model type
Probit
Unit of analysis
Individual
N
1778
(Pseudo) R2
0.068
Village variables
Population
-.00007**
.0001***
# schools in village
-.0659*
.0289
Distance to health facility
-.0238***
.0320**
Distance to tarmac
-.0048**
-.0036
Electricity in village
.1257*
-.3607***
Household variables
Durables
-.0026
.0943**
House size dummies (omitted category: small house)
House size: medium
-.0007
.0299
House size: large
.0323
.0779
House quality
.0312
.0135
Own house
-.0258
.1923**
Land area
-.0008
.0106**
Livestock
-.0013**
-.0008
Male respondent
.0310
.0291
Male household head
.1087**
.0034
Household head age
.0023
.0019
Education dummies (omitted category: no education)
HH head: primary
.0363
-.0862
HH head: secondary +
.0261
-.0147
HH head occ.: agriculture
.0905
-.1387
Household size
-.0243**
-.0345*
# children under five
.1072***
-.0192
Household owns net(s)
-.0003
-.0033
Social network variables
Christian
-.0184
-.1268*
Tribe dummies: χ2 statistic
27.40***
9.25
for joint significance
Individual variables
Female
.0469**
.0464
Age
.0011
-.0008
Under 5
.1877***
.1081**

IV.
Household has
used ALU
Probit
Household
368
0.139

.00002
.0530
-.0005
-.0007
-.1574**

-.00007
.0506
-.0331*
-.0022
.1665

.0764**

.0352

.1049
.0213
.0250
-.0173
-.0049
-.0018**
-.0414
-.0356
.0031

.0876
.0791
.0309
.0543
-.0018
-.0021***
-.1436***
.0721
-.0024

-.0939
-.0814
.1195
-.0271*
.1673***
-.0355

-.0649
-.0875
.0037
.0302*
.0494
-.0113

-.0089
8.21

-.0027
401.4***

.0548**
-.0026***
-.0442

Table reports marginal effects. Household-level models cluster standard errors at the village
level, while individual-level regressions cluster standard errors at the household level.
*=significant at 10%; **=significant at 5%; ***=significant at 1%
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electricity at the village level is associated with lower use of health facilities for diagnosis
and treatment.
Examining household wealth indicators, it appears that ownership of consumer
durables increases the probability that individuals were diagnosed using blood tests and
treated using drugs obtained at health facilities. Coefficients on other wealth indicators
(house size, quality, and ownership, and land area) are generally not significant.
Ownership of livestock has interesting effects. Individuals in households with more
livestock are marginally less likely to suffer from malaria, and also less likely to use
drugs obtained at health facilities or to have used ALU. The first finding may be
evidence of a so-called “zooprophylaxis” effect that has been documented elsewhere
(Mutero et al., 2004), in which livestock divert mosquitoes from feeding on humans and
thereby decrease malaria rates.
Results also suggest that individuals in male-headed households are more likely to
suffer from malaria. Male respondents were also less likely to report that their household
had used ALU. Individuals in larger households were less likely to have a reported
malaria case in the past three months, although individuals in households with more
children under five were more likely to have malaria. Larger households were also
marginally less likely to have used ALU. Individuals were more likely to be treated
using drugs obtained at a health facility in households with more children under five, and
children under five were themselves more likely to have malaria (reflecting a greater
vulnerability to the illness within this age group) and to be diagnosed using a blood test.
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Results also indicate that females were marginally more likely to have malaria, and also
more likely to be treated using drugs obtained at a health facility, as were younger
individuals.
Finally, ownership of mosquito nets is not significantly correlated with malaria
illness, or with other treatment indicators. This does not necessarily indicate that nets are
entirely ineffective in reducing malaria. To the extent that there are spillovers in the
effects of net use across individuals, it is possible that aggregate household- or villagelevel net use will have a larger impact on individual disease outcomes than individual
use. Furthermore, the net indicator included in these regressions does not account for
whether or not nets were treated with an insecticide, which has been shown to greatly
increase their efficacy in preventing malaria. Future analyses will explore these variables
in more detail.
Finally, turning to the social network variables, results indicate that individuals in
Christian households were less likely to be diagnosed using blood tests. Religion is not
significantly correlated with any of the other illness and treatment indicators. Tribe
dummies were jointly significant in the malaria illness and ALU regressions, but not in
the diagnosis and treatment analyses. Members of the Masai tribe were significantly
more likely to suffer from malaria, while malaria was reported less often among members
of the Mmakonde tribe (relative to the omitted “other tribes” category). Mmakonde
respondents were also less likely to report having used ALU (results not shown).
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3.4.3 Discussion: Relationships between Individual, Household, and
Village Characteristics and Malaria Behaviors
Results presented in this section shed light on possible reasons for differences in
malaria-related knowledge and behavior within and across villages. Village-level
variables such as population size and access to infrastructure (roads, schools, health
facilities) appear to explain some of this variation, although the sign of these effects is
sometimes counterintuitive. For example, results suggested that households located
farther from health facilities were actually more likely to visit these facilities to obtain a
blood diagnosis for malaria.
Turning to household characteristics, the results suggest that wealthier households
are more likely to engage in a range of prevention and treatment behaviors, although the
study also highlights difficulties in measuring households’ wealth in the setting of rural
agricultural communities. A variety of wealth indicators were included in these analyses,
and findings suggest that different aspects of wealth “matter” for different outcomes. For
example, house size and livestock ownership were significant indicators of several net
ownership, use, and retreatment variables, while ownership of household durables was
positively correlated with malaria diagnosis and treatment at health facilities. It is quite
possible that these different “wealth” indicators are also proxying for different household
characteristics or preferences, such as preferences for savings or risk attitudes.
Interestingly, results did not suggest a strong relationship between malaria illness
and wealth, reflecting similar findings in other studies (e.g., Koram et al., 1995a). This
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may reflect persistence of strong epidemiological spillover effects, such that wealthier
households’ investments in increased malaria prevention are not particularly effective as
long as the malaria burden persists in the community as a whole. This argues for
additional malaria control efforts that target entire communities rather than individuals.
A few key results also suggest possible gender differences in malaria knowledge,
prevention and treatment indicators. It is important to note that most regressions
controlled for both the gender of the respondent and the gender of the household head in
an attempt to separate gender-based reporting effects from behavioral effects. In fact,
evidence of both of these effects is present in these analyses. Data indicate that male
respondents were more likely to know about links between standing water and mosquito
populations, showed a lower number of nets per capita, and were less likely to report that
members of their household had used the antimalarial drug, ALU. Controlling for these
reporting differences, findings also suggest that male-headed households were less likely
to own nets, and that members of these households were more likely to suffer from
malaria. These results may indicate differences in the ways that males and females
allocate resources toward malaria prevention and control. Additional work will explore
this hypothesis in more detail. In particular, the Mvomero survey data includes a set of
questions about decision making within the household that may help to shed light on this
issue.
Household size and the number of children under five were also significantly
correlated with several indicators examined here. Larger households were less likely to
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own nets, had fewer nets per capita, and were marginally less likely to drain water around
their homes. Interestingly, however, individuals in larger households were also less
likely to suffer from malaria. Conversely, the number of children under five is positively
associated with net ownership and also positively associated with malaria illness. That is,
individuals in households with more young children are more likely to have suffered a
case of malaria in the past three months, regardless of their own age. Directions of
causality in the relationships among individual characteristics, malaria illness and
mortality, and preventive behaviors deserve further study.
Finally, tribe and religion variables provide a preliminary indication that social
networks may play a role in determining households’ malaria prevention and treatment
behaviors. For most of the indicators examined here, significant differences were
observed across different tribes. Results also indicated that Christian households were
significantly less likely to own nets compared to their Muslim counterparts. These
differences in outcomes could be a result of inherent unobserved differences among
different tribal or religious groups. For example, it is possible that Christians find nets
less appealing for some reason. On the other hand, it is possible that these differences are
the result of social networks. If households are influenced in their behaviors by the
observed or expected behaviors of their social contacts, and if households of the same
religion or tribe are more likely to know one another, this could result in differences in
behavior across different social groups. These hypotheses are explored in more detail in
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the next section, which addresses patterns of social interaction and the effects of
neighbors’ behaviors on household’s malaria prevention and treatment decisions.

3.5 Examining Social Interactions and Their Influence on
Malaria-related Behaviors
The last two research questions concern social interactions within and among
villages in the study, and the role of these interactions in influencing households’
knowledge and behaviors.

3.5.1 Empirical Methods
3.5.1.1 Describing Patterns of Social Interaction
To describe patterns of interactions in the sample of households surveyed,
responses to social network questions are analyzed. Descriptive statistics are computed
for responses to questions about whom respondents go to most frequently for advice
about health, social, and economic matters. Of particular interest are data indicating
whether these contacts belong to the same tribe and/or religion as the respondent. Next,
data on reported interaction across villages is used to generate a ten by ten matrix of
interaction frequencies for the ten villages in this study.
Questions about interactions with other specifically identified households within
the sample provide the basis for a rich set of analyses addressing patterns of social
interaction within each village. Recall that each sampled household was asked about its
interactions with seven other households randomly selected from the list of sampled
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households within the same village as the respondent. This allows the generation of a set
of variables that take each possible pairing of sampled households within each village
and record whether or not either member of the pair: 1) was asked about its interaction
with the other member of the pair; 2) said it knew the other member; 3) said that it ever
talked to the other member; 4) said that it discussed health matters with the other
member; and 5) said that it discussed economic matters with the other member. In other
words, for each village of N households, five N x N matrices are created corresponding to
each of the five interaction variables (asked, know, talk, talk about health, talk about
economics). For each matrix, element i,j is equal to one if household i indicated a
specific type of interaction with household j, or vice versa.
Once this set of pairwise social link variables has been created, a number of
regressions are conducted to identify factors affecting the probability that a pair of
households i and j in each village k interacts with one another. Once again, this follows
the methodology outlined in Conley & Udry (2005). For a sample consisting of pairs of
households in which either member was asked about its interactions with the other
member (i.e., for which asked(i,j)k=1), the binary outcome of interest is whether or not the
households said they interacted in different ways. These probit regressions take the form:
l( i , j ) k = f ( X ( i , j ) k , Dk ) + ε ( i , j ) k

(3.5)

Analyses are conducted for four different l dependent variables recording whether or not
the households knew each other (know), whether or not they ever talk to each other (talk),
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whether they ever discuss health matters with one another (health), and whether they ever
discuss economic matters with one another (econ). X(i,j)k is a vector of variables
recording similarities and differences between households i and j. This vector includes
indicator variables recording whether the two households: 1) live in the same subvillage
(measuring physical proximity as well as administrative ties); 2) belong to the same tribe;
3) belong to the same religion; 4) have heads of household of the same gender; 5) have
heads of household that share the same occupation; 6) both have children under five; and
6) both have children under 16. Variables are also included that measure the household
pairs’ absolute differences in: 1) household size; 2) age of head of household; 3) number
of consumer durables owned; and 4) area of land owned.
Finally, each of these links regressions also includes a full set of village dummy
variables Dk. Including these variables allows the baseline probability that a pair of
households interacts with one another to vary across villages. This is important for two
main reasons. First, village “cohesiveness” is likely to vary significantly across villages
for both observable and unobservable reasons. For example, people may be more likely
to know their neighbors in smaller or more homogenous villages, or in villages where
participation in community activities is more common. A related second reason one
would expect link probabilities to vary across villages stems from the methodology
employed to sample social networks in this study. Villages in the sample vary in size,
with the largest village (Mkindo) having a population of 5,646 individuals while the
smallest village (Msufini) has only 1,477 individuals. While the number of households
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sampled in each village was adjusted to reflect these differences in population, each
household in the sample was asked about exactly seven other households in its village
regardless of village size. The result is that, in smaller villages, households are
questioned about a larger proportion of their “potential networks.” Thus, even if the
probability that a randomly selected pair of households interacts with one another is fixed
across villages, the search process employed in this study will result in a lower proportion
of observed links in larger villages. Including village dummies in the links regressions
controls for differences in link probabilities arising from the search process
(methodology), as well as other sources of variation in network density or cohesiveness
across villages.
3.5.1.2 Assessing the Influence of Social Networks on Households’ Knowledge and
Behavior
The final research question addresses the influence of social networks on a
household’s malaria-related knowledge and behaviors. That is, this question seeks to
determine whether or not households are more likely to engage in a certain behavior if
others in their group also display this behavior.
To address this question empirically, the general framework employed here is
similar to Case’s (1992) analysis of farmer’s decisions to use a new agricultural
technology (the sickle) in Indonesia. Case models sickle adoption as a function of
farmer’s underlying attitudes (more specifically, his expected profits) toward the new
technology, Y*. In other words, this is a standard discrete choice framework in which
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observed behavior is a function of an underlying latent utility function. The important
innovation in this and other studies of social interactions, however, is that “attitudes” or
latent utility will depend on the attitudes or behaviors of one’s neighbors as well as one’s
own characteristics. Thus, for each of the behavior indicators addressed in the Mvomero
study, an underlying utility function will be assumed taking the form:

Y jk* = φW jY * + X jk β + Z k γ + ε jk

(3.6)

where j denotes households and k denotes villages, and Wj is defined as the jth row in an
N x N matrix that assigns each household to its social contacts or “neighbors.” That is,
for two households i and j, the corresponding element of the W matrix is wij=1 if i and j
are neighbors, and wij = 0 otherwise. 5 In the end, the coefficient on the social interaction
term, φ , captures the correlation between the average behavior of one’s social contacts
and a household’s own behavior, holding household and village characteristics constant.
Estimating the above equation directly will result in biased parameter estimates.
This is a result of Manski’s “reflection problem:” for any pair of households i and j that
interact with one another, Yi will be a function of Yj, and Yj will be a function of Yi.
Therefore, Yj will be correlated with the error term in household i’s estimating equation.
As Case (1992) shows, obtaining a consistent estimate of φ requires estimating Y* as a

5

As in Case (1992), the rows of W are then normalized so that

∑

observation’s contacts have the same total amount of influence.
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j

wij = 1 for all i. This ensures that each

function of own and other households’ characteristics (X) rather than including others’
behaviors directly. In matrix form, the above equation can be rewritten as:
Y * = φWY * + Xβ + Zγ + ε

(3.7)

Solving for Y*, this becomes:
Y * = ( I − φW ) −1 Xβ + ( I − φW ) −1 Zγ + ( I − φW ) −1 ε

(3.8)

The key to implementing this model is defining the W matrix. The approach in
Case (1992) and in several other studies of social interactions (including the Chapter Two
of this dissertation) is to define W by using a pre-defined administrative or geographic
unit (e.g., village, district) and assuming that individuals interact uniformly within that
unit. That is, these studies assume that wij=1 if and only if households i and j belong to
the same village. This approach has the advantage of being easy to implement in the
absence of more detailed information on patterns of interaction within and across
administrative units, and also has computational advantages. In particular, Case (1992)
shows that assuming individuals interact uniformly within a village or other
administrative unit results in block diagonal weighting matrix which allows a single
closed-form estimating equation:
Y * = (1 / θ1 ) Xβ + nθ 2 /(θ1 (θ1 − nθ 2 )) Xβ + ( I − φW ) −1 Zγ + ( I − φW ) −1 ε
where
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(3.9)

