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infrastructure, we know little about how successful institutions emerge and evolve. In this paper
I ask whether exposure to the strategic considerations of a collective action dilemma in an experi-
mental setting can change behavior in real-world scenarios in which those individuals face similar
strategic trade-offs. Among 800 rice farmers who are part of an agricultural technology adoption
study in rural Haiti, I randomly selected 300 to participate in public goods games framed to mimic
the real trade-off they face between private work and participation in the management of shared
canals. Over the subsequent planting season, the local irrigation association organized voluntary
canal-cleaning work days to manage the shared canal systems that irrigate farmers’ fields. Treated
farmers were 66% more likely than the control group to volunteer. The mechanism through which
the experiments seem to operate is by affecting participants’ expectations of others’ contributions
to the public good, suggesting that experiments provide a setting in which to learn about one’s
neighbors and develop common norms of behavior.
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1 Introduction

The important role that local institutions, formal and informal, play in shaping development out-

comes is widely recognized. A growing literature links social capital and norms to a range of devel-

opment challenges, from management of shared resources to group lending to sanitation behavior.

A substantial literature has analyzed the characteristics of successful decentralized management of

common-pool resources such as irrigation systems (e.g. Ostrom (1990); Cárdenas, Rodriguez, and

Johnson (2011); McCarthy, Sadoulet, and de Janvry (2001); Baland and Platteau (1998)). These

characteristics include formal local management institutions with rules and enforcement mecha-

nisms as well as informal institutions that include social norms around cooperation and resource

use. While the literature has improved our understanding of the types of norms and institu-

tions that are correlated with successful resource management, the study of how to encourage and

strengthen such institutions is complicated by the lack of exogenous variation in drivers of institu-

tion formation. Improving our understanding of how norms and institutions form and evolve is of

great policy relevance as interventions and development policies aim to encourage collective action

through strengthening local institutions.

In this paper I ask whether exposure to a collective action problem in an experimental setting

can change real-world behavior in a scenario in which the same strategic considerations are relevant.

I randomly assign participants to play public goods games to study whether such exposure may shift

farmers’ beliefs or understanding of a local public goods provision problem and ultimately move

real-world behavior toward more socially optimal levels. The use of a lab-in-the-field experiment

as a source of exogenous variation provides a unique contribution to the literature on decentralized

management of public goods as well as the experimental and behavioral economics literature by

demonstrating that experiments can shift beliefs and lead to changes in individual contributions to

a public good.

I find that farmers who participated in a public goods game, framed to replicate the coordination

problem they face managing shared irrigation infrastructure, were 66% more likely to contribute

to canal management during the subsequent planting season. This finding suggests that such

experiments may be useful not only to study in-game behavior as an outcome of interest but also

for shifting behavior outside of the games. I further find suggestive evidence that one mechanism

2



through which the experiments operate is through an effect on participants’ expectations of others’

contributions to the public good. Experiments provide an opportunity for participants to learn

about the social and technological context in which the public good is provided, and this context

includes the behavior one can expect of other beneficiaries of the public good. The increase in

real-world public goods contributions primarily among participants who learn that their neighbors

are likely to contribute suggests a desire to conform to a norm of contribution levels, and that

experiments provide a setting through which individuals can learn about and develop common

norms.

I conduct the games with rice farmers in Haiti who depend on a shared irrigation system that

lacks a formal management system. While the local irrigation association organizes farmers to

contribute to management and cleaning, farmers report that participation is inadequate and that

poorly functioning canals lower yields and increase flooding risk. This research context is a classic

example of the tragedy of the commons (Hardin (1968)), in which theory predicts that individuals

acting in an uncoordinated manner will fail to reach a socially optimal level of the public good.

Yet we see examples in a variety of settings where individuals have overcome a collective action

dilemma to establish norms, institutions, and rules to achieve a solution that is closer to the social

optimum. For example, people everywhere vote, contribute to charities, and organize themselves to

establish rules and norms of behavior for mutual benefit. There is an extensive literature examining

local institutions that have developed to manage shared resources and provide public goods (see

Hess (1999) for an overview).

While the literature provides us with examples and characteristics of local institutions capable

of managing resources and providing public goods, we also know that such coordinated behavior

fails in many settings. From a policy perspective, understanding how social institutions develop

and evolve, and why we see such success in some settings and not in others could provide valuable

guidance for encouraging the formation and strengthening of local institutions and norms. Voors

and Bulte (2014) suggest two primary pathways for institutional change: (1) change by design,

whereby institutions are shaped by intervening outsiders or by strategic decisions of elites, or (2)

evolutionary change, in which systems of rules and norms emerge as a result of the uncoordinated

choices of many agents. In the latter, individuals’ expectations and beliefs change, either as a

result of outside intervention or from some internal changes in beliefs, and these new beliefs and
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expectations change behavioral norms over time, gradually changing rules and constraints.

Many recent interventions aim to create or strengthen local institutions and governance and

to involve communities in the development process, but most studies fail to find that outside

intervention can successfully change institutional quality through a top-down approach. Casey,

Glennerster, and Miguel (2012) find that a program specifically targeting institutional quality

had no impact on measures of fundamental social change, such as collective action capacity and

inclusion of marginalized groups. Fearon, Humphreys, and Weinstein (2009) similarly find some

impact of a Community-Driven Development project on leaders’ mobilization efforts for community

projects, but no evidence for greater participation by community members. Similar findings of

other interventions are reported in Beath, Christia, and Enikolopov (2013), Avdeenko and Gilligan

(2014), Mansuri and Rao (2012). In contrast, in their study of post-conflict institutional quality in

Burundi, Voors and Bulte (2014) find that changes in institutional quality seem to be explained by

changes in beliefs and expectations rather than by outside design. This finding raises the question

of how beliefs and norms change, and whether they can be influenced by an external intervention.

Studies have appealed to norms and social comparisons in an attempt to change behavior in

a range of contexts, from smoking cessation to school performance to charitable giving. Many of

these studies have found that such non-pecuniary strategies can lead to more pro-social behavior

even in the absence of substantial personal benefit. For example, Ferraro and Price (2013) find

that messages appealing to social norms, and in particular, comparisons with neighbors’ behavior,

reduce households’ water use, at least in the short run, and Allcott and Rogers (2014) find a similar

result with respect to energy consumption.

The particular mechanism I use to influence individual behavior is the use of experimental

games, framed to replicate the real situation in which cooperation is failing. A large number of

laboratory experiments have demonstrated that individuals tend to contribute to public goods even

when the rational prediction would be to participate nothing. In these experiments, researchers

repeatedly find factors that should not change the theoretically predicted behavior, such as expec-

tations of others’ behavior, the ability to communicate, and the number of rounds played, correlate

strongly and consistently with actual contributions (see Ledyard (1995) for an overview). There is

some evidence that participants in laboratory and field experiments exhibit signs of learning over

the course of repeated games, changing behavior over repetitions and even into similar games (Bó
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and Fréchette (2011); Duffy and Ochs (2009)). Experiments can expose participants to the strategic

considerations of certain scenarios and prime individuals to behave differently in real-world scenar-

ios in which the same considerations are relevant. When experiments are framed to be relevant to

farmers’ experiences, the experiments may make salient the importance of cooperative behavior,

which may, in turn, lead to stronger resource management institutions.

The outcome of interest in this paper is participation in the cleaning and maintenance of the

shared canal system, a public good that benefits all farmers whose plots are watered by the system.

Experimental economics has traditionally focused on testing theories within controlled experiments,

in which in-game behavior is the outcome of interest. Several recent studies (Karlan (2005); Hoff

and Pandey (2006); Carter and Castillo (2011)) have expanded the field to link behavioral mea-

sures elicited from field experiments to economic outcomes, demonstrating the predictive power

of behavioral experiments. Karlan (2005) finds that players deemed more trustworthy based on

experimental measures repay loans at a higher rate and save more money, while those deemed

more trusting save less and are more likely to drop out of a credit association. Several earlier

studies conduct field experiments and link behavior from those experiments to community- and

individual-level characteristics such as bargaining behavior, market integration, and community

cohesion (Roth et al. (1991); Henrich et al. (2001); Barr (2003)). These studies provide evidence

that behavioral measures from experiments can reliably predict real-world behavior in some set-

tings.

The use of in-game behavior as an outcome in itself or as a predictor of real-world behavior

implies that traits such as trustworthiness and altruism are individual characteristics and that the

experiments serve only as a measurement tool. However, if experiments can provide participants

with an opportunity to reflect on a problem they face in real life, they may serve as a pedagogical

tool as well. Only one study of which I am aware has shown behavioral change as a result of

participation in a field experiment. Cardenas and Carpenter (2005) conducted a series of common-

pool resource experiments with villagers who rely on a local common-pool resource, and returned

to the same villages between six and 20 months later to run the same experiments. They found

that decisions in favor of a group-oriented outcome were significantly higher in the second round of

experiments among both repeat participants and new participants. They have anecdotal evidence

that participants talked with their neighbors after the first round, so even those who did not par-
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ticipate in the first year had an opportunity to learn from the experiments through their neighbors.

