
MANAGING THE COMMONS:

REGULATIONS, MIGRATION AND NATURAL DISASTERS

A DISSERTATION SUBMITTED TO THE GRADUATE DIVISION OF THE
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Abstract

Motivated by the variability in behavior of resource users, this dissertation investi-

gates institutions and circumstances that can alter this behavior. In particular, this

dissertation investigates how regulations, migration and natural disasters affect user

behavior.

Chapter 2 studies whether the way in which management rules are created affects

the harvest behavior of resource users. Using a novel experimental design, this

chapter addresses the unresolved issues in the literature on whether the endogeneity

or exogeneity of the rule-making process affects how closely these rules are followed by

the resource users. Experimental results show no evidence that exogenously imposed

regulation crowds out a user’s motivation to refrain from extraction. Results also

show that communication and strategic learning matter.

The third chapter examines deforestation in Indonesia and how a government in-

centivized migration program has affected deforestation in the country by disrupting

social cohesion, increasing the perception of property rights insecurity, and increas-

ing population. Using standard econometric techniques on a unique dataset that

combines archival social data, MODIS and Landsat satellite imagery, and GIS, this

chapter finds that migration increases deforestation through the disruption of social
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cohesion and the increased perception of property rights insecurity. Using both wood

production as a proxy measure for deforestation and segregating the deforestation

data from satellite images into forest zones, results show that migration also leads

to increases in illegal logging.

Lastly, chapter 4 studies the preferences of fishers in the Philippines after one

of the world’s strongest typhoons ever recorded struck the country in November

2013. By comparing fairness, risk and time preferences of fishers who were hit by

a typhoon and those who were not, this chapter finds that unexpected shocks like

natural disasters change fisher preferences. Experimental results show that fishers

affected by a typhoon are less fair and more risk averse. Shocks do not seem to

impact a fisher’s discount rates.

This dissertation contributes to the literature by disentangling and laying out

possible reasons for explaining the behavior of resource users, and takes us towards a

more comprehensive understanding of the institution and mechanisms that can alter

their behavior.
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Chapter 1

Motivation

“Ruin is the destination toward all men rush, each pursuing his own best

interest in a society that believes in the freedom of the commons. Freedom

in a commons brings ruin to all.” (Hardin 1968)

The Grand Banks fisheries collapse in the 1990s, the rapid population decline of

bluefin tuna in the Atlantic Ocean and the Mediterranean in the 1970s, the extinction

of the passenger pigeon in the 1910s1, traffic congestion, dead zones, and ocean

garbage gyres: these are just some examples of how, as Hardin (1968) puts it, freedom

in the commons brings ruin to all. Ruin is brought about when resource users fail

to see and account for the negative externalities produced by their resource use.

Overexploitation resulting from a failure to cooperate and internalize these negative

externalities is characteristic of many common pool resources (CPR) around the

world. Ruin, however, is not the “destination towards all [resources] rush”; the

commons is not as tragic as Hardin (1968) makes it. When Elinor Ostrom won the

Nobel Prize in Economics, it was in recognition of her work on the commons and

in particular, for gathering and analyzing materials from the field to demonstrate

how common property can be successfully managed by user associations (Ostrom

1990). Ostrom’s work shows that, in contrast to Hardin’s pessimistic view, there are

instances when the tragedy in the commons do not occur, when resource users are

1Passenger pigeons used to be the most abundant bird in North America.
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able to successfully manage the resources.

But why does local resource management work for some commons and not for

others? According to Ostrom, the answer lies in the intersection of institutions and

the motivations that influence the behavior of resource users:

Contemporary research on the outcomes of diverse institutional arrange-
ments for governing common-pool resources and public goods at multiple
scales builds on classical economic theory while developing new theory to
explain phenomena that do not fit in a dichotomous world of “the mar-
ket” and “the state”. Scholars are slowly shifting from positing simple
systems to using more complex frameworks, theories, and models to un-
derstand the diversity of puzzles and problems facing humans interacting
in contemporary societies. The humans we study have complex moti-
vational structures and establish diverse private-for-profit, governmental,
and community institutional arrangements that operate at multiple scales
to generate productive and innovative as well as destructive and perverse
outcomes. (Ostrom 2009)

This opening paragraph from her Nobel Prize address in 2009 expresses the need to

study human behavior and how it is affected by different motivations and institutional

arrangements. The eight institutional design principles of stable local common pool

resource management2 that she identifies reveals that there are certain institutions

that propel a resource user to act for the good of the community and not just for his

own good.