θ1 = [1 + φ /(n − 1)]
θ 2 = φ /(n − 1)
This equation “restricts the coefficient on the neighbor’s kth right side variable X k to
equal [nθ1 /(θ1 − nθ 2)] times the coefficient on right side variable X k ” (Case, 1992, p.
502), and estimation using nonlinear least squares will yield parameter estimates that
include the social interaction parameter, φ .
Of course, in reality it is likely that households do not interact uniformly within
each village. As described in the previous section, this study collects data on patterns of
interaction within and across villages and analyzes which households know and talk to
each other, and what variables influence these patterns of interaction. In theory, this
information could be used to generate alternative definitions of the W matrix. In other
words, rather than assuming that households interact with each other uniformly within
each village, observed social links could be used to develop a more refined model of
social networks within villages. For example, one way to define W would be to use
households’ actual responses to questions about their social contacts within the village
(observed links). That is, using the matrices of household links described in the previous
section, one can set wij=1 if lij=1. Using the different “link” definitions (i.e., know, talk,
health, and econ) would result in four different weighting matrices.
The benefit of this approach is that each household’s behavior is now being
compared to the behavior of a subset of other households within the village with whom

161

the household is known to interact. However, as Conley & Udry (2005) point out, the
drawback of this approach is that the matrix of observed link is based on a random subset
of other households in the village, “and so yields estimates of the information
neighborhood of a [household] that are smaller than [its] actual information
neighborhood.” Another way to see this problem is that the resulting weighting matrices
set wij=0 if household i said it did not interact with household j (or vice versa) OR if
households i and j were not asked about their interactions with one another. Thus, an
alternative approach, again following Conley & Udry (2005), would be to use the results
from the links regressions described in the previous section to generate a “predicted
information neighborhood.” That is, rather than using observed links to define the
weighting matrix, results from the links regressions are used to predict the probability
that each pair of households will interact with one another given their observed
characteristics, so that wij = lˆij .
While defining W based on actual data on patterns of interaction within village
has great intuitive appeal, this approach also introduces computational difficulties. To
illustrate this problem, Appendix C solves for the estimating equations in a five-person
village with a fairly simple but non-uniform pattern of interactions. In other words, this
exercise explicitly performs the matrix inversion implied by Eq. 3.8. As this exercise
shows, a general W matrix will result in individual estimating equations that do not have
a consistent form. This is because each individual’s decision will be a function of his
own characteristics, his neighbor’s characteristics, his neighbor’s neighbor’s
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characteristics, and so on, with the coefficients on each of these terms varying according
to the specific network structure and the number of neighbors that each individual in the
network has. Thus, unlike in the case where individuals are assumed to interact
uniformly within villages and W is block diagonal, it will not be possible to write down a
single estimating equation that can be used to estimate the model parameters, and, in
particular, the social effects parameter, φ .
Given these computational difficulties, the approach here is two-fold. First, tests
of the importance of neighbors’ characteristics are performed allowing neighbors’
characteristics to enter freely. That is, models are estimated in which:
Y * = Xβ + Xδ + Zγ + ε

(3.10)

To provide a rough means of comparing alternative weighting matrices, the X term in
this equation is computed using different definitions of a households’ “neighbors.” The
first approach uses pre-defined administrative units (village, subvillage), while a second
set of matrices are based on reported interactions among households in the sample. That
is, the first approach includes mean characteristics among all other households in the
village, while the second includes means among a household’s identified or predicted
social contacts. As Case (1992) argues, comparing log-likelihoods across models that
include neighbors’ characteristics and models that exclude these characteristics can
provide a general test of the overall importance of social effects. In addition, comparing
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log-likelihoods across models with different definitions of the W matrix may provide
some indication of the explanatory power provided by alternative matrices.
However, the disadvantage of this general approach is that it does not allow direct
estimation of the social effect parameter, φ . Thus, Case’s method for restricting the
model’s coefficients and estimating Eq. 3.9 is also implemented using a nonlinear least
squares routine in Stata. This method reverts to the assumption that households interact
with each other uniformly within the village (or subvillage). Future work will explore
alternative estimating procedures that may take advantage of data on specific patterns of
interaction within villages 6 , particularly spatial econometric approaches (see Anselin,
1988).

3.5.2 Results: Patterns of Social Interaction and Effects on
Household Behaviors
This section presents results from several analyses addressing the patterns of
social interaction within and across villages in the sample, as well as the effect of social
networks on malaria prevention and treatment behaviors.

6

Given the similarity between the methods used to collect data on social interactions in this study and in
Conley & Udry (2005), one natural idea would be to adopt Conley & Udry’s methodology for using this
data to estimate social effects. However, the model employed in their study of farmers’ use of inputs
involves a learning index in which farmers receive positive or negative information signals about different
input levels based on the experience of their social contacts. Thus, farmers’ decisions depend on observed
outcomes. In contrast, the models employed here attempt to explain individual behavior as a function of
peers’ behavior, leading to the reflection problem and associated computational difficulties.
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3.5.2.1 Describing Social Networks in Mvomero

A first set of analyses looks at the data respondents’ provided in response to
questions main sources of health and malaria-related information, as well as their
network of social contacts. Regarding general health information sources, households
cited health workers most frequently (86%), followed by radio (71%) and friends (26%).
Patterns for information about malaria specifically were similar: health workers (86%),
radio (69%), and friends (28%) were the most commonly cited sources.
Households were then asked to name and provide information about the specific
people they talk to most frequently about: 1) economic issues, 2) health issues, and 3)
social issues. Results indicate that households’ main economic contacts tend to be friends
(50%) or relatives (38%). These contacts are usually of the same religion as the
respondent (76%) and live in the same village as the respondent (85%), but do not
necessarily belong to the same tribe (same tribe: 48%, different: 52%). Households’
main health contacts are generally friends (47%), relatives (33%), or health workers
(16%). Like economic contacts, these contacts tend to be of the same religion (74%) and
live in the same village (89%), but belong to the same tribe in only 44% of cases.
Finally, people households consult about social matters are usually relatives (45%),
friends (41%), or government officials (9%). These contacts belong to the same religion
in 76% of cases and live in the same village in 92% of cases. Social contacts are more
likely to belong to the same tribe, compared to economic or health contacts: 54% of
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social contacts belong to the same tribe as the respondent, while 46% belong to a
different tribe.
A second set of social contact questions asked respondents about their knowledge
of and interactions with people in the other villages in our sample. Table 3-9 shows a
matrix of pairwise comparisons between each of the 10 villages in the study. For each
village, the table records the percent of sampled households within that village that 1)
know, and 2) ever talk with individuals from each of the nine other study villages. The
table shows that there is considerable variation across villages in their degree of
interaction with other villages. For example, it appears that people in the village of
Luhindo have relatively little contact with people in any of the other study villages except
Dakawa. This is not surprising given Luhindo’s location (see Figure 3-2). At the other
end of the spectrum, Mkindo appears to be the most well-connected village: people in
Mkindo are more likely to know and talk with people from other villages, and people in
other village are more likely to have contacts in Mkindo. Again, this is not surprising
given Mkindo’s fairly central location among study villages.
To look more closely at patterns of social interaction within villages, each
respondent was given the names of seven other randomly selected households in their
village, and asked a series of questions about their knowledge of and interactions with
these households. First, the respondent was asked whether or not s/he knew each of the
other households. On average, respondents knew 2.57 other households. For each of the
households that were known, the respondent was then asked whether or not they ever
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Table 3‐9: Social Interactions Across Villages In Mvomero
What percentage of people in ___ …
… know/talk to
people in ___ ?
Know
Talk
Know
Dihombo
Talk
Know
Kambala
Talk
Kigugu Know
Talk
Know
Kilimanjaro
Talk
Know
Komtonga
Talk
Know
Luhindo
Talk
Know
Mbogo
Talk
Know
Mkindo
Talk
Know
Msufini
Talk
Dakawa

Dakawa
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100.0%
100.0%
16.4%
13.7%
8.2%
9.6%
13.7%
9.6%
17.8%
8.2%
2.7%
1.4%
41.1%
30.1%
5.5%
5.5%
20.6%
17.8%
13.7%
15.1%

Dihombo Kambala Kigugu
8.3%
2.8%
100.0%
100.0%
8.3%
5.6%
38.9%
19.4%
5.6%
5.6%
19.4%
5.6%
13.9%
13.9%
38.9%
13.9%
77.8%
38.9%
11.1%
8.3%

41.2%
29.4%
47.1%
32.4%
100.0%
100.0%
38.4%
23.5%
17.7%
14.7%
5.9%
2.9%
20.6%
11.8%
23.5%
11.8%
76.5%
61.8%
11.8%
8.8%

14.3%
2.4%
14.3%
9.5%
4.8%
2.4%
100.0%
100.0%
16.7%
11.9%
33.3%
9.5%
4.8%
2.4%
50.0%
16.7%
57.1%
33.3%
7.1%
2.4%

Kilimanjaro Komtonga Luhindo Mbogo
33.3%
6.7%
16.7%
3.3%
10.0%
10.0%
26.7%
16.7%
100.0%
100.0%
70.0%
33.3%
13.3%
3.3%
33.3%
10.0%
40.0%
10.0%
33.3%
16.7%

--27.6%
17.2%
------100.0%
100.0%
3.5%
3.5%
65.5%
34.5%
58.6%
27.6%
---

72.0%
48.0%
4.0%
0.0%
4.0%
-4.0%
4.0%
4.0%
0.0%
4.0%
4.0%
100.0%
100.0%
0.0%
0.0%
8.0%
4.0%
4.0%
0.0%

21.4%
4.8%
28.6%
14.3%
16.7%
7.1%
57.1%
40.5%
--71.0%
31.0%
4.8%
0.0%
100.0%
100.0%
52.4%
35.7%
11.9%
7.1%

Mkindo
28.8%
16.4%
56.2%
27.4%
21.9%
15.1%
39.7%
23.3%
23.3%
15.1%
26.0%
8.2%
5.5%
1.4%
38.4%
21.9%
100.0%
100.0%
19.2%
9.6%

Msufini
50.0%
50.0%
29.2%
25.0%
20.8%
16.7%
33.3%
33.3%
25.0%
25.0%
29.2%
29.2%
16.7%
16.7%
20.8%
12.5%
54.2%
50.0%
100.0%
100.0%

talked with people from that household, and then asked more specifically whether or not
they ever discussed 1) health matters, or 2) economic matters. On average, respondents
talked with 1.88 out of the seven households mentioned. They discussed health matters
with only 0.84 households, and economic matters with 0.93 households. Patterns of
interaction varied across villages (see Table 3-10). The village in which households were
most likely to know and talk to other households within the village was also the smallest
village, Msufini. In the two largest villages (Dakawa and Mkindo), the average number
of households known tends to be lower.
Table 3‐10: Interactions Among Households Within Each Village in Mvomero
Village

All villages
Dakawa
Dihombo
Kambala
Kigugu
Kilimanjaro
Komtonga
Luhindo
Mbogo
Mkindo
Msufini

Village
population
(2004
Census)

Average #
HHs known
(out of seven)

Average
#HHs talked
with
(out of seven)

-5000
2536
2905
3059
3335
2066
1823
3028
5646
1477

2.57
2.19
2.36
3.26
2.88
2.73
2.65
2.52
2.55
2.08
3.88

1.88
1.81
1.69
2.53
2.48
1.87
1.14
2.16
1.29
1.42
3.54

Average #
HHs talked
with about
health
(out of seven)
0.84
0.90
0.69
1.32
0.79
0.57
0.24
1.12
0.43
0.71
2.13

Average #
HHs talked
with about
economics
(out of seven)
0.93
1.05
0.78
1.41
0.69
0.70
0.45
1.16
0.45
0.79
2.42

Probit regressions were used to analyze these patterns of social linkages within
villages in more detail. In these regressions, pairs of households are the unit of analysis,
and the sample consists of all household pairs (i,j) for which household i was asked about

168

its interaction with household j, or vice versa. Out of a total of 9,586 possible withinvillage household pairs, the sampling strategy employed in this study collected data (i.e.,
asked households) about a total of 1,810 pairings. Using this sample, regressions were
run using four binary dependent variables: 1) did the households know each other; 2) did
the households say they ever talked to each other; 3) did the households say they ever
talked with each other about health matters; and 4) did the households say they ever
talked about economic matters. Independent variables included village dummy variables
as well as a number of indicators of similarities and differences between members of each
household pair. Results from these regressions are presented in Table 3-11.
Link regression results indicate that a number of factors influenced the probability
that households knew and interacted with one another. Village dummy variables tend to
be highly significant, replicating the results from Table 3-10 showing differences in the
number of social links across different villages. As discussed in Section 3.5.1,
differences in the number of observed links across villages are likely due to village
characteristics (e.g., social involvement or cohesiveness) as well as the sampling
methodology, which involved asking households about a fixed number of potential links
(seven) regardless of village size. Results also show that households are significantly
more likely to know and talk with one another if they live in the same subvillage. This
variable captures physical proximity, and may also reflect social and administrative ties
within subvillages.
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Table 3‐11: Social Link Regression Results
Know
1769
0.082

N
Pseudo R2
Independent variables
Village dummies (omitted category: Komtonga)
Mbogo
-0.176***
Mkindo
-0.229***
Dihombo
-0.210***
Luhindo
-0.211***
Kilimanjaro
-0.111***
Kigugu
-0.093***
Dakawa
-0.235***
Msufini
-0.005
Kambala
-0.106***
Subvillage
0.287***
Religion
0.027
Tribe
0.088*
HH head gender
0.001
HH head occupation
-0.100**
Children under 5
0.015
Children under 16
-0.021
HH size
0.009
HH head age
-0.003**
Durables
0.022
Land area
0.005***

Dependent variable: Link type
Talk
Health
1769
1769
0.078
0.095
-0.879***
-0.063***
-0.046**
0.021
0.002
0.137***
-0.022**
0.252***
0.068***
0.230***
0.0352
0.083**
-0.026
-0.051*
-0.016
0.012
-0.006
-0.002*
0.008
0.003***

0.006
0.089***
0.042***
0.115***
0.054***
0.094***
0.083***
0.303***
0.156***
0.161***
0.017
0.010
-0.021
-0.034**
-0.020*
0.004
0.004
-0.001
0.0002
0.002***

Econ
1769
0.086
-0.037***
0.040***
0.000
0.069***
0.008
0.028***
0.065***
0.272***
0.107***
0.134***
0.031***
0.016
-0.014
-0.039***
-0.026***
0.012
0.006
-0.001**
-0.005
0.003***

Table reports marginal effects from probit regressions. Standard errors clustered at village level.
*=significant at 10%; **=significant at 5%; ***=significant at 1%

The effects of religion and tribe seem to vary across different link types.
Households are marginally more likely to know one another if they belong to the same
tribe, and significantly more likely to talk with one another. However, tribe does is not
significantly correlated with the probability that pairs of households talk with one another
about specific topics (health and economics). Sharing a religion does not appear to
significantly increase the probability that households know or talk with each other in
general, but it does appear that households of the same religion are significantly more
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likely to discuss economic matters with one another. Recall also that the individuals that
households identified as their “main” contacts for economic, health, and social matters
did tend to belong to the same religion as the respondent. Thus, while religion does not
exclusively dictate whom households know or talk to, members of the same religion are
more likely to be consulted when it comes to specific matters (e.g., questions about health
or social issues).
The impacts of a few other variables on the probability that households interact
with one another are also worth noting. Interestingly, households are less likely to know
and talk with one another if their heads of household share the same occupation. This
may be due to the fact that most heads of household in this sample (over 80%) are
employed in agriculture, while only a minority are engaged in other activities (such as
business activities). The few non-agricultural individuals may therefore stand out in a
crowd, making it more likely that they will be known by other individuals. Results also
suggest that households are less likely to discuss health and economic matters with each
other if both households have children under five. This may indicate that households
with young children go tend to go to older individuals for advice. However, larger
differences in the age of households’ heads are associated with decreased probability
households will know each other, and that they will talk to one another about economic
matters. Finally, larger differences in land area are consistently correlated with higher
probabilities of household interaction. Conley & Udry (2005) find a similar result among
pineapple farmers in Ghana: larger differences in wealth are associated with increased
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link probabilities. They attribute this finding to “strong vertical patron-client ties that
exist in these villages.” It is unclear whether a similar dynamic is at play in Mvomero.
However, the data are consistent with the hypothesis that households with large amounts
of land are more likely to be known and consulted by other households in their villages.
3.5.2.2 Assessing the Influence of Social Interactions on Malaria Knowledge and
Behavior