We do not know whether the behavioral change observed within the later experiments spilled over

into behavior change with regards to the real common-pool resource on which they rely.

While we traditionally think of surveys and field experiments as measurement tools, with in-

game behavior as the outcome of interest, previous evidence has found that being the subject of

research can influence real-world behavior. In a study of several health and microlending projects,

Zwane et al. (2011) find that being surveyed increases take-up of medical insurance and use of

water treatment technologies, and can bias impact estimates. If we disregard the impact of data

collection tools on the behavior of those being studied, we risk biasing our results. On the flip side,

we can recognize that tools traditionally used for data collection can play a role in intentionally

influencing beliefs and changing behavior, as I do in this study. This paper provides new evidence

that exposure to a coordination dilemma in the form of an artefactual field experiment can change

behavior in a real world situation in which they face the same strategies and trade-offs. In a setting

where institutions are weak, changing cooperative norms and encouraging participation in public

goods provision may be instrumental in improving outcomes for farmers currently struggling with

low availability of public goods. This research provides a possible mechanism for low-cost behavior

change in a context where higher levels of cooperation would raise welfare for the farmers involved.

2 Conceptual Framework

In this section I present a simple model to illustrate the choice farmers make to allocate their

private resources to a public good. I then use this model to examine the possible mechanisms

through which the experimental intervention may change farmers’ decisions over how much he

allocates to the public good.

2.1 Model

A farmer divides his resources between cultivating his own plot and contributing to the public good.

The public good in this context is the performance of the shared canals. When canals are clear

of blockages and well graded, they allow for water to enter and leave the field as necessary and

reduce the risk of flooding, thus raising average yields for all farmers who share the canal. Canal
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performance is a function of the aggregate contributions of all farmers. The farmer’s private yields

on his plot are a function of the resources he allocates to his farm and the performance of the canal.

Each farmer has a fixed endowment, ωi, that he can allocate between two inputs into farming:

a private composite input, xi, and his individual contributions, zi, to a public good, g. The public

good is a function of Z =
∑
i
zi, the total of all farmers’ contributions: g = g(Z) = g(

∑
i
zi). Yield

is a function of the private input and the performance of the canals: Yi = f(xi, g(Z)). Yield is

increasing and concave in both xi and g(Z).

I assume in this model that farmers are uncertain about the functional forms specifying the

relationships between resources allocated to the public good, performance of the canals, and farm

yields. As a result, farmers make their decisions with respect to expected yields:

Ei[Yi] = Ei [f(xi, g(Z))]

The experimental literature has found that both in laboratory experiment settings and in real-

world behavior, contributions to public goods are frequently higher than would be predicted based

only on the utility gained from the level of the public good (see, e.g., Fischbacher, Gächter, and

Fehr (2001); Isaac, Walker, and Williams (1994); Chaudhuri (2011)). In other words, it is possible

that individuals gain utility both through the level of a public good (in our case, through its impact

on yields) and directly from their own individual contribution level. Andreoni (1990) coined the

term “warm glow” to refer to the utility that one obtains from contributing to a common good,

due to altruistic preferences or other personal benefit from giving to others. If we assume that an

individual’s utility is a function of his expected farm yield and the utility he obtains directly from

his own contribution to the public good, we can model his utility function as:

Ui = Ui(Ei[Yi], zi) = Ui (Ei[f(xi, g(zi + Z−i))], zi)

where Ui is concave and weakly increasing in both Yi and zi. The farmer chooses his allocation

between his personal farm and the public good in the following choice problem:

max
xi,zi

Ui (Ei[f(xi, g(zi + Z−i))], zi) (1)
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s.t. xi + zi = ωi

Solving the maximization problem yields the result that equates the marginal utility the farmers

gains from allocating a unit of his endowment to each input. The marginal utility from xi is simply

through its effect on expected yields, while the marginal utility from zi is the sum of the direct

utility he obtains from giving to the public good and the utility he gains through the of zi on

expected yields.

∂Ui

∂zi
+

∂Ui

∂EYi

(
∂EYi
∂g(Z)

∂g(Z)

∂zi

)
=

∂Ui

∂EYi

(
∂EYi
∂xi

)
(2)

If an individual obtains no utility from his own level of public goods contribution and cares only

about farm yield, the result simplifies to a standard problem of equating the marginal returns to

yield of the private and public good:

∂EYi
∂g(Z)

∂g(Z)

∂zi
=
∂EYi
∂xi

(3)

2.2 Mechanisms for Influencing Contributions

We can use this model to imagine possible pathways through which an individual’s contributions

to the public good may be influenced through an intervention. I divide these mechanisms into

two categories: technical and social or behavioral. One way in which the experiments may change

behavior is by changing farmers’ understanding of the technical or physical relationships between

labor allocation to canal maintenance, canal performance, and expected rice yields. The experi-

ments could also allow farmers to learn something about the farmers with whom they share the

canals, leading to a social learning effect that operates through the utility a farmer gains directly

from his contribution to the public good.

1. Technical mechanism: The games may change participants’ understanding of or attention to

either of the production functions:

(a) The yield production function: Yi = f(xi, g(Z)). If the farmer’s expected gains from the

public good increase, for any given level of public good, an increase in ∂Yi
∂g(Z) will require

an increase in ∂Yi
∂xi

, which, given the assumption of diminishing marginal returns to xi,

will decrease the level of xi relative to zi.

8



(b) The public goods production function g(Z). If the expected returns to contributions

increase, as was the case for an increase in the expected returns to the public good itself,

we would observe an increase in an individuals contributions to the public good.

In both of these cases, the perturbation of the equilibrium provided by the experiment is

not to change the functions themselves, but rather to shift participants’ knowledge of the

functions or their salience. A farmer may not understand well the importance of the public

good in the production function for agricultural yields, or if he is aware of its importance he

may under-weight it in his behavior if he is not actively conscious of the role of the public

good in his production function and as a result does not fully understand the importance

of coordination with his neighbors. The experiments may change either the participant’s

understanding of these relationships, or simply increase the salience in his mind. In either

case, we would be able to see a change in behavior as a result.

2. Social mechanism: The games may change the utility attached to one’s own contribution

level, Ui(zi). If, for a given level of zi and Z, the marginal utility an individual farmer obtains

from increasing his own contribution increases, we would see an allocation of more of his

endowment toward the public good. We can modify the utility function to specify the different

pathways through which an individual’s contributions affect his utility by defining a function

hi(zi, z̄, X−i), where z̄ is the average contribution of the other farmers and X−i is a vector

of characteristics of all other farmers sharing the canals. X−i could also include variables

characterizing farmer j’s relationship to farmer i. With this modification, the farmer’s utility

function is:

Ui = Ui(Yi, zi) = Ui (f(xi, g(zi + Z−i)), αihi(zi, z̄, X−i))

where α is the weight one places on one’s own contributions in his utility function. If an

intervention changes the utility one obtains from one’s contributions we could characterize

this as a change the function hi or a change in the weight αi. This shift may occur due to

one or more of several factors:

(a) General altruism: Through a change in the weight of one’s contributions to the public
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good in one’s utility function. We could think of this effect as the general importance of

civic-mindedness or of contributing to a common good, and represent it mathematically

as a change in the weight parameter αi.

(b) Expectations of Others: Through the farmer’s expectations of others’ average contribu-

tions, z̄. An individual’s direct utility from contributing may be related to a sense of

conforming to a common norm. Individuals may not want to deviate too far from the

norm, either in the positive or negative direction. A change in expectations of what oth-

ers in the group are likely to contribute could, in this case, influence one’s contributions

in the direction of the norm.

(c) Social Networks and Relationships: Through a change in how much one cares about

the others who benefit from one’s actions. Other-regarding preferences depend on who

benefits; for example, one may place more weight on the benefit to a neighbor or family

member than one places on the benefit to a stranger. Any change in how one sees the

others benefitting from one’s actions could change how much utility one gets from one’s

own contributions to the common good. We can represent such a shift as a change in

X−i, a flexible parameter that includes characteristics of other farmers as well as those

farmers’ relationships to farmer i.

3 Sample and Experimental Design

3.1 Context: Research Area and Population

This study is conducted in conjunction with an agricultural development program designed to

evaluate the household-level welfare impacts of the System of Rice Intensification (SRI) in Arti-

bonite, Haiti. SRI is a potentially high-yielding, low external input cultivation method that has

been shown to generate substantial and persistent yield increases (Stoop, Uphoff, and Kassam

(2002); Sinha and Talati (2007)). However, adoption has been lower than expected given its appar-

ent benefits, and substantial disadoption has been observed in some locations (Moser and Barrett

(2003); Takahashi and Barrett (2014)). One possible explanation for low adoption of SRI is its

reliance on precise water management. Preliminary evidence in Haiti and elsewhere shows that

poorly functioning irrigation systems are a substantial constraint to adoption. In the absence of
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publicly provided infrastructure, the long-term success of the intervention may depend crucially on

the ability of farmers to establish a coordinated system to manage shared irrigation infrastructure.