Motivated by Ostrom’s work, my dissertation studies the behavior of resource

users under different institutions through the use of experiments and observational

data. I look at the effect of policies and regulations and how these affect the behavior

of resource users. My dissertation is composed of three chapters.

Chapter 2, “Endogenous vs. Exogenous Regulations in the Commons,” inves-

tigates whether the behavior of resource users changes when they are included in

the rule-making process compared to when they are not. This, as Ostrom (2009)

2These eight design principles can be summarized into three condensed principles: (1) restricted
access by outsiders, (2) presence of monitoring and punishment, and (3) self-chosen rules.
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pointed out in her Nobel Prize address, is primarily motivated by endogenous reg-

ulations. She notes that self-organized systems of common pool resource manage-

ment are successful when resource users take part in the decision-making process

and that the management often fails when it is exogenously imposed “top-down” on

the resource users. Understanding if, how, and why external regulations crowd out

intrinsic incentives to conserve natural resources is of tantamount importance. If

external regulations do crowd out internal incentives to protect the commons, then

many environmental policies may actually be doing more harm than good.

In this chapter, I attempt to address some of the confusion and debate in the

literature on endogenous versus exogenous regulation in the commons with a novel

experimental design. A key feature of the experimental design is to have the exact

same regulations chosen endogenously as those that are imposed exogenously. When

comparing the same regulations chosen endogenously to those externally imposed,

I observe no differences in extraction levels among CPR users in a laboratory ex-

periment. I also observe no differences between weak external regulations and no

regulations, after controlling for a potential confound. However, when communica-

tion is added to the endogenous treatment, I observe significant behavioral differences

between endogenous regulations and exogenous regulations. The results strongly sug-

gest that externally imposed regulations do not crowd out intrinsic motivations and

they confirm that communication facilitates cooperation to reduce extraction.

As with communication, social cohesion (Ostrom et al. 1999; Katz 2000) and

well-defined property rights (Ostrom 1990; Deacon 1994; Bohn and Deacon 2000)

have also been seen to facilitate cooperation among resource users. Examining how

institutional changes can lead to changes in extraction behavior, Chapter 3, “Is De-

forestation the Legacy of Transmigration?”, looks at how the disruption of social

cohesion and the increased perception of insecure property rights increased defor-

estation in Indonesia. Along with population increase, I examine these as channels

through which transmigration, a government-sponsored and -incentivized migration

program in Indonesia, affected deforestation.

Since Indonesia has the world’s highest deforestation rate3, the world’s third

3Indonesia’s deforestation rate is higher than the deforestation rate in the Amazon rain forest
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highest greenhouse gas emission (of which 80% is due to forest loss), and one the

world’s largest rain forests, it is essential for us to understand the determinants

of deforestation in the country. Through the use of satellite images, GIS, and a

unique dataset - the transmigration dataset - that can better estimate the effects

of migration on resource use, I compare areas with migrants and those without and

find that migration causes deforestation by disrupting social cohesion and increasing

the perception of property rights insecurity. Using wood production as proxy for

deforestation as well as through examining the effects of transmigration on different

forest zones4, I also find that migration leads to an increase in illegal logging.

When resource users perceive their property rights to be secure, instead of imme-

diately extracting resources as was the case in Indonesia, they can use these resources

as a form of insurance against the adverse effects of natural disasters. Resource users

can set aside and protect a part of their resources so that when a natural disaster hits,

they can use this protected resource to help them recover. A good example would

be the rural poor in Honduras who are known to turn to tropical forest resources in

times of need (McSweeney 2004). With little money and very few assets that can be

liquidated, young households in Honduras sell forest products to self-insure.