In addition to describing what patterns of social interaction look like across
different villages, results also address the role of social contacts in influencing
households’ malaria-related behaviors. While a wide range of knowledge, prevention,
and treatment indicators were explored in this study, this section presents analyses of
social effects for two specific behavioral variables: whether nets were observed in the
household, and whether the household had used the newly available antimalarial drug,
ALU.
Table 3-12 presents results of several models in which neighbors’ characteristics
were allowed to enter freely as right side variables in probit regressions examining
households’ (observed) ownership of mosquito nets. Compared to results presented in
Section 3.4, a slightly shortened list of village and household covariates was included in
these regressions. As a comparison case, the first column of Table 3-12 presents results
for a model in which neighbors’ characteristics are excluded. The next column includes
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Table 3‐12: Effect of Others’ Characteristics on Households’ Decisions (Unrestricted
Models): Ownership of Mosquito Nets
Probit model
Dependent variable: Household owns nets (observed)
N=387
Explanatory variables:
Village population
# schools in village
Distance to health
facility
Electricity available
in village
Durables
Medium house
Large house
Land area
Livestock
Christian
Age of HH head
HH head education
Household size
# children under 5
Neighbors’
characteristics
included?
Log-pseudolikelihood
χ2 statistic for joint
significance of
neighbors’ means

.00005***
-.025
.009

-.002**
-.334
-.660*

.00004
-.004
.013

.000007
-.018
.001

-.0003
.044
-.006

-.072**

1**

-.011

.020

.900

.034*
.228***
.134***
.0006
.001***
-.103***
-.0007
-.024
-.019***
.102***
No

.051
-.034
.067
.006
-.033***
.009
-.006
-.099
-.028**
.116
Yes: Means
at village
level

.047***
.237***
.120***
.001
.0002
-.087***
.0001
-.004
-.024***
.093***
Yes: Means at
subvillage
level

-151.8
--

-137.3
152.2***

-139.3
86.0***

.034*
.232***
.132***
-.0003
.001***
-.088***
-.0009
-.027
-.016*
.095***
Yes: Means
based on
observed
“know”
contacts
-140.8
213.7***

.012
.253***
.130***
-.0006
-.001
-.062***
.001
-.031
-.029***
.109***
Yes: Means
based on
predicted
“know”
contacts
-136.3
132.1***

Table reports marginal effects from probit regressions. Tribe dummies also included. Standard
errors clustered at village level.
*=significant at 10%; **=significant at 5%; ***=significant at 1%

means at the village level, while the third column includes subvillage means.71 The fourth
column restricts the definition of “neighbors” in a different way, using the data that was

7

Since results from the links regressions examined in the previous section indicated that households were
consistently more likely to know other households within their subvillage, it is possible that this more
narrow definition of neighbors will provide a better measure of social effects. However, it is also clear that
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collected on households’ specific linkages with other households in the sample. In this
case, means are computed for the subset of households that a village said it knew.
Finally, results from the links regressions were used to predict the probability that each
household would know each other household in the village based on their observed
characteristics ( wˆ i , j ). In column five of Table 12, these link probabilities were used to
generate weighted means of other households’ characteristics: (∑ wˆ i , j X j ) / ∑ wˆ i , j .
i≠ j

i≠ j

Examining the results of these different models, the first point to note is that all
four models with neighbors’ characteristics increase the log-(pseudo)likelihood relative
to the model in which these characteristics are excluded. Chi-squared statistics for the
joint significance of neighbors’ variables are highly significant no matter which
definition of neighbors is employed. It is unclear which definition of neighbors performs
the “best:” defining neighbors based on predicted social contacts results in the highest
log-pseudolikelihood, while means computed based on identified social contacts produce
the largest χ2 statistic. Leaving this question aside, the purpose of including neighbors’
means is to account for the effect of neighbors’ propensity to adopt nets on the own
household’s decision. Thus, the significance of neighbors’ variables across all four
neighbor definitions provides preliminary evidence for the importance of social effects in
the context of households’ net ownership choices.

households do interact with households outside of their subvillage, so that limiting the network in this way
may exclude a significant portion of households’ contacts.
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It is also worth examining the effects of including neighbors’ characteristics on
the signs and significance of own household coefficients. From Table 3-12, it is apparent
that these effects vary across the different models. Including means at the village level
has a dramatic effect on own effects, erasing the effect of house size, for example, and
actually changing the sign of the coefficients on village population and livestock. In
contrast, the other three definitions of “neighbors” leave own household coefficients
largely unchanged relative to the case in which neighbors’ effects are excluded. In these
models, medium and large houses are associated with a higher probability of net
ownership, as is ownership of livestock. The most robust effects across the different
models are that larger households (i.e., households with more members) are less likely to
own nets, while households with more children under five are more likely to own nets.82
The effect of religion also deserves special attention. With the exception of the
model that includes village-level means, results continue to suggest that Christian
households are less likely to own nets relative to their Muslim counterparts. In a model
without social effects (i.e., column one), there are at least two alternative explanations for
this finding. On the one hand, there may be something inherently different about
Christian households that makes them less likely to adopt this technology. On the other
hand, if Christians are more likely to interact with other Christians (as the social network
results reported in the previous section suggest they may be, at least in certain ways),

8

Regarding the latter finding, as discussed in section 3.4, attributing causality is difficult since it may be
that children who sleep under nets are more likely to survive.
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differences between religious groups may be the result of different within-group
equilibria. In terms of the models of social effects presented in Chapter One, the first
explanation emphasizes correlated unobservables, while the second has to do with
endogenous social effects.
The results presented here may help to distinguish between these two hypotheses.
In contrast to the model that excludes neighbors’ characteristics, the purpose of including
neighbors’ characteristics is to capture neighbors’ propensity to adopt nets. In other
words, these models attempt to capture the endogenous social effects, albeit in an
unstructured way. The fact that Christian households appear to be less likely to own nets
even once neighbors’ variables are included may suggest unobserved heterogeneity
between Christians and Muslims is at least partially responsible for lower rates of net
ownership within this group. However, more work is needed to adequately distinguish
between these two competing hypotheses.
Table 3-13 presents a similar set of analyses for another malaria-related behavior:
whether or not the household has used the newly available antimalarial drug, ALU. Once
again, inclusion of neighbors’ effects is highly significant across all four specifications.
Log-pseudolikelihoods are similar across the village, subvillage, and predicted link
definitions, while observed links appear to perform somewhat worse. Examining χ2
statistics, it appears that the pre-defined administrative units (village and subvillage) may
perform somewhat better than definitions based on more specific observations of network
patterns.
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Table 3‐13: Effect of Others’ Characteristics on Households’ Decisions (Unrestricted
Models): Use of Antimalarial Drug ALU
Probit model
Dependent variable: Household has used ALU
N=369
Explanatory variables:
Village population
# schools in village
Distance to health
facility
Electricity available
in village
Durables
Medium house
Large house
Land area
Livestock
Christian
Age of HH head
HH head education
Household size
# children under 5
Neighbors’
characteristics
included?
Log-pseudolikelihood
χ2 statistic for joint
significance of
neighbors’ means

-.00007
.063
-.030**

.0009
-.960
.376

-.0001*
.106***
-.013

-.00008
.056
-.037**

.0001
.047
.142

.149

-.321

.261*

.161

.091

.032
.103
.136
-.0003
-.002***
-.002
-.003**
-.077
.033**
.053
No

.082*
.518***
.512**
-.011
.008
-.057
.003*
-.101
.016
.127*
Yes: Means
at village
level

.040
.010
.169
-.001
-.004***
.014
-.004**
-.102*
.027**
.061
Yes: Means
at subvillage
level

-233.9
--

-217.7
324.7***

-215.6
209.1***

.018
.089
.110
.002
-.003***
-.009
-.003*
-.059
.032**
.048
Yes: Means
based on
observed
“know”
contacts
-228.5
53.23***

-.024
.130
.220
.0009
-.003
.044
-.005
-.161
.039
.084
Yes: Means
based on
predicted
“know”
contacts
-215.8
138.3***

Table reports marginal effects from probit regressions. Tribe dummies also included. Standard
errors clustered at village level.
*=significant at 10%; **=significant at 5%; ***=significant at 1%

Turning to the effects of individual household characteristics, fewer significant
coefficients are observed overall compared to the nets regressions. As in the case of net
ownership, defining neighbors at the village level results in the biggest changes in own
household coefficients relative to the case where these effects are excluded. For
example, while the other models suggest a negative relationship between ownership of
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livestock and use of ALU, the sign of this effect is reversed (although no longer
significant) when village means are included. Similarly, other models indicate that
households with older heads are less likely to have used this drug, while the model with
village means suggests a weakly positive relationship between age of household head and
ALU use.
Overall, these models suggest that including neighbors’ characteristics
significantly improves the explanatory power of models that attempt to explain these two
malaria prevention and treatment behaviors. Additional analyses attempt to quantify the
size of social effects by imposing the structural restrictions implied by Case’s (1992)
model of social effects, permitting estimation of the social effects parameter, φ . Table 314 presents results for ownership of mosquito nets. As discussed above, this procedure
relies on the assumption of a block diagonal social network matrix. Thus, the two models
presented in this table define neighbors at the village and subvillage level. Results from
the two models are quite similar, both confirming the results from the unrestricted models
and providing large, positive, and significant social effect coefficients. That is, these
models suggest that having neighbors (within the village or subvillage) that are more
likely to own nets significantly increases the probability that an individual household will
also own nets. In addition, unlike the model in which village means were allowed to
enter freely, adding the restriction on coefficients implied by Case’s (1992) model results
in own household coefficients that are very similar to the model in which neighbors’
effects are excluded (see column one of Table 3-12). Controlling for neighbors’
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characteristics, Christian households are once again found to have lower rates of net
ownership, although this effect is not statistically significant in the constrained model
using the subvillage.
Table 3‐14: Effect of Others’ Characteristics on Households’ Decisions (Restricted
Models): Ownership of Mosquito Nets
Linear probability model
Dependent variable: Household owns nets (observed)
N=397
Definition of neighbors:
Village
R2
0.86
Explanatory variables:
Village population
.0001***
# schools in village
-.006
Distance to health facility
.036**
Electricity available in village
-.107
Durables
.041*
Medium house
.235***
Large house
.217***
Land area
.002
Livestock
.001
Christian
-.093**
Age of HH head
-.0007
HH head education
-.030
Household size
-.021*
# children under 5
.096***
Effect of neighbors’
.704***
characteristics ( φ )

Subvillage
0.78
.0001***
-.004
.026**
-.106
.040*
.212***
.154***
.004
.0005
-.056
-.0006
-.012
-.011
.091***
.564***

Table reports marginal effects from probit regressions. Tribe dummies also included. Standard
errors clustered at village level.
*=significant at 10%; **=significant at 5%; ***=significant at 1%

Finally, Table 3-15 presents social effect estimates for households’ use of the
antimalarial drug ALU. Once again results suggests large, significant, and positive social
effects regardless of whether neighbors are defined at the village or subvillage level,
although the effect is somewhat smaller using the subvillage definition. This implies that
households surrounded by people that are more likely to have used ALU are more likely
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to have used the drug themselves. Interestingly, results again suggest few strong linkages
between own household characteristics and ALU use.
Table 3‐15: Effect of Others’ Characteristics on Households’ Decisions (Restricted
Models): Use of Antimalarial Drug ALU
Linear probability model
Dependent variable: Dependent variable: Household has used ALU
N=369
Definition of neighbors:
Village
Subvillage
R2
.524
.528
Explanatory variables:
Village population
-.0001
-.00001
# schools in village
-.041
.096**
Distance to health facility
.070
.004
Electricity available in village
.784
.125
Durables
.004
.107
Medium house
.322*
.055
Large house
.185
.102
Land area
-.001
-.003
Livestock
-.003
-.002*
Christian
.055
.009
Age of HH head
-.004
-.001
HH head education
-.057
-.058
Household size
.010
.023*
# children under 5
.066
.047
Effect of neighbors’
.951***
.655***
characteristics ( φ )

Table reports marginal effects from probit regressions. Tribe dummies also included. Standard
errors clustered at village level.
*=significant at 10%; **=significant at 5%; ***=significant at 1%

3.5.3 Discussion of Social Network Results
Data collected in this study provide a fairly rich analysis of the patterns of
interaction both within and across villages in the study area. One key finding is that the
assumption that households interact uniformly within villages, and have no contact with
households outside their village, is not supported by the data. Instead, certain factors
including tribe, religion, occupation, and wealth, influence patterns of social interaction
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within village. In addition, households do appear to know and interact with households
in other villages. It is also apparent that certain villages and certain households are more
“connected” than others.
Turning to the impact of social networks on behaviors, the results presented here
are generally suggestive of a strong role for social effects in influencing two key malariarelated behaviors: ownership of mosquito nets and use of antimalarial drugs. However,
several important questions remain. First, the methodology employed here does not
allow separate identification of different kinds of social effects. In particular, recall that
the researcher is generally interested in distinguishing between endogenous effects,
which indicate a causal relationship between others’ behavior and own behavior, and
correlated effects. Case’s model cannot rule out the possibility that observed social
effects are due to correlated unobservables. As she explains: “Correlation between
neighbors’ characteristics and a given household’s error is ruled out by assumption, as is
any direct effect of neighbors’ characteristics on a given [household’s] predisposition
toward adoption” (Case, 1992, p. 495). Thus, to the extent that correlated effects are
indeed present, the specific methods employed here will not be able to separate these
from other sources of social effects, such as learning or imitation.
Future work will explore methods aimed at distinguishing between various
hypotheses. For example, Conley & Udry (2005) develop a model of learning about
pineapple growing technologies in which farmers receive information signals based on
the experiences of their social networks. A similar approach may be possible in the case
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of the antimalarial drug ALU. Households that had used the drug were asked to provide
their assessment of its effectiveness relative to the previous first-line drug, SP. A
learning model would suggest that having more contacts that had used ALU and found it
to be more effective than SP might have a greater positive effect on a household’s own
decision to use this new drug, while negative experience among one’s peers could
decrease a household’s use probability.
The results presented here also suggest that different definitions of a households’
“neighbors” may affect the results of social interaction analyses. For example, in the
unrestricted model defining neighbors at the village level had a larger impact on the
estimated effects of own-household characteristics than alternative neighbor definitions.
Given computational difficulties that arise when social network matrices are not block
diagonal, analyses presented here were not able to compare social effect parameters
across models using predefined units (i.e., village and subvillage) and models using more
specifically defined links within villages. A priori, one may have more faith in estimates
that are based on observed patterns of interaction rather than rigidly defined assumptions.
On the other hand, since data on network structures are costly to gather, it may be
valuable to assess how much this additional information improves social effect estimates.
In other words, although the data collected here make it clear that the assumption of
“block diagonal” social network matrices is not an accurate depiction of reality, it is
unclear how much this assumption hurts the researcher’s ability to identify social effects.
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Future analyses will pursue a spatial econometric approach (see Anselin, 1988),
which may help to address many of the issues identified here. In particular, these
methods may be better equipped to handle non-block diagonal weighting matrices,
allowing a more flexible definition of a households’ neighbors. Moreover, these methods
may allow the researcher to incorporate both a social weighting matrix (based on stated
or predicted social contacts) as well as a spatial weighting matrix (based on physical
proximity). Different types of social interactions would be expected to operate within
these two types of networks. For example, epidemiological spillovers will operate across
physical neighborhoods, while learning would be more likely to occur within social
groups. Thus, including both types of networks may help to distinguish among different
kinds of social effects.
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4. Conclusions and Directions for Future Work
This dissertation has addressed household-level environmental health decision
making in the context of two separate environmental health challenges and two different
continents. Across both studies, household-level data on knowledge and behaviors, as
well as a wide range of covariates operating at individual, household, and regional scales,
were used to shed light on the processes underlying households’ environmental health
choices. In Orissa, a randomized community-level sanitation campaign was found to
have a substantial impact on latrine adoption and use over a relatively short time frame.
Examining reasons for this adoption, analyses suggest that a large portion of the
campaign’s impacts stemmed from its influence on social norms and social interactions.
In this context, combining a strong social mobilization approach with targeted subsidies
for poor households appeared to be an effective method for altering households’ costbenefit calculations and generating widespread behavior change. In Tanzania, a large
number of malaria-related knowledge, prevention, and treatment indicators were
examined. Data indicated a surprisingly high level of mosquito net ownership and use,
while also suggesting that malaria continues to be a leading public health concern in the
study area. Unique data on patterns of social interaction among survey respondents shed
some light on the role of factors such as religion and tribe in determining “reference
groups,” which may play a key role in determining households’ knowledge and
behaviors.
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Both of these studies helped to shed light on a range of different factors
influencing households’ sanitation and malaria control choices. As is often the case,
however, these studies also raised additional questions that were beyond the scope of the
analyses presented here. This chapter highlights some of the key lessons learned through
these two studies, identifies a range of issues and extensions that could be explored in
future work on these topics, and concludes with a call for additional economic studies
addressing sanitation, malaria control, and other environmental health problems in
developing countries.