A key component of the research program is to investigate ways in which such an institution may

be encouraged among farmers.

The study takes place in the Artibonite Valley, the largest rice-producing region in Haiti. Farm-

ers in the study cultivate land irrigated by a canal system managed by a local irrigation users’ asso-

ciation, Association des Irrigants Liancourt Artibonite (AILA), chosen based on its conduciveness

to the technology and because of the implementing partner’s history working with the local irriga-

tion association. The irrigation system is complex, involving canals and drains at multiple scales,

with different entities potentially responsible for the management at each scale. The irrigation sys-

tem includes a large concrete canal and a series of gates connecting the large canal to production

blocks. A production block is defined as a set of plots that receive water from a single irrigation

gate connected to the main canal. Blocks range in size from dozens to hundreds of hectares and

can include between 200 and over 1,000 farmers.

The local governmental agricultural office is responsible for maintaining the large system of

concrete drains and canals, while AILA is responsible for maintaining the gates that feed the

irrigation system within each block. Within a block, water is distributed to and drained from

individual plots via a series of secondary, tertiary, and quaternary canals and drains. Most of

these canals and drains serve many individual parcels, while farmers whose plots are not directly

adjacent to a canal typically build very small personal canals to connect to the shared system. No

formal system currently exists for maintaining the canals and drains within the blocks. Individual

canals are the responsibility of the farmer whose plot is served by the canal, but shared canals are

maintained inconsistently, if at all. Farmers in the study region have provided anecdotal evidence

of a previously common system for managing the shared canals. Under this system, farmers would

come together in traditional work days known as kombits in which all farmers were expected to

participate.

Farmers report that currently the tradition of kombits has largely disappeared, and they pro-

vide several possible explanations. The population in the study region is relatively transient, and

many landowners manage their plots from afar, hiring labor and visiting occasionally to work their

farms. The absence of a stable population makes it more difficult to organize communal work days,
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and absentee landowners are not likely to come to their plots to participate. Farmers and local

implementing partners have also anecdotally linked the decline in kombits to the recent pattern of

aid agencies, aiming to help farmers whose yields are dramatically hurt by poor water management,

paying farmers to clean canals. Many farmers say they are unwilling to participate in voluntary

communal work days because of the possibility that an external agent may pay them to do the very

same work.

Kombits can be organized at multiple levels: AILA or another farmers’ association can organize

kombits at the block level to clean the secondary canals that run through the entire block, while

small groups of farmers can organize at a more local level for a section of canal that affects only a

small number of parcels. In this study, I focus on block-level kombits organized by AILA. At the

block level, canal cleanliness is fairly close to a pure public good: all farmers in the block benefit

from it, regardless of their own contribution to its maintenance. At a more local level, the benefits

of canal cleaning can be much more private. Farmers describe cleaning the portion of a smaller

shared canal that runs by their own plot as primarily benefitting themselves, but with positive

spillover effects on others: if the portion of the drain downstream from farmer i’s plot is clean,

it will help his drainage, but to a lesser extent. No local-level kombits were organized during the

study period, so any canal-cleaning that happened at the local level took the form of individuals

cleaning near their own parcels, primarily benefitting their own plot with positive spillovers on their

neighbors. Given the frame of our experimental intervention as contributions to a public good, the

bloc-level kombit better approximates the experimental frame than any canal cleaning done at a

more local level. It is possible that any impact the intervention had on participation canal cleaning

could impact both levels, so we can view the impact only on the block-level kombit participation

as a lower bound for the impact.

3.2 Sample and Research Timeline

The study includes 804 farmers who cultivate land in four of the irrigation blocks located within

the system managed by AILA. Local collaborating partners selected four blocks that they deemed

conducive to the implementation of the agricultural technology to be part of the program. House-

holds were randomly selected in equal numbers from each of the four blocks for inclusion in the

study. Prior to the implementation of the agricultural technology project, in February-March 2014,

12



all study households completed a household survey on agricultural and other economic activities,

household demographics, and other baseline characteristics.

Following the completion of the survey, we conducted public goods experiments (explained in

further detail in Section 3.3) with a random subsample of farmers in April 2014. Approximately

300 farmers were invited to take part in the experiment treatment. These farmers were sampled

in geographic clusters based on parcel maps created by a local collaborating partner prior to the

baseline survey. To create the sample, I randomly selected 15 farmers from each of the four study

blocs, for a total of 60. Using the map of all parcels in the study blocs, I identified the four parcels

adjacent to or closest to each randomly selected farmer, creating clusters of five neighboring farmers,

a total of 300 individuals. Field guides were provided with lists of these groups of five farmers and

told to find four of them for each group. This oversampling was necessary to ensure four participants

in each group, as some farmers were unavailable to participate for various reasons. Because of the

sampling technique, farmers with more parcels in the study area (the median number of parcels

is two) were more likely to be selected, so I control for number of parcels in all analyses. I treat

non-compliers in the analysis by using both an Intention to Treat (ITT) measure and a Treatment

on the Treat (TOT) measure using the invitation to participate as an exogenous instrument for

participation.2

During the 2014 rainy season, the local irrigation users’ association AILA organized periodic

canal-cleaning work days (kombits) between May and August 2014. Kombits were organized sep-

arately for each production block, with each block organizing between five and 16 days of canal

cleaning. Participation was optional but all farmers were encouraged to participate. AILA collected

names of all participants each day and provided farmers with a small stipend for each day they

participated to cover costs of transportation and food for the day.3

3.3 Experimental Design

The treatment consisted of a session of public goods (PG) game played with farmers in April 2014.

Each farmer participated in one session, which lasted between two and three hours. Participants

2For these measures, we have compliers, non-compliers (never takers), and those not offered treatment. While
those offered treatment had the option of not complying, i.e. not participating in the experiments, those not offered
treatment were not able to participate. As a result, we have no “always takers” in our population.

3The stipend offered was lower than the typical daily wage that farmers in our sample would earn for the day, so
farmers faced a real trade-off between participating in the kombit and real work.
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played in groups of four farmers with neighboring parcels because the games were framed around

cleaning canals shared with neighbors. Each session consisted of five groups of four. The setup and

structure of the game was constant across all groups and sessions.

Farmers played a straightforward PG game in which they were each given ten chips, representing

ten days of work, to allocate between a private payoff, framed as off-farm work, and a shared payoff,

framed as cleaning shared canals. The private activity yielded a constant payoff, while the public

activity yielded a payoff that depended on the aggregate contributions by all group members. If

total contributions exceeded a threshold, the shared canals were clean, and everyone in the group

received a higher payoff from their rice fields. If total contributions fell short of the threshold, all

participants received a lower payoff from farming.

Payoffs were calibrated so that the social optimum was for the group to contribute the threshold

amount, but the private payoff created an incentive for each individual to free-ride on the contribu-

tions of others. Because the threshold exceeded each individual’s initial endowment, no individual

could unilaterally contribute enough to ensure the higher rice yields, so coordination was necessary.

These experiments were designed to simulate the real-life tradeoff between working for a private

benefit and contributing to a public good, where benefits are shared.

In each round of the game participants were asked whether they expected others in the group

to give more, less, or the same, on average, than what they contributed to canal cleaning. These

responses are used as measures of expected cooperativeness of one’s neighbors. These measures

were not incentive-compatible: participants were not given any additional points for correctly

anticipating their neighbors’ behavior.4 However, farmers did, on average, predict fairly well how

their own behavior would compare with their neighbors’, so this measure appears to be relatively

valid.

Farmers played three different games during sessions. The first was a single shot game with

no communication, which can be thought of as a measure of initial propensity to cooperate in the

provision of a public good. In the second game, farmers played repeated, independent rounds of

the same game, presented as multiple rice seasons, with the ability to communicate between each

round. Communication was verbal: each group was given approximately one minute to discuss

4Pre-tests showed that such an award system was difficult for farmers to understand and drew too much focus
away from the primary decision-making in the game.
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anything they wanted before making their decisions in private, though they were instructed not to

make any promises or threats for actions to be taken outside of the game. In the third game, rice

payoffs were uncertain, dependent on a random weather shock. Payoffs were stochastic for both

the clean and dirty canals, but the variance was higher when canals were dirty. The distribution of

the payoffs was symmetric in both cases. The expected difference between the clean-canal payoff

and the blocked-canal payoff was the same as in the non-stochastic game, so the expected returns

to canal maintenance were held constant. This game was included to represent the importance of

clean canals in reducing the negative impacts of weather shocks by reducing flood risk in order to

improve the salience of the game as a learning tool.