Chapter 4, “Fairness, Risk and Time Preferences of Fishers in the Wake of Nat-

ural Disasters,” looks at ecological forms of insurance. This chapter studies the

behavior of fishers after they were hit by one of the strongest tropical typhoons

ever recorded. With the increasing frequency and magnitude of natural disasters,

there is a growing need to examine the effects of these unexpected shocks on the

preferences of resource users. These changes in preferences, in turn, have important

implications. Preferences for fairness have implications on social capital as well as on

cooperative extractive behavior. Risk-taking behavior is instructive in helping us de-

termine poaching behavior and adoption of fishing technology as well as many crucial

household decisions like savings and investment. Time preferences have implications

on sustainability and on whether designated areas for marine protection will be ef-

(Margono et al. 2014).
4There are 5 different forest zones in Indonesia: Conversion Forest, Conservation Forest, Pro-

duction Forest, Protection Forest, and Forest for Other Uses.
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fective or not. Running artefactual field experiments with fishers, this chapter finds

that those in poorly-managed marine protected areas that were affected by Typhoon

Haiyan were less fair and more risk averse. Risk aversion is also a general charac-

teristic of those affected by the typhoon, whether or not they have well-managed or

poorly managed marine protected areas. Unexpected shocks, like typhoons, however,

do not seem to change the time preferences of fishers.

Through laboratory and field experiments and through the use of observational

data, this dissertation sheds light on how different mechanisms that affect the behav-

ior of resource users which, in turn, affects how well or poorly these users are able to

manage their common resources. This has important policy implications regarding

regulations, migration and natural disasters. In terms of regulations, this disserta-

tion shows that the way in which management rules are created has no effect on the

extraction behavior of resource users, but that the presence of communication makes

a difference not just in terms of extraction but also in their choices of regulation and

enforcement. In terms of migration, this study finds that migration that leads to

the disruption of social cohesion and an increase in the user’s perception of property

rights insecurity can lead to deforestation. This type of migration can also lead to

an increase in illegal logging. Lastly, in terms of natural disasters, this dissertation

finds that individuals affected by natural disasters are usually more risk averse and

less generous. There is also a correlation between individuals who are risk averse

and those who have well-managed marine protected areas, lending support to the

hypothesis that poor and risk averse individuals in developing countries can invest

in ecological forms of insurance, like marine protected areas.
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Chapter 2

Endogenous vs. Exogenous

Regulations in the Commons

2.1 Introduction

One of the eight principles for successful common pool resource (CPR) management

identified by Ostrom (1992) is that individuals affected by regulations should be

included in the group that can modify these regulations. Case studies from the

field suggest that self-organized systems of CPR management are successful when

resource users take part in the decision-making process and management often fails

when it is exogenously imposed “top-down” on resource users (Ostrom 1992). In

her Nobel Prize address, Ostrom cited the experimental work of Cardenas et al.

(2000) as evidence that externally imposed regulations can crowd out the intrinsic

motivations of resource users to limit their extraction.1 Understanding if, how, and

This chapter is based on a manuscript co-authored with John Lynham.
1Ostrom, like many scholars who cite Cardenas et al. (2000), misinterpreted somewhat how

Cardenas et al. (2000) reached their conclusion. She states that “subjects [in the regulation treat-
ment] increased their withdrawal levels when compared to the outcomes obtained when face-to-face
communication was allowed and no rule was imposed” (Ostrom 2009). However, their crowding out
effect comes from a within-subjects analysis of their regulation treatment, not a between-subjects
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why external regulations crowd out intrinsic incentives to conserve natural resources

is of tantamount importance. If external regulations do crowd out internal incentives

to protect the commons, then many environmental policies may actually be doing

more harm than good.

This chapter attempts to address some of the confusion and debate in the lit-

erature on endogenous vs. exogenous regulation in the commons with a novel ex-

perimental design. In a key departure from earlier work, our experimental design

allows for the exact same regulations to be introduced endogenously or imposed ex-

ogenously. This addresses an important confound in the existing literature. We also

introduce treatments that allow us to separately disentangle the effects of endoge-

nous rule-making, between-subject communication and strategic learning. Isolating

these separate effects again allows us to identify important confounds in previous

work.