4.1 Analyzing the Drivers of Sanitation and Malaria Control
Choices: Lessons Learned and Directions for Future Work
The primary contribution of the analyses presented here was to begin to explore
how economic theories and models can shed light on an important yet understudied set of
environmental health-related behaviors and choices in developing countries. The starting
point for these studies and the theoretical frameworks they employed was that households
base their decisions on perceived costs and benefits of alternative courses of action.
Furthermore, these models emphasized that the nature of the environmental health
problems and technologies addressed here implies that the costs and benefits to any
individual household will depend on that household’s own behavior as well as the
behavioral choices of other households in the community. This insight led to a focus on
the role of social networks and social interactions in influencing households’ behaviors
within each of the studies.
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There is a growing recognition that social networks may be a key factor
influencing a wide range of behaviors and outcomes, and methods for studying these
interactions are evolving. The two studies presented here offer some unique insights into
the challenges and opportunities involved in studying these interactions in the context of
environmental health choices in developing countries. One key question these studies
may ultimately help address involves the optimal investment in data collection on the
structure of social networks. In the Orissa study, data collection primarily targeted a
wide range of health and behavioral indicators, as well as household- and individual-level
covariates, with little explicit attention given to patterns of interaction among households
within the sample. Consequently, analyses of social interactions tended to rely on the
assumption that households interacted uniformly within a pre-defined administrative unit
(the village). In contrast, a substantial portion of the data collection in Mvomero,
Tanzania, was devoted to social networks. These data provided insight into patterns of
interaction both within and across villages, and subsequent analyses will continue to use
this information to assess the role of networks in determining malaria-related behaviors.
Comparing these two studies, a few insights are possible. First, the Tanzania
experience highlights the fact that gathering data on social networks is a fairly costly and
time-consuming process. A significant portion of the survey design process in the field
was devoted to gathering lists of households from each village, randomly selecting
households from these lists to include in the sample, and then randomly selecting and
manually entering into each survey a list of seven other households from the village so
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that interviewers could ask about interactions between sampled households. As an
alternative to the methods employed in this study, which required a pre-defined sample
frame, one could have employed a snowball sampling technique to collect data on
network structures and patterns of behavior within self-defined groups. However,
because this method would result in a non-probability sample, many of the other analyses
performed here would have been compromised. Thus, in order to maintain the statistical
validity of the sampling methodology as well as providing information on networks, a
complicated and time-consuming set of procedures was required.
Furthermore, given the ongoing nature of the Tanzania analyses, it is unclear at
this point how much was gained by the added investment in knowledge about network
structures in this context. On the one hand, data on social networks permitted an array of
analyses looking at patterns of interaction within and across villages. These analyses
confirmed the perhaps obvious conclusion that households do not interact uniformly
within villages or other pre-defined administrative units. Rather, factors such as physical
proximity, tribe and religion, and socioeconomics play important roles in influencing
whom households know and interact with. This information may be of interest in its own
right, and may also help policymakers to target social policies more effectively.
On the other hand, one objective in collecting additional data on social networks
was to permit more refined analysis of the impact of social networks on behavioral
outcomes. Subsequent analyses will allow comparisons between estimated social effects
that rely on typical assumptions of uniform interactions, and estimates obtained using
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data on specific patterns of interaction. If differences between these estimates are large,
the additional time required to collect data on network structures may be justified.
However, if these differences are small, resources may be better spent collecting data on
additional behaviors, for example, or across a larger sample of households. In either
case, however, data from the Tanzania study will help to address an important set of
questions not only about specific behaviors, but also about how to study social
interactions in the context of these household-level choices.
In addition to these questions about social interactions, several additional issues
could also be explored in the context of the two studies presented here. A first issue is
that the processes of behavioral change and technology diffusion are inherently dynamic,
while the analyses performed here were somewhat limited in temporal scope. This issue
is particularly apparent in the Tanzania study, for which analyses are based on a single
cross-section of data. The ability to draw inferences about the role of various factors,
particularly patterns of social interaction, in determining household’s adoption of
different malaria control strategies is limited given that behaviors are only observed at a
single point in time. The availability of a two-year panel of data in Orissa improves
matters somewhat. This structure allows robust difference-in-difference estimates of the
effects of one particular intervention on sanitation behaviors and health outcomes.
Nonetheless, several questions remain. Analyses of the role of social effects in
determining households’ latrine adoption decisions are based on the assumption that
systems have been observed in equilibrium. However, that assumption is questionable in
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the second year of the study given the short follow-up period between the conclusion of
the sanitation campaign and the “endline” data collection, and given subsequent reports
that latrine use has continued to increase in the villages exposed to the campaign. Thus,
in both studies, collecting additional data over a longer time horizon may help to generate
a more accurate picture of the dynamic process of behavior change.
A related second point is that, at the individual level, the outcomes influencing
households’ environmental health decisions are typically both dynamic and stochastic. In
other words, households’ choices about using a latrine or a mosquito net will likely be
influenced by their assessment of the probability that these behaviors will prevent
illnesses over some time horizon, in addition to other non-health benefits and costs (some
of which will also be stochastic). The modeling approaches employed here essentially
collapse this problem down into a single time period, so that the “benefits” and “costs”
households consider should more accurately be described as the net present values of
future streams of expected costs and benefits. However, by collapsing the models down
in this way much of the ability to assess the role of key factors such as time and risk
preferences is lost. Modeling approaches that dealt more explicitly with the dynamic
and/or stochastic elements of these problems could help to elucidate the role of these
factors.
A third important extension involves the fact that both studies included in this
dissertation focused on household decision making in the context of a single health risk
(i.e., diarrhea in Orissa, malaria in Tanzania). Of course, in reality households face a
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number of health risks simultaneously. For example, malaria is also endemic in the
region of Orissa where the sanitation study took place. Similarly, taking the case of
Tanzania, malaria is but one of many health and other threats that households must
confront. Other important health problems include HIV/AIDS, which affects about
1,400,000 individuals in Tanzania, or about 6.5% of the country’s population between the
ages of 15 and 49 (UNAIDS, 2006). Largely as a result of the HIV/AIDS epidemic,
tuberculosis is another growing concern in Tanzania, with an estimated 130,606 new
cases in 2004 (USAID, 2006). In 2003, only 68% of Tanzania’s population had access to
safe drinking water (UNFPA, 2003), contributing to other health problems such as
diarrheal disease (USAID, 2005). Furthermore, almost 30% of Tanzanian children are
malnourished (WB, 2006). These health problems have a heavy toll on the population.
Under five mortality remained high at 112 per 1000 in 2005 (USAID, 2005), and life
expectancy at birth was only 46 years in 2004 (WB, 2006). Closely tied to these health
threats are persistent economic hardships. Tanzania’s per capita GNI was $340 in 2005,
and close to 60% of the population lives on less than $2 per day (WB, 2006). Thus,
while malaria is certainly one risk facing households in Tanzania, it is not households’
only concern. The decision to adopt particular measures for malaria control occurs
alongside decisions about how to deal with multiple other risks, and malaria control must
be understood as part of a household’s portfolio of self-protective behaviors. Rather than
addressing malaria control in isolation, analyses that addressed the role of these
competing or “background” risks may provide more insight into why households engage
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in certain behaviors. One interesting question is whether different averting behaviors will
tend to be substitutes or complements. That is, will a household who does more to
protect itself from malaria consequently do more or less to avoid other diseases?
Table 4‐1: Comparison of Other Health‐Related Behaviors Among Households With
and Without Latrines in 2005 and 2006
Difference
Households
Households with
without latrines
latrines
2005: N=974
2005: N=112
2006: N=812
2006: N=238
2005
2.49
4.29
1.80***
Number of mosquito
nets owned
2006
2.77
3.61
0.97***
2005
6.19
7.39
1.20***
Number of times
mother washes hands 2006
8.57
8.61
.031
2005
2.45
2.38
0.07
Number of times
child washes hands
2006
2.58
2.49
0.98
2005
26.8%
9.44%
17.3%***
Household treats
drinking water
2006
17.2%
11.2%
6.0%**
* = significant at 10% level, **= significant at 5% level, ***= significant at <1% level

Table 4‐2: Pairwise Correlations Between Various Health‐Related Activities in Orissa

Mosquito nets
(2005)
Mother handwash
(2005)
Water treatment
(2005)
Latrines
(2005)
Latrines
(2006)

Mosquito nets
(2005)
1.00

Mother handwash
(2005)

Water treatment
(2005)

Latrines
(2005)

0.087***

1.00

0.092***

0.165***

1.00

0.307***

0.165***

0.167***

1.00

0.228***

0.121***

0.051*

0.486***

Latrines
(2006)

1.00

* = significant at 10% level, **= significant at 5% level, ***= significant at <1% level

As an initial exploration of these issues, data from Orissa and Tanzania can be
used to explore correlations among various health-related behaviors. Tables 4-1 and 4-2
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examine relationships between latrine ownership and other health-related behaviors
(ownership of mosquito nets, handwashing, and water treatment) in Orissa, while Table
4-3 presents correlations between various malaria prevention and treatment indicators in
Tanzania. In Orissa, there do appear to be consistently positive and significant
correlations between ownership of latrines and other health-related behaviors. Table 4-1
shows that, prior to the campaign, households with latrines also owned a greater number
of mosquito nets and were more likely to treat their drinking water. Women (mothers) in
these households also washed their hands more frequently. These relationships tend to
hold up after the campaign, although they are somewhat weaker. Table 4-2 looks at a
slightly different set of relationships, analyzing the correlation between various health
behaviors in 2005 and ownership of latrines in 2005 and 2006. Results confirm positive
and statistically significant relationships: households that owned more nets, practiced
more handwashing, and treated drinking water in 2005 were more likely to own latrines
before the campaign as well as after the campaign. These results suggest a
complementary relationship among different health-related behaviors. For the indicators
examined here, households that engaged in one averting behavior were also more likely
to take other actions to reduce their exposure to disease.
Results from Tanzania are less conclusive, but also suggest a few interesting
relationships among different health-related behaviors. A set of pairwise correlations for
net ownership, net retreatment, draining water, malaria diagnosis using a blood test, and
use of the antimalarial drug ALU reveal few significant relationships (Table 4-3). The
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exceptions are positive and significant, although somewhat weak, correlations between
blood diagnosis of malaria, on the one hand, and both net ownership and net retreatment.
That is, households that tended to take individuals to health facilities to have their malaria
cases diagnosed using a blood test also tended to own more nets and be more likely to
retreat their nets with insecticides.
Table 4‐3: Pairwise Correlations Between Various Malaria Prevention and Treatment
Indicators in Tanzania
Nets per capita
Nets per capita
Proportion of nets
treated (6 mos)
Household drains
water
Malaria blood
diagnosis
Use of ALU

Proportion of nets
treated (6 mos)

Household
drains water

Malaria blood
diagnosis

1.00
.0184

1.00

.0411

.0222

1.00

.1611***

.1602***

.0067

1.00

-.0707

-.0167

.0302

.0040

Use of
ALU

1.00

* = significant at 10% level, **= significant at 5% level, ***= significant at <1% level

Taken together, these simple analyses suggest that there may be important
interactions among different kinds of health-related behaviors at the household level.
Future analyses will explore these relationships in more detail.