At the end of the session, one round from each of the three games was chosen at random to

determine final payoffs. Total payments ranged between approximately 150% and 250% of the

typical daily agricultural wage in the region. All decisions and payments were kept private.

4 Data and Summary Statistics

4.1 Data sources

I draw data from four sources:

1. The baseline household survey of all study participants, conducted in February-March 2014.

Study participants were drawn randomly from all farmers being included in the technology

adoption project.

2. Data from the public goods experiments for all compliers in the treatment group, that is,

those who were invited to the treatment and participated in the experiments.

3. Canal-cleaning data that includes the names of all farmers who participated in kombits, and

the dates on which they participated.

4. A follow-up survey conducted several months after the experiments with the majority of study

participants.
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4.2 Summary of Household Baseline Characteristics

A balance test between the treatment and control group shows that the groups are well balanced

on most household characteristics, providing support for the integrity of the randomization process

(see Table 1). The dummy variables for small commerce, household business, and salaried labor

refer to whether anyone in the household participates in that economic activity (households may

participate in more than one). Because small commerce and small households business income

includes expenses, some households report negative non-farm incomes as well as the more common

negative farm incomes. Because many farmers are non-landowners, I report both land owned and

land cultivated, as well as the share of cultivated land that a farmer owns. About half of farmers

cultivate multiple parcels and in some cases these parcels are outside of our study area, so I report

both the total land owned and cultivated and the land owned and cultivated in the study area.

The one variable that is statistically different between treatment and control groups is the

number of parcels cultivated in the study area. This is due to the sampling design, in which I

randomly selected 60 farmers and chose their closest neighbors to construct geographic clusters.

Farmers with more than one parcel were more likely to be selected as neighbors, so I control for

this variable in all analyses.

We need to be concerned about selection bias if, among those assigned treatment, compliers

and non-compliers are systematically different. The two groups were found to be balanced on

most observables, with several important differences (see Table 3). Several variables related to

land cultivation and ownership are significantly different between the two groups, with compliers

cultivating more parcels than non-compliers and non-compliers owning more land. I discuss later

possible bias from unobservables that could come from farmers’ self-selection into the treatment

and correct for such a possibility using an Intention to Treat measure and Treatment on the Treated

methods.
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Table 1: Balance test on baseline characteristics between treatment and control groups

Treatment Control Difference

Household size 5.02 4.74 0.28
(2.50) (2.48) (0.19)

Age of HH head 53.5 53.5 0.026
(12.4) (13.7) (1.02)

Sex of HH head 0.76 0.71 0.051
(0.43) (0.46) (0.034)

Education of HH head 5.39 5.49 -0.098
(4.39) (4.46) (0.34)

Farm profit (1,000 HTG) 59.7 43.8 15.9
(223.7) (264.0) (19.5)

Nonfarm income (1,000 HTG) 102.7 82.7 19.9
(485.9) (509.7) (38.6)

Total HH income (1,000 HTG) 196.1 171.3 24.9
(557.9) (784.5) (56.0)

Small commerce (0/1) 0.45 0.44 0.0083
(0.50) (0.50) (0.038)

Household business (0/1) 0.15 0.19 -0.042
(0.36) (0.40) (0.030)

Salaried labor (0/1) 0.14 0.12 0.015
(0.34) (0.33) (0.025)

Daily wage labor (0/1) 0.20 0.18 0.017
(0.40) (0.38) (0.030)

Total land owned (1/100 ha) 27.4 29.4 -2.04
(55.7) (64.0) (4.73)

Share of cultivated land owned 0.29 0.33 -0.036
(0.41) (0.43) (0.032)

Total land cultivated (1/100 ha) 61.7 56.2 5.49
(64.1) (73.0) (5.41)

Total parcels cultivated 2.45 2.32 0.13
(1.52) (1.54) (0.12)

Land cultivated in study (1/100 ha) 49.8 43.6 6.13
(54.1) (49.1) (3.89)

Parcels cultivated in study 2.01 1.82 0.19**
(1.34) (1.17) (0.094)

N 561 243 804

Standard errors in parentheses

* p<0.1, ** p<0.05, *** p<0.01

This table provides sample statistics on the farmers’ baseline demographic characteristics and differences, among all
farmers selected for treatment, between compliers and non-compliers.
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Table 3: Balance test on baseline characteristics between compliers and non-compliers

Compliers Non-Compliers Difference

Household size 5.09 4.63 0.46
(2.51) (2.45) (0.44)

Age of HH head 53.5 53.8 -0.27
(12.0) (14.8) (2.19)

Sex of HH head 0.76 0.74 0.024
(0.43) (0.45) (0.076)

Education of HH head 5.37 5.49 -0.11
(4.42) (4.29) (0.79)

Farm profit (1,000 HTG) 64.4 33.7 30.7
(241.3) (70.2) (40.0)

Nonfarm income (1,000 HTG) 113.8 42.6 71.2
(525.0) (141.6) (85.9)

Total HH income (1,000 HTG) 213.6 100.9 112.7
(600.8) (177.4) (99.7)

Small commerce (0/1) 0.46 0.37 0.095
(0.50) (0.49) (0.088)

Household business (0/1) 0.14 0.21 -0.069
(0.35) (0.41) (0.064)

Salaried labor (0/1) 0.15 0.053 0.099
(0.36) (0.23) (0.060)

Daily wage labor (0/1) 0.21 0.11 0.11
(0.41) (0.31) (0.070)

Total land owned (1/100 ha) 24.2 44.6 -20.4**
(43.2) (98.0) (9.76)

Share of cultivated land owned 0.28 0.37 -0.089
(0.39) (0.48) (0.072)

Total land cultivated (1/100 ha) 62.6 56.6 6.00
(60.4) (81.7) (11.3)

Total parcels cultivated 2.55 1.92 0.63**
(1.58) (1.00) (0.27)

Land cultivated in study (1/100 ha) 50.6 45.4 5.24
(53.8) (56.1) (9.56)

Parcels cultivated in study 2.09 1.55 0.54**
(1.41) (0.76) (0.23)

N 205 38 243

Standard errors in parentheses

* p<0.1, ** p<0.05, *** p<0.01

This table provides sample statistics on the farmers’ baseline demographic characteristics and differences, among all
farmers selected for treatment, between compliers and non-compliers.
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4.3 Summary of Experiment Data

Overall cooperation levels were high in all rounds of the public goods games, and increased as

the game was repeated. The game was designed to make coordination challenging, by setting the

threshold for reaching the higher rice profit at 25, a number not divisible by four. The efficient

average contribution, i.e. the minimum contribution necessary to reach the high-yield threshold,

was 6.25, which some groups achieved in a “fair” manner by each contributing six and taking turns

over the rounds giving seven. Average contributions were slightly below the efficient level in the first

round, at 6.19 days, but in all subsequent rounds the average was above 6.25. Mean contributions

over the seven rounds of the second game were 6.49, and over the seven rounds of the third game,

6.70. Average contributions rose slightly over the 15 rounds (see Figure 1), but the increase is not

statistically significant. The variance in contributions did not change over time.
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Figure 1: Average Individual Contributions to the Public Good
This figure shows average contributions, with 95% confidence intervals, for each round. Round 1 was the one-shot

game with no communication; rounds 2-8 were the repeated game with verbal communication allowed between each
round; rounds 9-15 were the repeated game with verbal communication and stochastic public goods payoffs.

As public goods contributions increased over rounds, average profits tended to increase as well

as the game was repeated. These findings are consistent with previous literature demonstrating

learning over the course of coordination games. I also find that the correlation between a partici-
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pant’s contribution to the public good and the contributions of others in the group increases over

time, which suggests improved coordination among group members over repetitions of the game.

These findings suggest that farmers may be learning over time the role the public good plays in

their farm profits within the context of the game and learning more about how the other members

of their group participate in provision of the public good.
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Figure 2: Percent of Groups Achieving the Cooperative Threshold
This figure shows the percent of groups that achieved the cooperative threshold, defined as the level of contributions
to the public good that results in high payoffs from the public good for all participants. Round 1 was the one-shot

game with no communication; rounds 2-8 were the repeated game with verbal communication allowed between each
round; rounds 9-15 were the repeated game with verbal communication and stochastic public goods payoffs.

A more informative measure of successful cooperation than average contributions is the number

of groups that cross the threshold between the low and high payoff, which I’ll refer to as the

cooperative threshold (see Figure 2). Here we also see improvement over time. In the first round,

55% of groups successfully achieve or exceed the cooperative contribution level. This number

generally increased over the rounds, and in the final round 83% of groups cross the threshold. In

this case the number of groups achieving cooperation in each of the last four rounds was statistically

different from the first round.
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4.4 Summary of Canal Cleaning Data

Of all of the households in the study, 11.5% participated in at least one day of canal cleaning during

the planting season. Table 5 shows details on kombit participation for treated and control farmers,

including both a measure for whether or not the farmer participated and measures of their level

of participation. Not every farmer in our sample had the same opportunity to participate in the

kombits, as each irrigation bloc organized its own cleaning schedule with a varying number of total

days. This variation is due to differences in organizational capacity between the irrigation blocs as

well as possible differences in the need for canal cleaning because of differences in drainage capacity

and other physical characteristics. Due to this variation, another way to quantify an individual’s

level of participation that accounts for differences in opportunity to participate is to calculate the

share of canal cleaning days organized in one’s bloc in which the individual participated.