All of our results are remarkably consistent with one another. In our experi-

mental context, we find no evidence that exogenously imposing regulations crowds

out motivations to refrain from extraction. We show clearly that communication

and strategic learning matter. If previous work has confounded communication with

endogenous regulation and learning with exogenous regulation, then it is not sur-

prising that existing results appear to contradict each other2. Our aim is to use a

simple experimental design to clear up some of this confusion. We start by reviewing

the literature on external regulation and intrinsic motivation in Section 2.2, before

giving a detailed description of our experimental design in Section 2.3. Section 2.4

summarizes our results and Section 2.5 concludes.

analysis between their regulation and communication treatments. That is, within their regulation
treatment, Cardenas et al. (2000) observe higher individual extraction when an external regulation
is weakly imposed compared to when no regulation is imposed.

2See results from Cardenas et al. (2000), Cardenas (2000), and Velez et al. (2010).
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2.2 Literature Review

In her survey of economic experiments on common pool resources, Ostrom (2000)

highlights the importance of endogenous rule making, where common pool resource

users create their own rules, giving them a sense of accountability in the management

of the resource. Many field examples of successful CPR management involve resource

users in the rule making process. For example, in Torbel, Switzerland, a small vil-

lage is able to manage communal lands in high mountain meadows and forests by

enforcing rules that are voted on by all citizens in the village (Ostrom 1990). The

Zanjera irrigation communities in the Philippines successfully irrigated previously

non-irrigated lands through a system that was devised and chosen by farmers them-

selves (Ostrom 1990, 1992). However, one of the difficulties with drawing causal

inferences from case studies in the field is that many of these endogenously chosen

systems worked because of the incentives they created, not necessarily because they

were self-chosen.

Complementary to the documentation of a correlation between endogenous rule-

making and successful CPR management in the field is the idea that the alternative

(externally imposed regulations) can crowd out intrinsic incentives to do the right

thing. A vast literature (particularly in Psychology) has examined how imposing

well-intentioned rules exogenous can crowd out an individual’s intrinsic motivation,

sometimes leading to worse results than if the intervention did not exist in the first

place.3 A classic study on crowding out effects is Titmuss (1970), who studied the

effects of monetary compensation on blood donation. Titmuss found that when

individuals were monetarily compensated for donating blood, blood donation de-

creased. This contradicts standard economic theory where an increase in the price

of a particular good is expected to increase the willingness of individuals to supply

that good. Similar crowding-out effects have been found among image-conscious

volunteer firefighters (Carpenter and Myers 2010), parents who put their children in

daycare centers (Gneezy and Rustichini 2000a), and IQ exam takers and volunteer

3See, for example, the survey paper by Frey and Oberholzer-Gee (1997) and the meta-analysis
by Deci et al. (1999).
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donation collectors (Gneezy and Rustichini 2000b).4

Examples of the crowding out hypothesis in the environmental domain have been

examined by Frey and Oberholzer-Gee (1997) and Kunreuther and Easterling (1990).

Both papers study unwanted but necessary projects (such as hazardous waste dis-

posal facilities) and how monetary compensation crowded out an individual’s sense

of civic duty to accept the projects. Frey and Oberholzer-Gee (1997) find that “when

public spirit prevails, using price incentives to muster support for the construction of

a socially desirable, but locally unwanted, facility comes at a higher price than sug-

gested by standard economic theory because these incentives tend to crowd out civic

duty” (p. 753) while Kunreuther and Easterling (1990) find that when the risk fell

into an admissible range, individuals refused any form of monetary compensation.

Within the realm of CPRs, the most influential paper on crowding out effects is

by Cardenas et al. (2000), who ran a CPR lab experiment with and without regula-

tions.5 In their experiment, groups of 8 foresters in rural Colombia played between 8

and 11 rounds of a CPR game without regulations and then played between 9 and 12

rounds of the same game with weakly enforced regulations. Their results show that

resource extraction at the end of the second stage was higher than resource extraction

at the end of the first stage, leading them to interpret their results as evidence that

“regulation appeared to crowd out other-regarding behavior” (p. 1719). However,

in a different paper, using a similar experimental design in the same field setting,

Cardenas (2004) no longer finds the same result, as externally imposed but weakly

enforced regulations and communication both encourage lower extraction from CPR

users.6 Other influential work on endogenous regulations in CPR experiments in-

4In a similar vein, Charness (2000) found that experimental subjects assigned as employees
worked harder when their wage was determined randomly by a bingo cage than when it was de-
termined by a neutral third-party individual: the responsibility that employees felt in the division
of the profits from the game was “alleviated” when the wage was determined by another human
being. Although an external intervention did not exist, it could be said that the employees’ sense
of responsibility was crowded out by the existence of an external third-party individual.