4.2 Sanitation and Malaria as Environmental, Health, and
Development Problems
The preceding discussion highlights the fact that, rather than offering the final
word on the subjects of households’ sanitation and malaria control choices, this
dissertation may simply provide a starting point for future extension and discussion.
However, given the lack of attention that these subjects have received from economists to
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date, even a meager starting point may be a valuable contribution. Collectively, diarrheal
diseases and malaria account for almost 30% of the 10.6 million child deaths that occur
globally each year (Bryce et al., 2005), yet the number of microeconomic studies
addressing the behavioral drivers of these health outcomes is surprisingly low. There are
a number of factors that may explain the tendency of economists to overlook these
problems. For example, both sanitation and malaria control involve seemingly mundane,
everyday activities (using a latrine, sleeping under a mosquito net) that occur largely
outside the realm of formal markets. Another issue is that, while these problems are
closely tied to environmental conditions, health outcomes, and development processes,
both sanitation and malaria have seemingly fallen through the cracks separating subfields of economics that address each of these three topics. In other words, like a
prototypical open access resource, sanitation and malaria are simultaneously everyone’s
concern and no one’s concern. Thus, one goal of this dissertation is to argue that
environmental economists, health economists, and development economists should be
competing over the intellectual turf represented by these topics, rather than leaving these
fields to rot.
Sanitation and malaria control are perhaps most easily identified as health and/or
development issues. However, as should be clear from the discussions throughout this
dissertation, the fields of environmental and natural resource economics can also lay a
strong claim to studies of both sanitation and malaria control, despite the fact that neither
of these topics is typically covered in environmental economics textbooks or courses.
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There are two main characteristics of these problems that should make them particularly
interesting to environmental economists. The first is the more obvious point that
sanitation and malaria are both closely tied to the physical environment. Inadequate
sanitation infrastructure and the ongoing practice of open defecation represent a major
non-point source of environmental contaminants, leading to poor water quality and a
suite of impacts on natural systems as well as human health. Similarly, environmental
conditions and the vector populations they support are essential determinants of malaria
outcomes. A related second point that has been repeated several times throughout this
dissertation is that both sanitation and malaria involve pervasive externalities, which
environmental and natural resource economists are well trained to study. Thus, for
example, dynamic resource economic models that have been used to analyze the stock
and harvest of resources like fish and forests under different management regimes could
be adapted to questions concerning optimal management of mosquito vector populations
and malaria cases over time. Indeed, models of this kind have been developed to
examine the problem of antibiotic and antimalarial drug resistance (Laxminarayan, 2003,
2004; Laxminarayan & Brown, 2001; Laxminarayan & Weitzman, 2002), and ongoing
work by the author of this dissertation and co-authors is developing a similar model to
analyze insecticide resistance among mosquito vectors and its implications for vector
control strategies (Brown et al., 2008).
This is just one example of the ways in which the tools and methods familiar to
environmental and natural resource economists can be applied to a new set of problems,
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expanding the definition of “environmental” issues. While the set of problems that has
typically been addressed in this field applies well to developed countries (e.g., evaluating
alternative price versus quantity instruments to manage industrial pollution; using wage
and price data to infer values of environmental attributes), a different set of problems,
including sanitation and malaria, are among the most pressing environmental issues in
developing countries. Rather than dismissing these issues as belonging to different subfields (development, health), environmental economists should embrace the challenge of
developing rigorous economic approaches to better understand how these problems
persist and to inform more effective policies to improve the lives of millions worldwide.
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Appendix A: Modeling Sanitation as a Continuous
Variable
An alternative to modeling the sanitation decision as a discrete choice (i.e., build a
latrine or not) is to see sanitation as a continuum of choices representing “very dirty” to
“very clean” practices. On one end of the spectrum, one might observe households that
practice open defecation in areas close to their homes without taking any “mitigating”
activities (e.g., burying feces). At the other extreme would be households that have highquality septic latrines that are used consistently by all family members. In this appendix
a method for generating a continuous sanitation index is described, along with the results
of several analyses using this index instead of the binary latrine outcome variable.
Generating the Continuous Sanitation Index
To operationalize this continuous measure of sanitation, a sanitation index was
generated for each household in the sample for each survey year (2005 and 2006). The
index created a score that ranged (in theory) from -1 (dirtiest) to 1 (cleanest) based on
measured sanitation practices. Households that did not own a latrine received negative
scores, while households that did own latrines had positive sanitation scores. In addition,
the degree of “dirtiness” or “cleanliness” was adjusted based on a number of variables.
For households without latrines, factors that were considered included distance
walked to the open defecation site, and whether or not respondents reported doing
anything with the feces after defecation. For the distance measure, a range of distances
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walked was calculated for each group (men, women, and children) within each village.
E.g.:
Men’s distance range=Maximum distance walked for men – Minimum distance walked for men

Within each household, the distance walked by each group was then compared to the
village mean. For example:
Men’s distance score=(Men’s distance walked in household – Minimum distance walked for men in
village)/Men’s distance range for village

The household’s “distance score” was then calculated as:
Percent of men in household*Men’s distance score + Percent of women in household*Women’s distance
score + Percent of children in household*Children’s distance score

In addition, respondents were asked whether or not household members did anything
with feces, including pouring water over the feces to wash them away, covering them
with soil, or burying them. In the absence of data on the relative effectiveness of these
alternative practices in reducing the impact of open defecation on environmental quality,
all three of these methods were considered to have an equal mitigating effect. Based on
these measures, the sanitation score for households without latrines was calculated as:
San_scorei= (-1+0.5*Household distance score)*(0.5*Do anything with feces)

For households with latrines, factors considered included the type of latrine and
reported use frequency among different household members. There are three general
types of latrines in the study area: on-pit latrines, off-pit latrines, and latrines with septic
tanks. On-pit latrines are generally the lowest quality, since flies still have access to the
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fecal matter, while off-pit latrines are somewhat higher quality and septic latrines are
considered the cleanest. For use of latrines, respondents were asked how often the men,
women, and children in the household used the latrine during the day and at night. A use
score was generated recording the percentage of men, women, and children in the
household that reportedly always use the latrine:
Household use score=Percent of men in household*Men always use latrine + Percent of women in
household*Women always use latrine + Percent of children in household*Children always use latrine

Given these factors, the sanitation score for households with latrines was given
by:
San_scorei= (0.3*On pit + 0.6*Off pit + 1*Septic)*Household use score

Results
Analyses that were rerun using the sanitation index as the outcome variable show
few major qualitative differences compared to those analyses based on the binary
measure based solely on latrine ownership. Table A-1 shows a comparison of means for
2005 and 2006 in treatment and control villages. A few points are worth noting. First,
the average sanitation index is negative in both treatment and control villages in both
2005 and 2006. This reflects the fact that even after the campaign, the majority of
households still do not have latrines. Second, the sanitation index preserves the finding
that sanitation conditions were initially worse in treatment villages relative to controls.
Following the campaign, substantial improvements are observed in the treatment group,
with little change among the controls. A simple difference-in-difference measure
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indicates that the sanitation campaign led to a 0.322 point improvement in the sanitation
index among households exposed to this intervention. In addition, social interactions
analyses that were rerun using the continuous sanitation variable showed large and
statistically significant effects of others’ improvement on the own household’s sanitation
score (results not shown).
Table A‐1: Comparison of Means for Continuous Sanitation Variable

2005
Sanitation score
2006
Change in sanitation score

Overall

Treatment

Control

T-C

-0.728
(0.012)
-0.550
(0.018)
0.172
(0.032)

-0.755
(0.015)
-0.417
(0.028)
0.332
(0.029)

-0.701
(0.019)
-0.683
(0.020)
0.011
(0.014)

-0.054**
(0.024)
0.266***
(0.034)
0.322***
(0.032)

Standard errors are in parentheses
* = significant at 10% level, **= significant at 5% level, ***= significant at <1% level

To look more closely at how the sanitation score changed following the sanitation
campaign, Figure A-1 shows the distribution of households’ sanitation scores in treatment
and control villages in 2005 and 2006. These results confirm the finding that while little
change in sanitation conditions occurred in the control villages, substantial shifts did
occur in the treatment villages between 2005 and 2006. However, it is interesting to note
that even within treatment villages in 2006, a very small proportion of households are
“very clean.” Instead, there appears to be a fairly large reduction in “very dirty”
households (sanitation index <-0.7), and an increase in “moderately clean” households
(sanitation index between 0 and 0.5). This may reflect the fact that households tended to
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build on-pit or off-pit latrines following the campaign, rather than high-quality septic
latrines, along with the fact that latrines that were built are not yet being used consistently
by all family members.
Changes in sanitation scores for households above and below the poverty line can
also be compared. Figure A-2 shows the distribution of these scores among BPL and
APL households in treatment villages only in 2005 and 2006. The main finding here is
that pre- and post-intervention patterns are very similar across BPL and APL households.
Before the intervention, BPL households do appear to have somewhat lower sanitation
scores. In particular, there are no BPL households with scores above about 0.3 in 2005,
while a handful of APL households do appear at the “cleaner” end of the spectrum.
However, in 2006 sanitation conditions appear very similar across the two groups. The
percentage of households in the “dirtiest” categories are decreased from their 2005 levels,
although there are still a large number of households in these categories. Meanwhile,
there is an increase in the percentage of households that are somewhat or moderately
clean, with only a small number of households reaching the cleanest conditions. The lack
of a clear difference in sanitation scores between the APL and BPL groups provides
further evidence that direct subsidies were not entirely responsible for the improvements
in sanitation conditions observed in treatment villages following the campaign.
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Figure A‐1: Distribution of Sanitation Scores in Treatment and Control Villages, 2005‐2006
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Figure A‐2: Distribution of Sanitation Scores for Households Above and Below the Poverty Line in 2005 and 2006
(Treatment Villages Only)

Appendix B: Tanzania Household Survey Instrument
Understanding Households’ Knowledge, Concerns, and
Behaviours Related to Malaria and Other Problems
Household Survey – Mvomero District – June 2007
Introduction
My name is ……………….., and I am working for Duke University (USA) and the
National Institute for Medical Research (Tanzania). We are interested in
understanding households’ knowledge, concerns, and behaviours related to malaria
and other problems. We do not plan to talk to all residents in this area, but have
selected several to ask to represent views of all residents in this area. You are one of
those selected to give your views, if you are willing, for our research. The answers we
get from you and several others will be analyzed to get the general residents’
knowledge and opinions concerning the main problems households face and what can
be done to address these. This survey will take approximately one hour to complete.
If you decide to participate in our study, we will need to connect your name to the
information you give us, but only for a short time—while we are gathering
information from many households. After that, we will save the information and
report what we learn using numbers, not names. Only we, the researchers, will ever
see the surveys with people’s names. If you choose not to participate in this study,
that is fine too. If you participate, you are free to skip any questions you do not wish
to answer or to stop any time.

Do you wish to participate?

Yes

No

If “Yes,” proceed with survey. If “No,” thank the respondent and go on to the next
household.
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QUESTIONS

Questionnaire number_______________________
Date ____________________________________
Name of interviewer _______________________
Name of the village ________________________
Name of ward_____________________________
Time start:________ Time finish_________
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I. Demographics
1. For each member of the household, record the following:
List of
members

1a.
Name

1b.
Age (in
years)

1c. Sex
(1) Male
(2) Female

1d. Relation to head of
HH
(1) Head
(2) Wife
(3) Child
(4) Brother/ sister
(5) Parent
[ 95 ]Other

1e. Marital Status
(1) Married
(2) Single
(3) Cohabitati
ng
(4) Separated
(5) Divorced
(6) Widowed

206
1*
2
3
4
5
6
7
8
9
10

* Respondent

1
1
1
1
1
1
1
1
1
1

2
2
2
2
2
2
2
2
2
2

1
1
1
1
1
1
1
1
1
1

2
2
2
2
2
2
2
2
2
2

3
3
3
3
3
3
3
3
3
3

4
4
4
4
4
4
4
4
4
4

5
5
5
5
5
5
5
5
5
5

95
95
95
95
95
95
95
95
95
95

1
1
1
1
1
1
1
1
1
1

2
2
2
2
2
2
2
2
2
2

3
3
3
3
3
3
3
3
3
3

4
4
4
4
4
4
4
4
4
4

5
5
5
5
5
5
5
5
5
5

6
6
6
6
6
6
6
6
6
6

1f. Highest level of
education attained
(1) Not gone to
school at all
(2) Universal
Adult Education
(3) Primary
School
(4) Secondary
School
(5) Postsecondary/vocati
onal
(6) University
(-9) Don’t know

1
1
1
1
1
1
1
1
1
1

2
2
2
2
2
2
2
2
2
2

3
3
3
3
3
3
3
3
3
3

4
4
4
4
4
4
4
4
4
4

5
5
5
5
5
5
5
5
5
5

6
6
6
6
6
6
6
6
6
6

-9
-9
-9
-9
-9
-9
-9
-9
-9
-9

1g. Main
Occupation
[ 1 ] Crop farming
[ 2 ] Pastoralist
[ 3 ] Mixed
farming
(crop+livestock)
[ 4 ] Business
[ 5 ] Employee
[ 6 ] Other personal
jobs/self employed
[ 7 ] Traditional
healer
[ 8 ] Student
[ 9 ] Housewife
[ 10 ] Unemployed
[ 11 ] Not
Applicable

2. Religion?
[ 1 ] Christian
[ 2 ] Muslim
[ 3 ] No religion/pagan
[95] Other ____________________
3. What tribe does this household belong to? _________________

207

II. Risk Perceptions and Knowledge
4. What are the main economic, social and environmental risks/worries/problems
that you face? (Do not read answers, circle all that apply)
[ 1 ] Lack of employment
[ 2 ] Lack of food
[ 3 ] Flood
[ 4 ] Drought
[ 5 ] Witchcraft
[ 6 ] Health problems
[ 7 ] Agricultural tools
[ 8 ] Harmful animals
[ 9 ] Lack of clean water
[ 95 ] Other __________________
5. What are the main health worries/risks/problems that you face? (Do not read
answers, circle all that apply)
[ 1 ] Malaria
[ 2 ] HIV/AIDS
[ 3 ] Malnutrition
[ 4 ] Diarrhea
[ 5 ] Unsafe water
[ 6 ] Environmental pollution
[ 7 ] Worms
[ 8 ] Schistosomiasis
[ 9 ] Lack of latrines
[ 10 ] High blood pressure
[ 11 ] TB
[ 12 ] Lymphatic filiariasis
[ 95 ] Other _________________
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6. For each risk identified in questions 2 and 3, indicate the following: (Only ask for issues mentioned in Q4 and Q5, read
answers, circle only one response)
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SN

6a. Circle
risks
mentioned
in Q2 or
Q3

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20

1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1

Risk type

Lack of employment
Not enough food
Flood
Drought
Witchcraft
Malaria
Agricultural tools
Harmful animals
Lack of clean water
Malaria
HIV/AIDS
Malnutrition
Diarrhea
Poor sanitation
Worms
Schistosomiasis
Lack of latrines
High blood pressure
TB
Lymphatic filiariasis

6b. In your opinion, how likely is it that your
family will face this problem in the next
year?
(1) Definitely will not happen
(2) There is a small chance that this will
happen
(3) This could happen
(4) There is a good chance that this will
happen
(5) Our family will definitely face this
problem
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5

6c. How big of a
problem would it be if
your family experienced
this problem?
(1) Very minor
inconvenience
(2) Small problem
(3) Moderate
problem
(4) Big problem
(5) Devastating
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5

6d. Overall, how
concerned are you about
this problem?
(1) Not at all
concerned
(2) Somewhat
concerned
(3) Moderately
concerned
(4) Very concerned
(5) Most concerned
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5

III. Malaria Perceptions and Knowledge
A. MALARIA KNOWLEDGE
7. What do you think causes malaria? (Do not read answers, circle all that apply)
[ 1 ] Mosquitoes
[ 2 ] Bad water
[ 3 ] Evil Spirits
[ 4 ] Playing in the rain
[ 5 ] Flea/Tick bite
[ 6 ] Unclean environment
[95] Other __________________
[ -9 ] Don’t know

8. Are mosquitoes present in your household or community?
[ 1 ] Yes
[ 2 ] No (Go to Q14)
[ -9 ] Don’t know
If yes, continue to sub-questions:
9. What factors do you think affect the mosquitoes in your community and around your
home? (Do not read answers, circle all that apply)
[ 1 ] Amount of rainfall
[ 2 ] Amount of stagnant water
[ 3 ] Farming methods
[ 4 ] Cleanliness of village or household surroundings/dirty environment
[ 5 ] Temperature
[ 95 ] Other __________________
[-9 ] I don’t know
10. How does increased rain during the wet season affect mosquito populations? (Do not
read answers, circle only one)
[ 1 ] It increases their population due to more stagnant water
[ 2 ] It increases their population due to more vegetation
[ 3 ] It increases their population due to warmer temperatures
[ 4 ] It does not affect their population
[ 5 ] It decreases their population
[ 95 ] Other _________________________________________
[ -9 ] I don’t know
11. Does reducing the population of mosquitoes help to reduce malaria?
[ 1 ] Yes
[ 2 ] No
[ -9 ] I don’t know
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12. What can be done to reduce the number of mosquitoes in your community?
(Do not read answers, circle all that apply)
[ 1 ] Drain stagnant water around the home
[ 2 ] Drain rice fields
[ 3 ] Clearing grass and bushes around the home
[ 4 ] Use bed nets
[ 5 ] Spray insecticides inside home
[ 6 ] Spray insecticides outside home
[ 7 ] Use larvicides
[ 8 ] Clean the environment around the home
[95] Other ____________________________
[ -9 ] I don’t know
13. Where can mosquito larvae be found? (Do not read answers, circle all that apply)
[ 1 ] In stagnant water/irrigation ditches
[ 2 ] Irrigation canals
[ 3 ] In farmland/near cattle
[ 4 ] In the forest
[ 5 ] In the house
[ 6 ] In vegetation around the house
[ 95 ] Other ________________
[ -9 ] I don’t know
14. Does reducing the mosquito larvae help to reduce malaria?
[ 1 ] Yes
[ 2 ] No
[ -9 ] I don’t know
15. What can be done to reduce the mosquito larvae in your community?
(Do not read answers, circle all that apply)
[ 1 ] Clear vegetation around your house
[ 2 ] Drain stagnant water
[ 3 ] Drain rice fields
[ 4 ] Spray insecticides
[ 5 ] Use commercial larvicides
[ 6 ] Use traditional plants
[95] Other _________________
[ -9 ] I don’t know
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B. MALARIA PREVENTION
16. What can people do to protect themselves from malaria?
SN Method