Table 5: Kombit participation among treated and control farmers

Treatment Control Difference

Kombit (0/1) 0.14 0.093 0.051**
(0.35) (0.29) (0.024)

Kombit Days 1.51 0.75 0.76***
(3.72) (2.48) (0.22)

Kombit Share 0.12 0.063 0.053***
(0.29) (0.21) (0.018)

Standard errors in parentheses

* p<0.1, ** p<0.05, *** p<0.01

This table shows participation in canal cleaning kombits for treated and control farmers. Kombit (0/1) is a dummy
variable indicating whether a farmer participated in any canal cleaning. Kombit Days is the number of days farmers
participated in canal cleaning. Kombit Share refers to the number of days that farmers participated, as a share of

the number of days that were organized in each farmer’s irrigation block.

5 Empirical Results

5.1 The Impact of Public Goods Games on Canal Cleaning

The primary question about the impact of exposure to public goods games on real-world public

goods contributions is simply whether those exposed to the games were more likely to participate
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in any kombits, or canal cleaning. To investigate this question I estimate a linear probability model:

Ki = β0 + β1Ti +X ′iβ2 + εi (4)

where Ki is a dummy variable indicating whether farmer i participated in any kombits during the

season, Ti indicates whether the farmer was exposed to the public goods games treatment, and

Xi is a vector of household controls. The household controls included are: age of household head,

sex of household head, household size, education of household head, farm profit, non-farm income,

number of parcels cultivated (total and in the study), land cultivated (total and in the study), the

share of parcels cultivated that are owned, and production block.

Because of the possible bias caused by non-compliance by some farmers assigned to the treat-

ment group, I present both an Intention to Treat (ITT) analysis and a Treatment on the Treated

(TOT) analysis. The compliance rate was approximately 80%. This rate is a result of the design,

in which we invited five people for each group of four to ensure the appropriate number of people

would participate. For the ITT specification, I define Ii to indicate whether farmer i was invited

to participate in the PG games:

Ki = β0 + β1Ii +X ′iβ2 + εi (5)

In the TOT analysis, I define as treated only as those who received the treatment, i.e. those

who were invited and participated in the games. Selection into participation among those invited

causes concern about endogeneity, as possible systematic differences between those who agree to

participate and those who refuse could bias our results. I therefore conduct the TOT analysis using

an instrumental variables approach, with the invitation to participate as the exogenous instrument:

Ki = β0 + β1P̂i +X ′iβ2 + εi (6)

where P̂i is the predicted probability of participation in the games based on the first-stage regres-

sion:5

Pi = α0 + α1Ii +X ′iα2 + εi (7)

5The F statistics in the first-stage regression are 3476 and 182.5 with and without household controls, respectively.
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Results of both approaches are presented in Table 7, with the second column for each specifica-

tion displaying results from regression models that include household controls. I present ITT results

in columns 1 and 2 and TOT results, using invitation to participate as an instrument, in columns 3

and 4. Because treatment was implemented to groups of four neighboring farmers, standard errors

in all analyses are clustered at the experimental group level. Control farmers have been assigned to

geographic clusters of the same size as those in the treatment group, based on the same maps that

were used to create groups for the experiments. Such clustering allows us to correct for possible

spatial correlation in errors, which could occur if local variation in water manageability or canal

quality is correlated with the error.

Table 7: Probability of Kombit Participation

ITT TOT(IV)
Kombit (0/1) Kombit (0/1) Kombit (0/1) Kombit (0/1)

PG Games: Invited 0.051* 0.048*
(0.028) (0.028)

PG Games 0.061* 0.057*
(0.034) (0.033)

Constant 0.093*** 0.036 0.093*** 0.039
(0.012) (0.064) (0.012) (0.063)

Household Controls No Yes No Yes

Observations 804 777 804 777
Adjusted R2 0.005 0.042 0.008 0.046

Standard errors (in parentheses) are clustered at the group level

* p<.1, ** p<.05, *** p<.01

This table estimates the probability of participating in any canal cleaning kombits as a function of the experimental
treatment. Household controls include age of household head, sex of household head, household size, education of

household head, farm profit, non-farm income, number of parcels cultivated (total and in the study), land cultivated
(total and in the study), the share of parcels cultivated that are owned, and production block.

The results show a weakly significant but substantial increase in the probability of participating

in canal cleaning for farmers who participated in the PG games. Exposure to the games increased

the likelihood of kombit participation by five to six percentage points, a substantial increase given

the average participation rate of 11.5%. The ITT results are approximately 20% smaller in magni-

tude than the TOT results, as expected given the take-up rate, with a similar significance level.

5.2 Intensity of Kombit Participation

To examine the treatment effect in more detail, we can ask whether exposure to the PG games affects

farmers’ level of participation in the kombits. In this analysis, I focus on two outcome variables
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that measure the intensive margin of kombit participation. The first is the number of days that a

farmer spent cleaning canals, which ranges among participants from 5 to 16. The second measure I

use is the number of days spent cleaning as a share of the number of days organized in one’s block,

which accounts for the fact that farmers in different irrigation blocks were requested to participate

for a different number of days.

With both of these measures, I use a Tobit model, where we can think of our desired outcome

variable K∗i as farmer i’s propensity to participate in the kombits:

K∗i = β0 + β1Ti +X ′iβ2 + εi (8)

but we only observe Ki, his actual participation level.

Ki =


K∗i if K∗i > 0

0 if K∗i ≤ 0

(9)

The Tobit model accounts for the fact that all observations of zero are not equivalent. If we

believe that those who participate in canal cleaning are somehow different from those who do not

participate, a simple linear regression will not capture the distinction between participants and

non-participants. Conceptually, we can think of a linear regression in this case as treating the

distance between zero days of participation and one day the same as the distance between five and

six days of participation. On the contrary, the move from zero days to one day is a move from non-

participant to participant, so we need a model that treats positive values as fundamentally different

from zero values. If we imagine that some non-participants are closer to participating than others,

a small nudge toward participation may push the former group into participation while a bigger

nudge would be required for the latter group. Mathematically, we can think of individuals with a

E(K∗i |Ti = 0) negative but close to zero being only a short distance from becoming contributors,

so they will be more likely to respond to treatment by become contributors than individuals with

E(K∗i |Ti = 0) large and negative.6

6I choose a Tobit model rather than a Heckman-style selection model that specifies two distinct processes for the
selection equation and the outcome equation because in this context, there are no variables that can reasonably be
excluded from the outcome equation, as required by a selection model. In some settings there are factors that influence
the decision to participate but not the decision regarding how much to participate. The decision to participate in the
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We cannot model the effect of the treatment on participation levels by looking only at those

who participate, because selection into participation in the canal cleaning days is not random, as

I showed in the first result. The treatment has a clear impact on whether or not one chooses to

participate in canal cleaning, and is likely to induce what we may call “marginal” participators

into canal cleaning; these are farmers who would not have participated had they not been treated

with the PG games. We would expect participation levels among these marginal participators to

be lower than among always-participators, i.e. those who would have participated regardless of

treatment status, so we would expect the estimated treatment effect on participation levels among

participants only, without accounting for the distinction between participants and non-participants,

to be biased downward.

In this section, I conduct only an ITT analysis because instrumental variables analysis is biased

in a Tobit model with a binary endogenous regressor. The ITT measure is more conservative than

the TOT measure, so we could consider the results to be a lower bound for the effect. The treatment

has a large impact on the amount of time spent participating in kombits: approximately four days,

or in the share model, one-third of the number of days organized in one’s block. The results are

presented in Table 8.

Table 8: Level of Participation in Canal Cleaning: Tobit Model (ITT)

Kombit Days Kombit Days Kombit Share Kombit Share

PG Games: Invited 4.82*** 4.09** 0.38** 0.31**
(1.72) (1.59) (0.15) (0.14)

Constant -18.6*** -22.1*** -1.59*** -2.07***
(1.62) (4.90) (0.14) (0.43)

Household Controls No Yes No Yes

Observations 804 777 804 777

Standard errors (in parentheses) are clustered at the group level

* p<.1, ** p<.05, *** p<.01

This table estimates the level of participation in canal cleaning kombits as a function of the experimental treatment.
Columns 1 and 2 use as the outcome variable the number of days spent canal cleaning, while columns 3 and 4 use
the number of days as a share of the total number of days organized in each farmer’s canal. Household controls
include age of household head, sex of household head, household size, education of household head, farm profit,

non-farm income, number of parcels cultivated (total and in the study), land cultivated (total and in the study), the
share of parcels cultivated that are owned, and production block.