1
2
3

212

4
5
6
7
8
9
10
11

Use a mosquito net
Use mosquito
insecticide coils
Spray insecticides
inside or outside home
Burn local
plants/herbs
Drain stagnant water
Clear grass and bushes
around the home
Burn animal dung
Take antimalarials
intermittently
Clean residential
surroundings
To filter/treat drinking
water
Other _____

16a.
[ 1 ] Yes
(Do not
read
answers,
circle all
that
apply)

16b. Do
you do
this?
[ 1 ] Yes
[ 2 ] No
(Skip to
next
method)

16c. How often do you do this?
(Read answers, circle only one)
[ 1 ] Daily
[ 2 ] At least once per week
[ 3 ] At least once per month
[ 4 ] At least once every 3 months
[ 5 ] At least once every 6 months
[ 6 ] At least once per year
[ 7 ] Less than one time per year

16d. How much time
and/or money does it cost
each time you do
[METHOD]?
(Enter -9 for “I don’t
know”)
Money
Time

16e. Which of
these methods
do you think is
most effective
at preventing
malaria?
(Read answers
listed in 16a,
circle only one)
1
1

1
1

1 2
1 2

1 2 3 4 5 6 7

TSh_______

1

1 2

1 2 3 4 5 6 7

TSh_______ ______min

1

1

1 2

1 2 3 4 5 6 7

______min

1

1
1

1 2
1 2

1 2 3 4 5 6 7
1 2 3 4 5 6 7

______min
______min

1
1

1
1

1 2
1 2

1 2 3 4 5 6 7
1 2 3 4 5 6 7

______min

1

1

1 2

1 2 3 4 5 6 7

______min

1

1

1 2

1 2 3 4 5 6 7

TSh_______ ______min

1

1

1 2

1 2 3 4 5 6 7

TSh_______ ______min

1

TSh_______

17. Do you have mosquito nets in this household?
[ 1 ] Yes (Go to Q19)
[ 2 ] No (Go to Q18)
18. How much would it cost your household to buy a mosquito net?
Tsh._________________ (Go to Q24)
19. Who in your household uses a mosquito net? (Do not read answers, circle all that
apply)
[ 1 ] Children under 5
[ 2 ] Pregnant women
[ 3 ] Children and women
[ 4 ] Men
[ 5 ] Everyone
[ 6 ] No one (Go to Q24)
[ -9 ] Don’t know
20. How frequently do you (your family) sleep under these nets? (Read answers, circle
only one)
[ 1 ] Throughout the year
[ 2 ] Rainy season
[ 3 ] Dry season
[ -9 ] I don’t know (Go to Q24)
21. Please complete the table below.
Fill in names from part 1
Name

1*
2
3
4
5
6
7
8
9
10
*Respondent

21a. Slept under mosquito
net last night?
[ 1 ] Yes
[ 2 ] No
[ -9 ] Don’t know/not sure
1 2 -9
1 2 -9
1 2 -9
1 2 -9
1 2 -9
1 2 -9
1 2 -9
1 2 -9
1 2 -9
1 2 -9

22. Could I please see your mosquito net(s)?
[ 1 ] Yes
[ 2 ] No (Go to Q24)
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23. For each net, record the following:
Net
23a. Is the 23b. What is
the
net
condition of
hanging
the net?
over a
bet/mat?
(Observe,
[ 1 ] Yes
don’t ask)
[ 2 ] No
[ 1 ] Intact
[ 2 ] With
small holes
[ 3 ] Large
holes/torn
Net 1
1 2
1 2 3
Net 2
1 2
1 2 3
Net 3
1 2
1 2 3
Net 4
1 2
1 2 3
Net 5
1 2
1 2 3
Net 6
1 2
1 2 3
Net 7
1 2
1 2 3
Net 8
1 2
1 2 3
Net 9
1 2
1 2 3

23c. How
much did
this net
cost?

23d. Was it
subsidized
under a
certain
project?
[ 1 ] Yes
[ 2 ] No
[-9 ] Don’t
know
1
1
1
1
1
1
1
1
1

2
2
2
2
2
2
2
2
2

-9
-9
-9
-9
-9
-9
-9
-9
-9

23e. Is this a
permanent/longlasting
insecticide
treated net?
[ 1 ] Yes (Go to
next net)
[ 2 ] No
[-9 ] I don’t
know
1
1
1
1
1
1
1
1
1

2
2
2
2
2
2
2
2
2

-9
-9
-9
-9
-9
-9
-9
-9
-9

23e. Was this
net ever
treated with
insecticide?
[ 1 ] Yes
[ 2 ] No (Go
to next net)
[-9 ] Don’t
know
1
1
1
1
1
1
1
1
1

2
2
2
2
2
2
2
2
2

-9
-9
-9
-9
-9
-9
-9
-9
-9

23f. Was the
net retreated in
the past six
months?
[ 1 ] Yes
[ 2 ] No
[-9 ] Don’t
know
1
1
1
1
1
1
1
1
1

2
2
2
2
2
2
2
2
2

-9
-9
-9
-9
-9
-9
-9
-9
-9

23g. How
much did
it cost to
retreat the
net?

C. MALARIA ILLNESS AND TREATMENT
24. What are the symptoms/signs of malaria? (Don’t read answers, circle all that
apply)
[ 1 ] Fever
[ 2 ] Headache
[ 3 ] Joint pains
[ 4 ] Convulsions
[ 5 ] Nausea/vomiting
[ 6 ] Anaemia
[ 7 ] Diarrhea
[95] Others______________
[ -9] Don’t know

25. In this village, when do most people get sick from malaria? (Read answers, circle
only one)
[ 1 ] Rainy season
[ 2 ] Dry season
[ 3 ] Throughout the year
[ -9 ] Don’t know
26. Which age group is most affected by malaria in this community? (Read answers,
circle only one)
[ 1 ] 0-5 years
[ 2 ] 6-10 years
[ 3 ] 11-15 years
[ 4 ] 16-30 years
[ 5 ] 31-45 years
[ 6 ] 46-60 years
[ 7 ] Over 60 years
[ 8 ] All groups are equally affected
[-9 ] I don’t know
27. If you compare pregnant women with women who are not pregnant, who suffers
from malaria more? (Read answers, circle only one)
[ 1 ] Pregnant women
[ 2 ] Women who are not pregnant
[ 3 ] There is no difference
[-9 ] I don’t know
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28. Apart from pregnant women, which group suffers from malaria more? (Read
answers, circle only one)
[ 1 ] Women who are NOT pregnant
[ 2 ] Men
[ 3 ] There is no difference
[-9 ] I don’t know
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Fill in names from part 1
29. Malaria history
Name
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1*
2
3
4
5
6
7
8
9
10
*Respondent

29a. Did this person
suffer from malaria in
the past 3 months?
[ 1 ] Yes
[ 2 ] No (Go to next
person)
[-9] Don’t know (Go to
next person)

1
1
1
1
1
1
1
1
1
1

2
2
2
2
2
2
2
2
2
2

-9
-9
-9
-9
-9
-9
-9
-9
-9
-9

29b. How did you know it was
malaria? (Do not read
answers, circle one for each
family member)
[ 1 ] Went to the health facility
and took blood samples
[ 2 ] Diagnosed by health
worker at the health facility,
no blood sample
[ 3 ] Diagnosed by traditional
healer
[ 4 ] Friend or relative
diagnosed it
[ 5 ] We diagnosed it ourselves
based on the symptoms
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5
1 2 3 4 5

29c. What were the sources
of medications used to treat
this person’s malaria? (Do
not read answers, circle all
that apply)
[ 1 ] No medications were
used
[ 2 ] Health facility
[ 3 ] Traditional healer
[ 4 ] Drug store
[ 5 ] Used local herbs
[ 6 ] Leftovers from
previous sick person
1
1
1
1
1
1
1
1
1
1

2
2
2
2
2
2
2
2
2
2

3
3
3
3
3
3
3
3
3
3

4
4
4
4
4
4
4
4
4
4

5
5
5
5
5
5
5
5
5
5

6
6
6
6
6
6
6
6
6
6

30. Where do you usually go to seek care when you suspect that you or a member
of the family suffers from malaria? (Do not read answers, circle only one)
[ 1 ] We treat the person at home
[ 2 ] Buy drugs from pharmacy/drug shop
[ 3 ] Contact health facilities (HFs)
[ 4 ] Contact traditional healers
31. Are anti-malarial drugs always available from the nearest public health
facilities?
[ 1 ] Yes
[ 2 ] No
[-9 ] Don’t know
32. Which drug(s) do you use when you get malaria? (Do not read answers,
circle all that apply)
[ 1 ] SP/Fansidar/Orodar/Sulphadar/Metakelfin
[ 2 ] Chloroquine/ Shellyquine/ Homaquine
[ 3 ] Amodiaquine/Camoquine
[ 4 ] Quinine
[ 5 ] ALU (Artemether Lumefantrine) (Go to Q34)
[ 6 ] Traditional medicine
[95] Others _______________________________________
[ -9 ] I don’t know
33. Has a member of your household ever used ALU to treat malaria?
[ 1 ] Yes
[ 2 ] No (Go to Q35)
[-9 ] I don’t know (Go to Q35)
34. How effective is SP in the cure of malaria compared to ALU? (Read answers,
circle only one)
[ 1 ] SP is more effective than ALU
[ 2 ] ALU is more effective than SP
[ 3 ] They are equally effective
[ 4 ] Neither one is effective
[ 5 ] I have never used SP
[-9 ] Don’t know
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IV. Land Use and Irrigation
35. Crops and irrigation
Crop type
35a. Do you grow
this crop?
[ 1 ] Yes
[ 2 ] No (Go to
next crop)
[ -9 ] Don’t know
(Go to next crop)
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Rice
Maize
Sugarcane
Bean
Sorghum
Banana/Plantain
Cassava
Ground nut
Tomato
Cabbage
Cocoa
Other______

1
1
1
1
1
1
1
1
1
1
1
1

2
2
2
2
2
2
2
2
2
2
2
2

-9
-9
-9
-9
-9
-9
-9
-9
-9
-9
-9
-9

35b. Do you
irrigate this
crop?
[ 1 ] Yes
[ 2 ] No (Go
to next crop)
[ -9 ] Don’t
know (Go to
next crop)

1
1
1
1
1
1
1
1
1
1
1
1

2
2
2
2
2
2
2
2
2
2
2
2

-9
-9
-9
-9
-9
-9
-9
-9
-9
-9
-9
-9

35c. For each irrigated
crop, what methods do
you use for irrigation?
(Read answers, circle
only one)
[ 1 ] Flooding irrigation
[ 2 ] Canal irrigation
[ 3 ] Sprinkler irrigation
[95] Other __________
[ -9 ] Don’t know

1
1
1
1
1
1
1
1
1
1
1
1

2
2
2
2
2
2
2
2
2
2
2
2
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3
3
3
3
3
3
3
3
3
3
3
3

-9
-9
-9
-9
-9
-9
-9
-9
-9
-9
-9
-9

35d. For each
irrigated crop, how
long have you
been practicing
this form of
irrigation? (Do not
read answers,
circle only one for
each crop)
[ 1 ] < 5 years
[ 2 ] 6 – 10 years
[ 3 ] 10 – 20 years
[ 4 ] > 20 years
[-9] I don’t know
1 2 3 4 -9
1 2 3 4 -9
1 2 3 4 -9
1 2 3 4 -9
1 2 3 4 -9
1 2 3 4 -9
1 2 3 4 -9
1 2 3 4 -9
1 2 3 4 -9
1 2 3 4 -9
1 2 3 4 -9
1 2 3 4 -9

35e. For each
irrigated crop, do
you believe that
irrigation has
increased yields?
[ 1 ] Yes
[ 2 ] No
[ -9 ] Don’t
know

1
1
1
1
1
1
1
1
1
1
1
1

2
2
2
2
2
2
2
2
2
2
2
2

-9
-9
-9
-9
-9
-9
-9
-9
-9
-9
-9
-9

36. During which of the following farming activities do most people get malaria?
(Read answers, circle only one)
[ 1 ] Land Preparation
[ 2 ] Planting
[ 3 ] Weeding
[ 4 ] Flowering/fruiting/watching over the harmful animals
[ 5 ] Harvesting
[ 6 ] Throughout the farming season
[95] Other __________________________
[ -9 ] I don’t know
37. Which of the following agricultural practices increase the population of
mosquitoes? (Read answers, circle all that apply)
[ 1 ] Making ridges
[ 2 ] Irrigation
[ 3 ] Growing rice paddy in bunds
[ 4 ] Growing rice paddy in lowlands (without irrigation)
[ -9 ] Don’t know
38. Do you own any livestock?
[ 1 ] Yes
[ 2 ] No (Go to Q40)
39. What kind of livestock do you own? (Read answers, fill in information for each
type of livestock)
SN
1
2
3
4
5
6
7
8

Type
Cattle
Sheep
Goats
Pigs
Ducks
Chicken
Donkey
Cat

39a. Number
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40. What types of livestock create a favorable habitat for mosquito breeding? (Do
not read answers, circle all that apply)
[ 1 ] Cattle
[ 2 ] Sheep
[ 3 ] Goats
[ 4 ] Pigs
[ 5 ] Ducks
[ 6 ] Chicken
[ 7 ] Donkey
[ 8 ] Cat
[-9 ] I don’t know
41. Does keeping livestock near the house increase or decrease the number of
mosquitoes biting people in and around the home? (Read answers, circle only one)
[ 1 ] Increase
[ 2 ] Decrease
[ 3 ] No effect
[ -9 ] I don’t know
42. What kinds of water bodies do you have around your home? (Do not read
answers, circle all that apply)
[ 1 ] Ponds
[ 2 ] Wells
[ 3 ] Streams
[ 4 ] Canals
[ 5 ] Rivers
[ 6 ] Wetlands/Swamps
[95] Other ____________
43. How far from your home is the closest water body (e.g., pond, stream, river,
swamp or canal)?
a. Distance ___________
b. Units
[ 1 ] Metres
[ 2 ] Kilometres
[ 3 ] Walking time (minutes)
44. Is the closest body of water flowing or stagnant?
[ 1 ] Flowing
[ 2 ] Stagnant
45. Is the closest water body present year-round, or just during the rainy season?
[ 1 ] Year Round
[ 2 ] Rainy Season
46. Are there any living organisms in this body of water?
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[ 1 ] Yes
[ 2 ] No (Go to section V)
47. What kind of living organisms have you seen in the water? (Do not read answers,
circle all that apply)
[ 1 ] Plants
[ 2 ] Fish
[ 3 ] Insects (Go to Q47a)
[ 4 ] Snails
[ 5 ] Frogs
[ 6 ] Larva (Go to Q47a)
[ 7 ] Large animals
[ 8 ] Snakes
[ 95 ] Other __________________________
If insects or larvae were mentioned, ask:
47a. What kinds of insects or larvae live in the body of water? (Do not read answers,
circle [1] if mbu is mentioned. Only record [95] other if mbu is not mentioned)
[ 1 ] Mosquitoes
[95] Other _______________
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V. Information Sources and Social Network
48. Where do you usually get information about health issues? (Do not read answers,
circle all that apply)
[ 1 ] Family members
[ 2 ] Friends
[ 3 ] Health workers
[ 4 ] District or national government officials
[ 5 ] Poster/billboards
[ 6 ] Radio
[ 7 ] Newspaper
[ 8 ] TV
[ 9 ] Scientists/researchers
[10] NGOs/CBOs/Faith-based groups
[11] Church/mosque/temple/school
[12] Community leaders through public meetings
[13] School
[95] Other___________________
49. Where do you usually get information about malaria in particular? (Do not read
answers, circle all that apply)
[ 1 ] Family members
[ 2 ] Friends
[ 3 ] Health workers
[ 4 ] District or national government officials
[ 5 ] Poster/billboards
[ 6 ] Radio
[ 7 ] Newspaper
[ 8 ] TV
[ 9 ] Scientists/researchers
[10] NGOs/CBOs/Faith-based groups
[11] Church/mosque/temple/school
[12] Community leaders through public meetings
[13] School
[95] Other___________________
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50. Social network – Please tell me about your social contacts.