It is clear that, regardless of which outcome measure we use, exposure to the public goods games

job market, for example, may be influenced by fixed costs to searching for a job that do not affect the hours worked
once one has joined the job market. In this setting, no such exclusion restrictions seem valid. For a robustness check,
I conducted the same analysis using the Heckman model and the results were qualitatively similar.
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leads to a substantial increase in kombit participation. What these results don’t tell us, however,

is why we observe the results we do. As discussed in Section 2, there are several possible pathways

through which exposure to the collective action dilemma in the form of a field experiment may lead

to behavior change. In the next section, I examine possible mechanisms that could be driving the

treatment effect.

6 Mechanisms

We can use differences observed within the experiments as well as data from other surveys conducted

with our sample to explore the reasons why we see the impact on kombit participation that we do.

The set-up of the game, framed to approximate the real relationship between canal cleaning and

rice production, may teach farmers something about the technical, physical relationships between

rice yields, canal functionality, and labor inputs into canal maintenance. Farmers may learn about

the role of canal performance in the production function for rice, Yi = f(xi, g(Z)), or about the role

of time spent canal cleaning in the production function for canal performance, g(Z). If this is the

case, we can see the experimental treatment as a pedagogical tool to improve farmers’ knowledge

of the relevant production functions.

We can also think about the games as an opportunity to learn about a social technology. A

key input into the functionality of a canal is the labor contributed by other individuals with whom

one shares the canals. An individual’s expectations of yields depends on his understanding of the

technical production function as well as his expectations of the behavior of the others with whom

he shares a canal. The experiments may affect the latter if they allow him to learn something

about his plot neighbors. Finally, the utility that farmers obtain from contributing to a public

good may depend on characteristics of or his relationships with those with whom he shares the

public good. The experiments provide a venue to learn more about those who benefit from his

cooperative behavior, which could, in itself, influence his contributions.

In this section I explore technical and social mechanisms to provide some suggestive evidence

of the mechanism driving the treatment effect.
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6.1 Technical Learning About the Production Functions

One way the experimental treatment could influence behavior is by acting as a pedagogical tool

to improve understanding of the trade-offs between private work and contributions to the public

good and the benefits of the public good: the yield production function, Yi = f(xi, g(Z)) or the

production function of the public good itself g(Z). If participation in the games teaches treated

farmers about the benefits of clean canals, this increased awareness should increase contributions

to the public good.

Optimization of inputs into agriculture depends on knowledge of the production function, which

is not known ex ante. There is a growing literature on how farmers learn about production functions,

both from their own experience, (e.g. Foster and Rosenzweig (1995)) and from the experience of

others (e.g. Besley and Case (1993); Conley and Udry (2001)). These learning models typically

assume that data, either from one’s own farm or neighbors’ farms, is they key input into learning.

However, examples of individuals failing to assimilate all of the available information into their

understanding of production functions suggests that the availability of data is not sufficient for

learning. In a model of incomplete learning, Hanna, Mullainathan, and Schwartzstein (2014) show

that farmers selectively choose which information to pay attention to when their production function

depends on many inputs. Failing to notice a key input leads farmers to produce far below their

productivity frontier despite the availability of data on the ignored input. In a similar manner,

farmers in our study may, despite their experience and the availability of information on the role of

water management in rice production, ignore its importance as an input when making their time

allocation decisions. The experiments, by highlighting the importance of water management, may

prime farmers to pay more attention to this input.

To examine whether the experiments served to increase understanding of the role of management

in rice production, we asked farmers to estimate the production functions in order to compare

responses between treatment and control farmers. In a follow-up survey conducted several months

after the PG games were conducted, we asked farmers to estimate how their yields would change

as a function of the performance of the canal running closest to their parcels. Farmers were able

to estimate these differences without much trouble: only a handful of farmers responded with “I

don’t know” and only one estimated higher yields when the canals were blocked than when they
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were clean. Figure 3 shows density curves for expected yields at each level of canal functionality,

reported as the share of the maximum yield farmers expected when canals are at the highest

level. Pairwise t-tests between means show that the mean for each level of canal performance is

statistically different from each other level, showing some consistency among farmers in estimating

the relationship between canal performance and expected yields.
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Figure 3: Yield production function estimates
Farmers estimated their expected yields on their main field for five levels of canal performance (blocked, partially

blocked, passable, somewhat clean, and clean). This figure represents estimates for each level as a share of the
expected yield when canals are at the cleanest level.

If we hypothesize that the PG games changed kombit participation by changing something

about farmers’ understanding of the yield production function, we would expect to see differences

in how canal performance affects expected yields between treatment and control farmers. I test

whether this is the case with a simple model:

EYi = β0 + β1C + β2Ti + β3Ti ∗ C +X ′iβ4 + εi (10)

where EYi is the farmer’s estimated yield, as a share of the maximum possible yield, C is the

level of canal performance, and Ti ∗ C is an interaction term between treatment and the canal
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performance level. Note that in this specification, each farmer has four observations: one for each

canal performance level other than the highest level.

If the treatment changed farmers’ perceptions of the effect of canal performance on yields, we

would expect a significant coefficient on the interaction term, β3. Instead, we observe that while

farmers attribute higher yields to better-performing canals (the coefficient β1 is positive and strongly

statistically significant), we do not observe any difference between the treatment and control group

(see Table 9). These results do not provide any evidence for a treatment effect on learning about

the relationship between canals and yields.

Table 9: Yield Estimates as a Function of Canal Performance: Testing for Treatment Effect
Yield Estimate as a Share of Maximum Yield Estimate as a Share of Maximum

Canal Cleanliness Level 0.19*** 0.19***
(0.0026) (0.0026)

PG Games: Invited -0.027 -0.027
(0.023) (0.023)

Canal Level * Treatment 0.0043 0.0038
(0.0046) (0.0048)

Constant 0.083*** 0.084***
(0.012) (0.032)

Household Controls No Yes

Observations 2914 2814
Adjusted R2 0.744 0.743

Standard errors (in parentheses) are clustered at the group level

* p<.1, ** p<.05, *** p<.01

Farmers estimated their expected yields on their main field for five levels of canal performance (blocked, partially
blocked, passable, somewhat clean, and clean). This table estimates the farmers’ expected yields for each level as a

share of the expected yield when canals are at the cleanest level.

We can also look at farmers’ estimation of the public goods production function, that is, the

performance of the canals as a function of the amount of time spent cleaning them. In the same

follow-up survey, we asked farmers to estimate how many days each farmer in the production block

would have to spend cleaning to bring a canal to a functional level, depending on its current level.

A density curve for each initial cleanliness level is shown in Figure 4. Again, a t-test between each

level shows that the mean number of days farmers estimate are required for each initial cleanliness

level is statistically different; in other words, the number of days required to clean a blocked canal

is statistically different from the number of days required to clean a somewhat blocked canal, and

so on.

As with the rice yield production function, if we think that the treatment changed farmer’s

understanding of the relationship between time spent cleaning the canals and their functionality,
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Figure 4: Public good production function estimates
Farmers estimated the labor require to clean canals from four different starting points (blocked, partially blocked,

passable, and somewhat clean). This figure represents estimates for each level of canal cleanliness and tests whether
the estimated relationship between yields and canal performance vary by treatment status.

we would expect to see a difference between the treatment and control groups in this question. We

can test this with a similar specification to the test of the yield production function:

EDi = β0 + β1C + β2Ti + β3Ti ∗ C +X ′iβ4 + εi (11)

where EDi is farmer i’s estimate of the number of days of labor each person in the block would

have to contribute to clean the canal, based on its initial level of cleanliness. If the PG games

changed farmers’ perceptions of the public goods production function, we would expect a significant

coefficient on the interaction term. As with the yield production function, we observe a clear

relationship between the days required to clean the canal and its initial cleanliness level, but we do

not observe that this relationship depends on treatment status (see Table 10).

While these results do not provide conclusive evidence that learning is not taking place, I

cannot reject the null hypothesis that farmers who received the experimental treatment have the

same understanding of both production functions as those in the control group. This result suggests

30



Table 10: Canal Performance as a Function of Labor Input: Testing for Treatment Effect

Labor Required to Clean Canal Labor Required to Clean Canal

Canal Cleanliness Level -1.41*** -1.41***
(0.059) (0.060)

PG Games: Invited -0.15 -0.24
(0.64) (0.64)

Canal Level * Treatment 0.025 0.028
(0.14) (0.15)

Constant 7.14*** 8.90***
(0.26) (0.88)

Household Controls No Yes

Observations 2321 2241
Adjusted R2 0.192 0.220

Standard errors (in parentheses) are clustered at the group level

* p<.1, ** p<.05, *** p<.01

Farmers estimated the labor require to clean canals from four different starting points (blocked, partially blocked,
passable, and somewhat clean). This table estimates the farmers’ expected labor requirements for each level of

canal cleanliness and tests whether the estimated labor requirements for canal cleaning vary by treatment status.

that learning may not be the primary mechanism driving the observed treatment effect.

6.2 Social Learning About Plot Neighbors

The link between social capital and collective action has been documented in many contexts,

demonstrating that social bonds and norms can often be more effective tools for managing shared

resources than formal rules and regulations (Sethi and Somanathan (1996); Pretty (2003); Ostrom

(2014)). Social capital has been defined in a number of ways, but it typically includes elements of

social networks and social norms that enable people to act collectively. In this section I explore

these two elements to study whether the experimental treatment had any effect on either norms or

social networks, and whether these characteristics affect behavior.

6.2.1 Social Norms

If conforming to a behavioral norm is an important driver of one’s decision to participate in canal

cleaning, an important piece of information that one may learn from participation in the games

is what kind of behavior they can expect from their neighbors. Participants who learn that their

neighbors are unlikely to contribute to communal canal-cleaning days may experience a different

treatment effect than those who learn that their neighbors are likely to contribute.

To analyze the differential treatment effect by neighbors’ contributions, I separate the treatment
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group into two groups, based on the initial contributions of other members of the group during the

PG games:

1. High-contribution treatment: I define THi as a dummy variable indicating that the average

contribution of all other members of farmer i’s group (excluding i’s own contribution) in the

first round was above the optimal contribution. Recall that the optimal average contribution

is 6.25.

2. Low-contribution treatment: I define TLi as a dummy indicating that the average contribu-

tion of other members in the first round was below the optimum of 6.25

For farmers in the treatment group, either THi = 1 or TLi = 1, while for farmers in the control

group, THi = TLi = 0. With these new treatment variables, my estimating equation is:

Ki = β0 + β1THi + β2TLi +X ′iβ3 + εi (12)

In any analysis that includes behavior in the PG games as part of the treatment, we have to

be concerned about endogeneity. Farmers who contribute more of their endowment to the public

good during the games were found to contribute more time to canal cleaning in real life, but this

is likely to be simply an indication that cooperative individuals cooperate more in both contexts.7

In this model use the initial contributions of others in the group in this section as it is the only

measure from the game that has not been influenced directly by the game behavior of other farmers

in the group. After the first round, each participant’s behavior may be a reaction to the behavior

of others in the group, so all decisions made after the first round are at least partly endogenously

determined. By considering only the initial contributions of others, we can divide the treatment

group into two in order to get two separate treatment effects: the effect of playing the game with

a group of high contributors and the effect of playing the game with a group of low contributors.

The challenge with using in-game behavior as part of the treatment is that we only have such

data for compliers. As previously discussed, excluding those who were invited but did not partici-

pate could result in bias if compliers are systematically different from non-compliers. To solve this

7In a simple model estimating the probability of participation in kombits separately for treated farmers who
contributed above the optimal contribution level on average, and those who contributed below on average, I find that
the former group is 10-11 percentage points more likely to participate in kombits, while I find no treatment effect for
the latter group.
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problem, I define the treatment variable for non-compliers as the average of the treatment variable

for members of the same group. Each person who was invited to participate was assigned to a group

in which he would have participated, based on geographic clusters. I therefore can use the average

contributions of that group to assign a treatment level even to those who did not participate, as

the treatment they would have received had they complied. I can use this measure to include all

invited farmers in the analysis, in both an ITT measure and an Instrumental Variables analysis

using the invitation to participate multiplied by the hypothetical treatment level as an instrument.8

Table 11: Treatment Effect Varies Depending on Initial Contribution Level of Others in Group

ITT TOT(IV)
Kombit (0/1) Kombit (0/1) Kombit (0/1) Kombit (0/1)

Others Above Optimum 0.091** 0.071* 0.11** 0.082*
(0.041) (0.040) (0.048) (0.045)

Others Below Optimum 0.014 0.026 0.020 0.032
(0.035) (0.036) (0.039) (0.041)

Constant 0.092*** 0.030 0.092*** 0.033
(0.012) (0.064) (0.012) (0.063)

Household Controls No Yes No Yes

Observations 809 781 809 781
Adjusted R2 0.008 0.045 0.011 0.049

Standard errors (in parentheses) are clustered at the group level

* p<.1, ** p<.05, *** p<.01
In this table I re-estimate the primary model testing the treatment effect on the probability of participation in

kombits with the treatment group separated into two groups: farmers in groups in which the average contributions
of other group members in the first round was above the optimal contribution level, and those in groups in which

the average contributions we below the optimum.

When we allow the treatment effect to vary by initial impressions of other group members’

contributions, we see that the increase in real-world participation in kombits is present only for those

whose group members are high contributors. In Table 11 I show the result with the probability of

any kombit participation as the outcome variable. For those who were in groups where other group

members contributed above the optimum, the increase in the probability of participating in kombits

is higher in magnitude than the initial result with all treated farmers grouped together. For those

in groups where others contributed below the optimum, we do not see a statistically significant

effect.

8As robustness checks I’ve estimated the following alternative specifications: dropping all of the non-compliers
from the analysis, running two separate regressions with the two separate treatment groups. Both alternatives yield
the same results as the estimation presented here.

33



We observe a very similar result when we consider the level of kombit participation as the

outcome variable: a strong, statistically significant, relationship between the high-contribution

treatment and participation, and little evidence of a relationship between the low-contribution

treatment and participation. I again use a Tobit ITT model to examine the effect on the number

of days of participation (see Table 12).

Table 12: Treatment Effect Varies Depending on Initial Contribution Level of Others in Group
(Level of Participation: Tobit-ITT)

Kombit Days Kombit Days Kombit Share Kombit Share

Others Above Optimum 6.68*** 5.05*** 0.53*** 0.40**
(2.04) (1.90) (0.18) (0.17)

Others Below Optimum 2.85 2.97 0.22 0.22
(2.47) (2.29) (0.21) (0.20)

Constant -18.6*** -22.4*** -1.59*** -2.10***
(1.62) (4.88) (0.14) (0.43)

Observations 809 781 809 781

Standard errors (in parentheses) are clustered at the group level

* p<.1, ** p<.05, *** p<.01

In this table I estimate the treatment effect on the level of participation in kombits, using both measures of
participation level (days and share of the total days organized in one’s block) with the treatment group separated

into two groups: farmers in groups in which the average contributions of other group members in the first round was
above the optimal contribution level, and those in groups in which the average contributions we below the optimum.

This finding suggests that expectations of others’ participation in public goods provision may

explain the mechanism driving the treatment effect we see. As discussed in Section 2, information

about others’ behavior could matter if conforming to a norm is important to individuals. If one

places value on contributing at a similar level to one’s neighbors, learning that others are likely to

contribute at a high level is likely to increase contributions.

While this analysis uses only others’ contributions in the first round because of the concern

about exogeneity of later behavior within the game, first-round behavior is a strong predictor of

later behavior throughout the game, as shown in Table 13. We can see here that the probability of

the group arriving at or above the optimal contribution level by the end of the game is significantly

and positively correlated with first-round behavior. I use two different measures of first-round

behavior: the total contribution level in the first game (shown in Columns 1 and 2) and a dummy

indicating whether or not the group contribution level was at or above the optimum in the first

round (Columns 3 and 4). Both measures provide similar results.

We can examine the in-game data on how individuals respond to others’ behavior as further
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Table 13: Final Contributions as a Function of First-Round Contributions
Dependent Variable: Final Round Above Optimum

Total Contributions: Game 1 0.024*** 0.025***
(0.0062) (0.0063)

First Round Above Optimum 0.40*** 0.42***
(0.064) (0.065)

Constant 0.100 0.25 0.41*** 0.52***
(0.19) (0.27) (0.087) (0.19)

Household Controls No Yes No Yes

Observations 210 202 212 204
Adjusted R2 0.071 0.197 0.161 0.282

Standard errors in parentheses

* p<.1, ** p<.05, *** p<.01

evidence of a propensity to conform to a common norm. Treating the within-game behavior as

time series data, we can analyze how an individual’s contributions to the public good evolve over

the rounds of the game in response to the contributions of others with a simple specification:

PGit = φ0 + φ1PGit−1 + φ2Oit−1 +X ′iφ3 + εit (13)

where PGit is farmer i’s contribution to the public good in time t and Oit is the average contribution

of other members of farmer i’s group in time t. The estimation results are presented in Table 14.

We see clearly that both one’s own behavior in previous rounds and the behavior of others are

strong predictors of behavior in subsequent rounds.