SN

Outside of
your own
household,
please tell me
who you go
to most
frequently for
advice about:

50a. Name

50c. Is this
person of
the same
religion as
you?

50d. Does
this person
belong to
the same
tribe as
you?

50e. Does
this person
live in this
village or in
another
village?

50f. Which
village does
this person
belong to?

[ 1 ] Yes
[ 2 ] No
[ -9 ] I don’t
know

[ 1 ] Yes
[ 2 ] No
[ -9 ] I don’t
know

[ 1 ] In the
village (Go
to next
person)
[ 2 ] In
another
village

Enter name
of village
below

1 2 3 4 5 6

1 2 -9

1 2 -9

1 2 3 4 5 6

1 2 -9

1 2 -9

1 2 3 4 5 6

1 2 -9

1 2 -9
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50b. Relation
[ 1 ] Relative
[ 2 ] Friend
[ 3 ] Village elder
[ 4 ] Local
government official
[ 5 ] Traditional
healer
[ 6 ] Health worker
[ 7 ] Leader of
community group

1
2
3

Economic
matters
Health
matters
Social
matters

51. Social network – Now I would like to ask you whether or not you talk to specific households in your village.
Enumerator: Enter names of head of households and sub-village/hamlet in columns 3 and 4 PRIOR TO BEGINNING
HOUSEHOLD SURVEY.
51g. Do you
SN
51a.
51b. Name of head of 51c. Name of 51d. Do
51e. Do you 51f. Do you
you know ever talk
HH ID household
subever talk with ever talk with
village/hamlet this
with anyone anyone in this anyone in this
household
household? in this
household
about economic
household? about health
matters?
issues?
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HH 1:
HH 2:
HH 3:
HH 4:
HH 5:
HH 6:
HH 7:

[ 1 ] Yes
[ 2 ] No
(skip to
next HH)
1 2
1 2
1 2
1 2
1 2
1 2
1 2

[ 1 ] Yes
[ 2 ] No
(skip to
next HH)
1 2
1 2
1 2
1 2
1 2
1 2
1 2

[ 1 ] Yes
[ 2 ] No
1
1
1
1
1
1
1

2
2
2
2
2
2
2

[ 1 ] Yes
[ 2 ] No
1
1
1
1
1
1
1

2
2
2
2
2
2
2

VI. Priority Setting and Time Expenditure
52. Imagine someone gave your household a gift of Tsh. 10,000.
52a. In your household, who decides how this money will be spent? (Read
answers, circle only one)
[ 1 ] Head of household decides alone
[ 2 ] Primary caregiver/mother decides alone
[ 3 ] Father and mother decide together
[ 4 ] Other household member (e.g., eldest member) decides
[ 5 ] Family members decide together
52b. What would your household do with this money? (Do not read answers,
circle only one)
[ 1 ] Food
[ 2 ] Jewelry
[ 3 ] Clothes
[ 4 ] School supplies/fees
[ 5 ] Bed net
[ 6 ] Mosquito coils
[ 7 ] Medicine (specify: _____________)
[ 8 ] Religious objects
[ 9 ] Entertainment
[10] Donation to church/mosque/charitable group
[11] Savings
[95] Other _____________
52c. Now imagine this person gave your household ANOTHER Tsh. 10,000!
What would your household do next? (Do not read answers, circle only one)
[ 1 ] Food
[ 2 ] Jewelry
[ 3 ] Clothes
[ 4 ] School supplies/fees
[ 5 ] Bed net
[ 6 ] Mosquito coils
[ 7 ] Medicine (specify: _____________)
[ 8 ] Religious objects
[ 9 ] Entertainment
[10] Donation to church/mosque/charitable group
[11] Savings
[95] Other _____________
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52d. Now this person is very nice and gives your household ANOTHER Tsh. 10,000.
What would your household do next? (Do not read answers, circle only one)
[ 1 ] Food
[ 2 ] Jewelry
[ 3 ] Clothes
[ 4 ] School supplies/fees
[ 5 ] Bed net
[ 6 ] Mosquito coils
[ 7 ] Medicine (specify: _____________)
[ 8 ] Religious objects
[ 9 ] Entertainment
[10] Donation to church/mosque/charitable group
[11] Savings
[95] Other _____________
53. Please rank the following in terms of the amount of time and money you
spend purchasing or producing each of them (Read answers, circle one rank for
each item. 1 means they would spend the most time and money):
SN Item
Rank
1
Food
1 2 3 4 5 6 7 8
2
Jewelry
1 2 3 4 5 6 7 8
3
Clothes
1 2 3 4 5 6 7 8
4
School supplies
1 2 3 4 5 6 7 8
5
Malaria prevention and control
1 2 3 4 5 6 7 8
6
Medicine
1 2 3 4 5 6 7 8
7
Religious object and activities
1 2 3 4 5 6 7 8
8
Entertainment
1 2 3 4 5 6 7 8
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54. In a typical work day, please tell me how the members of your household spend their time:
SN Time
Activity
[ 1 ] Working outdoors
[ 2 ] Working in the house
[ 3 ] Attending funeral ceremonies
[ 4 ] Traditional dances
[ 5 ] Watching over crops to protect against pests (birds and animals)
[ 6 ] Hunting
[ 7 ] Guarding/other night jobs
[ 8 ] Playing/Socialising outdoors
[ 9 ] Playing/Socialising indoors
[10] Sleeping
[11] Eating
[95] Other
[-9] Don’t know
Household Member (Refer to Roster)
1
2
3
4
5
6
7
1
6:00 pm - 8:00 pm
2
8:00 pm -10:00 pm
3
10:00 pm-12:00 am
4
12:00 am-5:00 am
5
5:00 am-7:00 am

8

9

10

VII. Housing Quality and Socio-Economic Indicators
For Q55-58: Observe
55. Size of house: (Observe, don’t ask)
[ 1 ] Large (4 and above rooms)
[ 2 ] Medium (2 to 3 rooms)
[ 3 ] Small (1 room)

56. Type of wall: (Observe, don’t ask)
[ 1 ] Thatch
[ 2 ] Wood
[ 3 ] Mud or mud bricks
[ 4 ] Burnt bricks
[ 5 ] Concrete bricks
[95] Other
57. Type of window: (Observe, don’t ask)
[ 1 ] No windows
[ 2 ] Uncovered windows
(window but no shutters)
[ 3 ] Window with wooden shutter
[ 4 ] Window with glass shutter
[ 5 ] Window with mosquito screen
[ 6 ] Window with mosquito screen and shutters
[95] Other
58. Type of roof: (Observe, don’t ask)
[ 1 ] Thatch
[ 2 ] Tile
[ 3 ] Corrugated iron
[ 4 ] Tin (debe)
[95] Other
59. Is your house: (Read answers, circle only one)
[ 1 ] Rented
[ 2 ] Owned
[ 3 ] Family owned (inherited house)
[95] Other________________
60. Do you own any land?
[ 1 ] Yes
[ 2 ] No (Go to Q62)
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61. Please tell me about all of the plots of land you own, including the plot your
house is on. (Enumerator: Record the distance to the plot as 0 (zero) if plot is
house plot.)
Distance from household
Units
Plot number
Area (Ha)
Distance
[ 1 ] Km
[ 2 ] Walking min
1
2
3
4
Total

62. Please tell me how many of the following assets you own
52d. Price
SN Item
52a.
52b. When 52c.
Quantity bought/built Expected when
bought/built
useful
life
1
Shop
2
Car
3
Tractor
4
Plough
5
Motorcycle
6
Bicycle
7
Sewing machine
8
Radio
9
Radio cassette
10 Television
11 Sofa sets
12 Telephone (landline)
13 Mobile telephone
95 Other 1
96 Other 2
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Appendix C: Solving for Individual Decisions as a
Function of Neighbors’ Characteristics in a Simple FiveHousehold Village
This appendix solves the matrix inversion problem for the case of a sample
village of five households. The village is depicted spatially as having a linear structure in
which households are placed as follows:

This implies that:
Household 1’s neighbors are households 2 and 3.
Household 2’s neighbors are households 1 and 4.
Household 3’s neighbors are households 1 and 5.
Household 4’s neighbor is household 2.
Household 5’s neighbor is household 3.
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Thus, the social network matrix has the form:
1
2
3
4
5

1
0
1
1
0
0

2
1
0
0
1
0

3
1
0
0
0
1

4
0
1
0
0
0

5
0
0
1
0
0

Each household’s behavior depends on the behavior of its neighbors as well as its
own characteristics. For simplicity, error terms are ignored in this exercise. The
resulting system of equations defining the behavior of the five households is:
Y1 = φY2 + φY3 + X 1 β
Y2 = φY1 + φY4 + X 2 β
Y3 = φY1 + φY5 + X 3 β
Y4 = φY2 + X 4 β
Y5 = φY3 + X 5 β
Solving this system of equations to eliminate right hand side Y variables yields the
following solutions:

φ
1−φ 2
φ2
Y1 =
X 1β +
( X 2 + X 3 )β +
( X 4 + X 5 )β
1 − 3φ 2
1 − 3φ 2
1 − 3φ 2
14243 144424443 144424443
Own

Neighbors '

Neighbors 'neighbors '

1 − 2φ 2
φ
φ − 2φ 3
φ2
Y2 =
X 2β +
X 1β +
X 4β +
X 3β
1 − 3φ 2
1 − 3φ 2
(1 − 3φ 2 )(1 − φ 2 )
(1 − 3φ 2 )(1 − φ 2 )
142
4 43
4 144444424444443 144424443
Own

+

φ

Neighbors '

Neighbors 'neighbors '

3

X 5β
(1 − 3φ 2 )(1 − φ 2 )
144424443
Neighbors 'neighbors 'neighbors '
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1 − 3φ 2 + φ 4
φ − 3φ 2
φ2
φ3
Y4 =
X 4β +
X 2β +
X 1β +
X 3β
(1 − 3φ 2 )(1 − φ 2 )
1 − 3φ 2
1 − 3φ 2
(1 − 3φ 2 )(1 − φ 2 )
1
42
4
43
4
1
42
43
144424443
144424443
Own

+

φ

Neighbors '

Neighbors 'neighbors '

Neighbors 'neighbors 'neighbors '

4

X 5β
(1 − 3φ 2 )(1 − φ 2 )
144424443

Neighbors 'neighbors 'neighbors 'neighbors '

Solutions for households 3 and 5 are symmetrical to households 2 and 4,
respectively.
A couple of points are worth noting. First, it is clear that each household’s
behavior will be a function of its own characteristics, as well as its neighbors’
characteristics and the characteristics of any “higher order neighbors” (neighbors’
neighbors, etc.). In this example, the solution for household 1 is the simplest since
household 1 is within two degrees of separation of all other households in the village. At
the other extreme, households 4 and 5 only have one direct neighbor, and are located at a
maximum “distance” from each other. The second observation is that the coefficients on
each term (own, neighbors’, etc.) vary depending on how connected the household is.
Thus, one cannot define a single estimating equation that will allow identification of the
social effect coefficient, φ .
This discussion also provides some intuition into why the block diagonal case
greatly simplifies estimation. If one assumes that households interact uniformly within
villages, and do not interact at all across villages, all “higher order neighbor” interactions
are eliminated. Each household is directly related to every other household in the village,
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and has no form of interaction with households in other villages. This uniformity allows
a single estimating equation in which φ can be identified from the relationship between
the coefficient on one’s own characteristics and the coefficient on village average (i.e.,
neighbors’) characteristics.

234

References
Alaii, J. A., Hawley, W. A., Kolczak, M. S., ter Kuile, F. O., Gimnig, J. E., Vulule, J. M.,
Odhacha, A., Oloo, A. J., Nahlen, B. L., & Phillips-Howard, P. A. (2003). Factors
affecting use of permethrin-treated bed nets during a randomized controlled trial
in western Kenya. American Journal of Tropical Medicine and Hygiene, 68(4),
137-141.
Anselin, L. (1988). Spatial Econometrics: Methods and Models. Dordrecht: Kluwer
Academic Publishers.
Bajari, P., Hong, H., Krainer, J., & Nekipelov, D. (2006). Estimating static models of
strategic interactions, Working Paper.
Blue, L. (2007, July 25). Obesity Is Contagious, Study Finds. Time.
Borooah, V. K. (2004). On the incidence of diarrhoea among young Indian children.
Economics and Human Biology, 2, 119-138.
Bowles, S. (2004). Microeconomics: Behavior, Institutions, and Evolution: Princeton
University Press.
Brieger, W. R., Onyido, A. E., Sexton, J. D., Ezike, V. I., Breman, J. G., & Ekanem, O. J.
(1996). Monitoring community response to malaria control using insecticideimpregnated bed nets, curtains and residual spray at Nsukka, Nigeria. Health
Education Research, 11(2), 133-145.
Brock, W. A., & Durlauf, S. N. (2001). Discrete choice with social interactions. Review
of Economic Studies, 68(2), 235-260.
Bromley, D. W. (Ed.). (1992). Making the Commons Work. San Francisco: Institute for
Contemporary Studies.
Brown, Z., Dickinson, K., & Kramer, R. (2008). Rational management of vector
resistance in malaria control: Nicholas School of the Environment, Duke
University Working Paper.
Bryce, J., Boschi-Pinto, C., Shibuya, K., & Black, R. E. (2005). WHO estimates of the
causes of death in children. Lancet, 365(9465), 1147-1152.
Case, A. (1992). Neighborhood influence and technological change. Regional Science
and Urban Economics, 22(3), 491-508.