Table 14: In-Game Contributions Over Time
Contributions to PG Contributions to PG

Contributions to PG (t-1) 0.57*** 0.58***
(0.036) (0.035)

Avg PG Contribution of Group Members (t-1) 0.24*** 0.22***
(0.043) (0.037)

Constant 1.28*** 1.24***
(0.31) (0.43)

Household Controls No Yes

Observations 3346 2758
Adjusted R2 0.471 0.485

Standard errors in parentheses

* p<.1, ** p<.05, *** p<.01

This finding supports the assertion that the behavior of others is a driver of one’s own behavior,
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which may explain why those who learn that the farmers with whom they share a canal are more

cooperative within the game are in turn morel likely to contribute at higher levels after the games

are over.

6.2.2 Social Networks

A related potential social effect of the treatment is the social connectedness between farmers. The

precise definition of social capital is heavily debated, but it typically includes elements of trust

or norms as well as social networks. To explore this latter element, we surveyed farmers several

months after the PG games to measure their level of connectedness to their plot neighbors.

Each farmer was asked four questions about each other person in their geographic cluster:

whether the person is a plot neighbor, whether they ask the person for or give advice on farming

matters,9 and whether they share labor. Note that all of the people about whom these questions

were asked were plot neighbors according to our maps of the study area, so the first question is

a test of whether the farmer knows the other person farms a plot near them. It is possible for a

farmer to answer yes to another social network question without knowing whether the farmer in

question was a plot neighbor: 31% of farmers answered yes to at least one other question about

another farmer they knew without identifying that person as a plot neighbor. In Table 15 I show

a summary of responses to the social networks questions for treated and control farmers with a

pairwise test of means between the two groups.

Table 15: Social Networks: Summary and T-Test

Treatment Control Difference

Knows Plot Neighbors 0.63 0.49 0.14***
(0.34) (0.35) (0.030)

Asks/Gives Farm Advice 0.56 0.42 0.14***
(0.37) (0.36) (0.032)

Shares Labor 0.21 0.15 0.063**
(0.34) (0.28) (0.026)

Any Soc. Net. Question 0.68 0.54 0.13***
(0.33) (0.35) (0.030)

Standard errors in parentheses

* p<0.1, ** p<0.05, *** p<0.01

9There was almost complete overlap between these two responses, so I have grouped them into a single variable.
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I define a social network variable for each question as the share of the other people in one’s

group for whom one answers yes to the question. I construct the variable as a share because the

group size varied slightly. Most groups were five people, so each person was asked the social network

questions about four others; if an individual identified three of the other four as plot neighbors,

the variable “Knows Plot Neighbors” is equal to 0.75. I additionally define a variable “Any Social

Network Question” as the share of people in one’s group for whom the farmer answered yes to at

least one of the four questions.

To test the effect of the treatment on social connectedness, I run separate regressions of each

social network variable on the treatment. The results are presented in Table 17. Here I show the

ITT analysis, but the result is nearly identical for TOT analysis using the invitation to participate

as the instrument for participation. The effect of the treatment on social networks is quite strong:

participation in the games increases the share of people an individual identifies for each measure

by around 50%.

Table 17: Treatment Effect on Social Networks
Knows Plot Neighbors Asks/Gives Farm Advice Shares Labor Any Soc. Net. Question

PG Games: Invited 0.15*** 0.13*** 0.071** 0.13***
(0.034) (0.035) (0.029) (0.034)

Constant 0.32*** 0.28*** 0.18** 0.42***
(0.083) (0.089) (0.071) (0.085)

Household Controls Yes Yes Yes Yes

Observations 584 584 584 584
Adjusted R2 0.070 0.050 0.013 0.043

Standard errors (in parentheses) clustered at the group level

* p<.1, ** p<.05, *** p<.01

As a robustness check, we can look at social connectedness of treated and control farmers before

the experiments using similar social network questions asked at baseline. While the questions were

similar, it is important to note that they were asked of five randomly selected farmers in the

production block, not specifically of parcel neighbors. Nonetheless, this check provides evidence

that the treatment was uncorrelated with initial levels of social connectedness in general, so the

higher responses to social network questions among treatment farmers appear to be caused by

exposure to neighbors in the PG games (see Table 18).

Of course, the effect of the treatment on social connectedness only matters if connectedness

itself is actually related to the variable of interest, participation in kombits. In Table 20 I show

that this is the case. All of the social network variables are correlated with greater participation in
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Table 18: Social Networks Robustness Check: Summary and T-Test

Treatment Control Difference

Related 0.024 0.025 -0.0011
(0.12) (0.12) (0.0093)

Asks Farm Advice 0.033 0.026 0.0065
(0.16) (0.14) (0.011)

Gives Farm Advice 0.033 0.030 0.0030
(0.15) (0.15) (0.012)

Shares Labor 0.020 0.019 0.00050
(0.12) (0.11) (0.0089)

Any Soc. Net. Question 0.086 0.076 0.010
(0.42) (0.38) (0.030)

Standard errors in parentheses

* p<0.1, ** p<0.05, *** p<0.01

canal-cleaning days. To interpret the magnitude of the coefficients, we can think about the typical

farmer who has four other farmers in his group. An increase of one person with whom the farmer

says he shares communal labor, i.e. a 0.25 increase in the share, is associated with an increase

in the probability of kombit participation of four percentage points. This is a substantial increase

given the average participation rate of 11.5%, implying that one new connection with a neighbor

is correlated with a 35% increase in kombit participation.

Table 20: Participation Effect of Social Networks

Kombit (0/1) Kombit (0/1) Kombit (0/1) Kombit (0/1)

Knows Plot Neighbors 0.074*
(0.041)

Asks/Gives Farm Advice 0.14***
(0.037)

Shares Labor 0.16***
(0.057)

Any Soc. Net. Question 0.13***
(0.041)

Constant -0.018 -0.034 -0.023 -0.049
(0.079) (0.076) (0.078) (0.078)

Household Controls Yes Yes Yes Yes

Observations 584 584 584 584
Adjusted R2 0.063 0.078 0.076 0.074

Standard errors (in parentheses) clustered at the group level

* p<.1, ** p<.05, *** p<.01
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While I fail to find convincing evidence supporting a technical mechanism driving the treatment

effect, I do find support for social mechanisms operating both through norms and social networks.

It is important to note that these two mechanisms are not mutually exclusive; farmers may be

learning both about the technical relationship between canal function and yields and about their

neighbors at the same time. And though I fail to reject the null hypothesis that there is no impact

on learning, we cannot rule out that learning may, in addition to the effect on social norms and

social networks, be playing a role in the treatment effect we see.

7 Conclusion

This paper examines whether experimental lab-in-the-field games can serve as a pedagogical tool

to change real-world behavior in a context similar to that modeled in the games. While previous

studies have connected in-experiment behavior to real-world decisions, using experiments to influ-

ence decision-making outside of the game is a new area of research that could be promising for

policy interventions aimed at changing similar behaviors.

Voluntary contributions to a public good provide just one example of a setting where behavior

often does not conform to neoclassical predictions: we very often see, in experiments and in the

real world, that people contribute and cooperate at a higher rate than one might predict based

only on the expected financial returns to cooperation. Such behavior is highly variable across

different settings, so behavioral interventions aimed at increasing public goods contributions have

the possibility to improve welfare substantially in settings where contributions are sub-optimal.

In this paper I find that exposure to a public goods games designed to replicate the strategic

considerations farmers face in the real world increases the average probability of contributing to a

public good by approximately 66%. In terms of the total amount of labor each farmer contributed

to canal cleaning, the treatment doubled the average contribution. Measuring a direct increase on

canal performance would require randomization at the canal level, but this finding demonstrates a

first step in the effectiveness of experimental games as a way to shift behavior, at least in the short

run. To put the increase into context, farmers reported in a follow-up survey that the observed

increase in average contributions would improve the performance of the canals enough to increase

average yields on their plots by more than 10%.
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By examining in-game behavior and survey data, I provide suggestive evidence supporting the

hypothesis that the treatment effect is operating through social learning in the games. Farmers

assigned to treatment groups with others who contribute at a high level during the experiments in-

creased their real-world contributions, while we do not observe a treatment effect for those assigned

to groups with low in-game contributors. This finding suggests that farmers are learning something

about the other farmers with whom they share canals that determines how they will interpret the

lessons of the game: those who learn that others are likely to contribute in turn contribute more

themselves. Additionally, we see an effect on social networks among treated farmers. Participation

in the games increased connectedness among farmers who cultivate plots near one another, and

social connectedness to neighboring farmers is a strong predictor of contributions to the public

good.

The evidence I provide in this paper suggests that experimental games could be a valuable tool

to be used in development interventions to increase collective action around public goods provision.

Conducting public goods games can be very inexpensive if run by local partners for the purpose

of learning, as opposed to rigorous data collection. In fact, during the course of this research, the

local irrigation association asked to be trained in running the games in subsequent years because

he saw their possible value as a way to motivate farmers to participate in canal cleaning. More

research is needed to explore the longer term impacts of such an intervention and to explore more

rigorously the mechanisms behind the treatment effect to help us understand better why such an

intervention works and how long we can expect the effects to last.
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