235

Christakis, N. A., & Fowler, J. H. (2007). The spread of obesity in a large social network
over 32 years. New England Journal of Medicine, 357(4), 370-379.
Coase, R. H. (1960). The problem of social cost. Journal of Law and Economics, 3, 1-44.
Cohen, J., & Dupas, P. (2007). Free distribution or cost-sharing? Evidence from a
randomized malaria prevention experiment. Brookings Global Economy and
Development Working Paper No. 16.
Conley, T., & Udry, C. (2001). Social learning through networks: The adoption of new
agricultural technologies in Ghana. American Journal of Agricultural Economics,
83(3), 668-673.
Conley, T., & Udry, C. (2005). Learning about a new technology: Pineapple in Ghana:
Yale University.
Cornes, R., & Sandler, T. (1984). Easy riders, joint production, and public goods.
Economic Journal, 94(375), 580-598.
Cornes, R., & Sandler, T. (1994). The comparative static properties of the impure public
good model. Journal of Public Economics, 54(3), 403-421.
Dickinson, K. L., Randell, H., Shayo, E. H., & Kramer, R. A. (2007). Social and
behavioral factors influencing malaria control: summary findings form June 2007
fieldwork in Mvomero District, Tanzania. Durham, NC: Duke University.
Duflo, E., Glennerster, R., & Kremer, M. (2006). Using randomization in development
economics research: A toolkit. In Handbook of Development Economics.
Figueroa, M. E., & Kincaid, D. L. (2006). Social, cultural, and behavioral correlates of
household water treatment and storage: World Health Organization.
Foster, A. D., & Rosenzweig, M. R. (1995). Learning by doing and learning from others:
Human capital and technical change in agriculture. Journal of Political Economy,
103(6), 1176-1209.
Gallup, J. L., & Sachs, J. D. (2001). The economic burden of malaria. American Journal
of Tropical Medicine and Hygiene, 64(1-2), 85-96.
Geroski, P. A. (2000). Models of technology diffusion. Research Policy, 29(4-5), 603625.

236

Government of India. (2007). National Family Health Survey (NFHS-3): Orissa -- Fact
Sheet. Mumbai, India: International Institute for Population Sciences.
Griliches, Z. (1957). Hybrid corn: An exploration in the economics of technological
change. Econometrica, 25(4), 501-522.
Guerin, P. J., Olliaro, P., Nosten, F., Druilhe, P., Laxminarayan, R., Binka, F., Kilama,
W. L., Ford, N., & White, N. J. (2002). Malaria: current status of control,
diagnosis, treatment, and a proposed agenda for research and development.
Lancet Infectious Diseases, 2(9), 564-573.
Guillet, P., Alnwick, D., Cham, M. K., Neira, M., Zaim, M., Heymann, D., & Mukelabai,
K. (2001). Long-lasting treated mosquito nets: a breakthrough in malaria
prevention. Bulletin of the World Health Organization, 79(10), 998-998.
Hanson, K. (2004). Public and private roles in malaria control: The contributions of
economic analysis. American Journal of Tropical Medicine and Hygiene, 71(2),
168-173.
Hardin, G. (1968). The tragedy of the commons. Science, 162(3859), 1243-&.
Hardin, R. (1982). Collective Action. Baltimore: Johns Hopkins University Press for
Resources for the Future.
Hawley, W. A., Phillips-Howard, P. A., ter Kuile, F. O., Terlouw, D. J., Vulule, J. M.,
Ombok, M., Nahlen, B. L., Gimnig, J. E., Kariuki, S. K., Kolczak, M. S., &
Hightower, A. W. (2003). Community-wide effects of permethrin-treated bed nets
on child mortality and malaria morbidity in western Kenya. American Journal of
Tropical Medicine and Hygiene, 68(4 Suppl), 121-127.
Heggenhougen, H. K., Hackethal, V., & Vivek, P. (2003). The behavioural and social
aspects of malaria and its control: UNDP/World Bank/WHO: Special Programme
for Research and Training in Tropical Diseases (TDR).
Imbens, G. W., & Angrist, J. D. (1994). Identification and estimation of local average
treatment effects. Econometrica, 62(2).
Jaffe, A. B., Newell, R. G., & Stavins, R. N. (2002). Environmental policy and
technological change. Environmental & Resource Economics, 22(1-2), 41-69.
Jenkins, M. W., & Curtis, V. (2005). Achieving the 'good life': Why some people want
latrines in rural Benin. Social Science & Medicine, 61(11), 2446-2459.

237

Jowett, M., & Miller, N. J. (2005). The financial burden of malaria in Tanzania:
implications for future government policy. International Journal of Health
Planning and Management, 20(1), 67-84.
Kar, K. (2003). Subsidy or self-respect? Participatory total community sanitation in
Bangladesh, IDS Working Paper Series. Sussex, England: Institute of
Development Studies.
Kerr, S., & Newell, R. G. (2003). Policy-induced technology adoption: Evidence from
the US lead phasedown. Journal of Industrial Economics, 51(3), 317-343.
Koram, K. A., Bennett, S., Adiamah, J. H., & Greenwood, B. M. (1995a). Socioeconomic
determinants are not major risk factors for severe malaria in Gambian children.
Transactions of the Royal Society of Tropical Medicine and Hygiene, 89(2), 151154.
Koram, K. A., Bennett, S., Adiamah, J. H., & Greenwood, B. M. (1995b). Socioeconomic
risk factors for malaria in a periurban area of the Gambia. Transactions of the
Royal Society of Tropical Medicine and Hygiene, 89(2), 146-150.
Kotchen, M. J. (2006). Green markets and private provision of public goods. Journal of
Political Economy, 114(4), 816-834.
Kremer, M., & Miguel, E. (2006). The illusion of sustainability, CID Working Paper 112.
Laxminarayan, R. (2003). Battling Resistance to Antibiotics and Pesticides: An Economic
Approach. Washington, D.C.: Resources for the Future.
Laxminarayan, R. (2004). Act now or later? Economics of malaria resistance. American
Journal of Tropical Medicine and Hygiene, 71(2), 187-195.
Laxminarayan, R., & Brown, G. M. (2001). Economies of antibiotic resistance: a theory
of optimal use. Journal of Environmental Economics and Management, 42, 183206.
Laxminarayan, R., & Weitzman, M. L. (2002). On the implications of endogenous
resistance to medications. Journal of Health Economics, 21(4), 709-718.
Lindsay, S. W., Emerson, P. M., & Charlwood, J. D. (2002). Reducing malaria by
mosquito-proofing houses. Trends in Parasitology, 18(11), 510-514.
Manski, C. F. (1993). Identification of endogenous social effects: The reflection problem.
Review of Economic Studies, 60(3), 531-542.

238

McCay, B. M., & Acheson, J. M. (Eds.). (1990). The Question of the Commons: The
Culture and Ecology of Communal Resources. Tucson: University of Arizona.
McConnell, K. E., & Rosado, M. A. (2000). Valuing discrete improvements in drinking
water quality through revealed preferences. Water Resources Research, 36(6),
1575-1582.
Moffitt, R. A. (2001). Policy interventions, low-level equilibria, and social interactions.
In S. N. Durlauf & H. P. Young (Eds.), Social Dynamics: MIT Press.
Munshi, K., & Myaux, J. (2006). Social norms and the fertility transition. Journal of
Development Economics, 80(1), 1-38.
Mushi, A. K., Schellenberg, J. R. M. A., Mponda, H., & Lengeler, C. (2003). Targeted
subsidy for malaria control with treated nets using a discount voucher system in
Tanzania. Health Policy and Planning, 18(2), 163-171.
Mutero, C. M., Kabutha, C., Kimani, V., Kabuage, L., Gitau, G., Ssennyonga, J., Githure,
J., Muthami, L., Kaida, A., Musyoka, L., Marie, E., & Oganda, M. (2004). A
transdisciplinary perspective on the links between malaria and agroecosystems in
Kenya. Acta Tropica, 89(2), 171-186.
Mwenesi, H., Harpham, T., & Snow, R. W. (1995). Child malaria treatment practices
among mothers in Kenya. Social Science & Medicine, 40(9), 1271-1277.
Nganda, R. Y., Drakeley, C., Reyburn, H., & Marchant, T. (2004). Knowledge of malaria
influences the use of insecticide treated nets but not intermittent presumptive
treatment by pregnant women in Tanzania. Malaria Journal, 3.
Olson, M. (1965). The Logic of Collective Action: Public Goods and the Theory of
Groups. Cambridge: Harvard University Press.
Ostrom, E. (1990). Governing the Commons: The Evolution of Institutions for Collective
Action. New York: Cambridge University Press.
Pattanayak, S. K., Dickinson, K. L., Yang, J. C., Patil, S. R., Praharaj, P., Mallik, R.,
Blitstein, J., & Poulos, C. (2007). Nature's Call: Can a social mobilization
campaign lead households to use toilets and reduce diarrhea? Results from a
randomized trial in Orissa. RTI Working Paper.
Pattanayak, S. K., Yang, J. C., Whittington, D., & Kumar, K. C. B. (2005). Coping with
unreliable public water supplies: Averting expenditures by households in
Kathmandu, Nepal. Water Resources Research, 41(2), -.

239

Phillips-Howard, P. A., Nahlen, B. L., Kolczak, M. S., Hightower, A. W., ter Kuile, F.
O., Alaii, J. A., Gimnig, J. E., Arudo, J., Vulule, J. M., Odhacha, A., Kachur, S.
P., Schoute, E., Rosen, D. H., Sexton, J. D., Oloo, A. J., & Hawley, W. A. (2003).
Efficacy of permethrin-treated bed nets in the prevention of mortality in young
children in an area of high perennial malaria transmission in western Kenya. The
American Journal of Tropical Medicine and Hygiene, 68(4 Suppl), 23-29.
PMI. (2008). President's Malaria Initiative Website. Retrieved 3/5/2008, from
http://www.fightingmalaria.gov/
Pruss, A., Kay, D., Fewtrell, L., & Bartram, J. (2002). Estimating the burden of disease
from water, sanitation, and hygiene at a global level. Environmental Health
Perspectives, 110(5), 537-542.
Randell, H. (2008). Environmental Management for Malaria Control: Knowledge and
Practices in Mvomero District, Tanzania. Duke University, Durham, NC.
Ravallion, M. (2005). Evaluating anti-poverty programs. World Bank Policy Research
Working Paper Series.
Sachs, J. D. (2005). The End of Poverty: Economic Possibilities for our Time. New York:
Penguin Press.
Sanan, D., & Moulik, S. G. (2007). Community-Led Total Sanitation in rural areas: An
approach that works: Water and Sanitation Program -South Asia, The World
Bank.
Schelling, T. C. (1971). Dynamic models of segregation. Journal of Mathematical
Sociology, 1(2), 143-186.
Sethi, R., & Somanathan, E. (1996). The evolution of social norms in common property
resource use. American Economic Review, 86(4), 766-788.
Smith, A. (1937). An Inquiry into the Nature and Causes of the Wealth of Nations. New
York: Modern Library.
The World Bank Group. (2005). Social Marketing of Bednets in Tanzania. Retrieved
1/17/07, from http://www1.worldbank.org/devoutreach/may05/article.asp?id=298
Thomson, M., Connor, S., Bennett, S., DAlessandro, U., Milligan, P., Aikins, M.,
Langerock, P., Jawara, M., & Greenwood, B. (1996). Geographical perspectives
on bednet use and malaria transmission in the Gambia, west Africa. Social
Science & Medicine, 43(1), 101-112.

240

UN. (2006). United Nations Millennium Development Goals website: United Nations.
UNAIDS. (2006). Tanzania. Retrieved March 3, 2008, 2008, from
http://www.unaids.org/en/CountryResponses/Countries/tanzania.asp
UNFPA. (2003). State of the World Report 2003. Retrieved 3/3/08, 2008, from
http://www.unfpa.org/swp/2003/english/ch1/
USAID. (2005). New Tanzanian Demographic and Health Survey Results Show
Dramatic Improvement in Child Survival Rates While Risky Sexual Behavior
Remains Common. Retrieved 3/3/08, from
http://tanzania.usaid.gov/article.php?id=0080_EN
USAID. (2006). Tanzania Tuberculosis Profile. Retrieved January 17, 2007, from
http://pdf.usaid.gov/pdf_docs/PDACI553.pdf
Vicary, S. (1997). Joint production and the private provision of public goods. Journal of
Public Economics, 63(3), 429-445.
Wang, L. (2002). Health outcomes in low-income countries and policy implications:
Empirical findings from demographic and health surveys. Health Policy, 65(3),
277-299.
WB. (2006). 2006 World Development Indicators. Washington, D.C.: The World Bank.
White, N. J., Nosten, F., Looareesuwan, S., Watkins, W. M., Marsh, K., Snow, R. W.,
Kokwaro, G., Ouma, J., Hien, T. T., Molyneux, M. E., Taylor, T. E., Newbold, C.
I., Ruebush, T. K., 2nd, Danis, M., Greenwood, B. M., Anderson, R. M., &
Olliaro, P. (1999). Averting a malaria disaster. Lancet, 353(9168), 1965-1967.
Whittington, D., Davis, J., & McClelland, E. (1998). Implementing a demand-driven
approach to community water supply planning: A case study of Lugazi, Uganda.
Water International, 23(3), 134-145.
Wolff, C. G., Schroeder, D. G., & Young, M. W. (2001). Effect of improved housing on
illness in children under 5 years old in northern Malawi: cross sectional study.
British Medical Journal, 322(7296), 1209-U1221.
World Health Organization. (2002). Roll Back Malaria Program brochure: "What is
Malaria?" from http://www.who.int/inf-fs/en/InformationSheet01.pdf
Yeung, S., Pongtavornpinyo, W., Hastings, I. M., Mills, A. J., & White, N. J. (2004).
Antimalarial drug resistance, artemisinin-based combination therapy, and the

241

contribution of modeling to elucidating policy choices. American Journal of
Tropical Medicine and Hygiene, 71(2 Suppl), 179-186.

242

Biography
Katie Dickinson was born in Boulder, Colorado, on December 11, 1979. She
received Bachelor’s (June 2002) and Master’s (June 2003) of Science degrees in Earth
Systems from Stanford University, and was inducted into the Stanford University Chapter
of the Phi Beta Kappa Society in 2002. During her doctoral work in the Nicholas School
of the Environment at Duke University, Katie received the University Scholars
Fellowship (2003-2004), the James B. Duke Fellowship (2003-2007), and a Graduate
Fellowship in the Sawyer Seminar on Environment and Health in India and China (20072008). She was also the recipient of a National Science Foundation Doctoral Dissertation
Improvement Grant (2007-2008), along with several smaller grants to support
international research and travel. Katie co-authored the journal article, “Deforestation,
malaria, and poverty: a call for transdisciplinary research to support the design of crosssectoral policies,” published in the Fall 2006 issue of Sustainability: Science, Policy, and
Practice.
Upon completion of her doctoral degree, Katie will be joining the Robert Wood
Johnson Foundation’s Health and Society Scholars program at the University of
Wisconsin, where she will continue to pursue research into links between health and the
environment in developing countries, as well as developing new projects that address
similar linkages and behavioral issues among vulnerable populations in the United States.

243

Katie is extremely grateful to her family for the support they have provided over
the course of her lifetime. In particular, she is grateful to her father, Steve Hansen, for
his role in shaping both her environmental ethic and her intellectual proclivities; to her
mother, Tracy Hansen, for her constant encouragement and enthusiasm; to her husband,
Caleb Dickinson, for his love, humor, and friendship; and to “Peanut” (due May 26,
2008) for what promises to be an exciting, rewarding, and challenging new adventure of
motherhood.

244