5A key difference between Cardenas et al. (2000) and the experiment presented in this paper is
that Cardenas et al. (2000) is a lab experiment conducted in the field, whereas our study is a lab
experiment conducted in the lab. See Anderson et al. (2013) and references therein for an important
discussion of differences between field and lab subjects.

6For a possible explanation of these conflicting findings using subjects from the field in Colom-
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clude Bischoff (2007) and Vyrastekova and Soest (2003). Bischoff (2007) compares

a CPR game with communication to a CPR game with an opportunity to endoge-

nously change the regulations. The regulations are not the same across treatments

but Bischoff (2007) concludes that strong regulation performs worse than weak regu-

lation with communication. Vyrastekova and Soest (2003) explore whether allowing

resource users to vote on who keeps the fines generated from enforcement enhances

the efficiency of resource use. They find that harvesters infrequently voted to allow

the enforcer to keep the fines generated, leading to inefficient outcomes.

Given the importance of Cardenas et al. (2000) in the literature, it is useful to

highlight the key differences between our experimental design and theirs. Cardenas

et al. (2000) compare no regulations to weak regulations (i.e., regulations that a

rational individual should ignore unless they are extremely risk averse) in order to

draw their conclusion that “external control crowded out other-regarding behavior in

favor of greater self-interest” (p. 1730). In our design, we compare weak regulations

to the exact same weak regulations. The only difference between the two treatments

is that, in one, weak regulations are endogenously chosen and, in the other, the same

regulations are exogenously imposed. This is a much cleaner test of the external

regulation hypothesis and removes any possible confounds that could have biased

previous work. We also isolate the effect of communication, which has often been

confounded with endogenous rule-making (Ostrom 2009).

In the Cardenas et al. (2000) design, subjects play with no regulation and then

play with weak regulation. Although the regulation worked (overall extraction is

lower), Cardenas et al. (2000) compare the last 3 periods of the first stage with the

last 3 periods of the second stage, finding that extraction is higher in the final 3

periods of the experiment. They conclude that this is evidence of crowding out. But

bia, see Velez et al. (2010). Running experiments in 3 different locations in Colombia, the au-
thors find that communities that live in collectively owned territories with strong government and
non-government presence are more likely to have efficient outcomes when external regulations are
imposed while communities that have distant regulatory authorities, nonexistent non-government
organizations, and a local fishermen’s association are more likely to have efficient outcomes when
non-binding verbal agreements are allowed. In a related study, Velez et al. (2012) find that, con-
trary to theoretical predictions, individual fishermen do not prefer stricter enforcement of fishery
regulations.

10



it is well known in the experimental literature on social dilemmas that over time,

subjects play closer and closer to the Nash Equilibrium (see Ostrom et al. (1992) for

evidence in a CPR game), especially in the last few periods of an experimental session

(unraveling). There is therefore a need for a control treatment. We include such a

treatment in our experimental design: a first stage with no regulation and a second

stage with no regulation. We observe almost identical behavior to the no regulation

followed by weak regulation treatment in Cardenas et al. (2000), suggesting another

potential confound. In the next section, we explain these and other features of our

design in detail.

2.3 Experimental Design

To provide theoretical foundations for our experimental design, we outline below a

common pool resource model under two cases - a baseline case without regulation

and a treatment case with caps, monitoring and sanctions. We assume that resource

users pay for monitoring and that monitoring strength is the probability of being

inspected to see if you are above your harvest cap. Our model largely follows those

found in Ostrom et al. (1994), McCarthy et al. (2001), Casari and Plott (2003), and

Dorj (2012).

2.3.1 Baseline: A Simple Common Pool Resource Model

Our common pool resource model assumes a fixed number of users, n, who have

access to the resource. Each user has a fixed endowment of resources e that can be

invested either in the common pool resource (“extraction”) or in an outside activ-

ity. The outside activity earns a fixed wage, w, while extracting from the common

pool resource earns an individual payoff that is dependent on the aggregate group

investment as well as on the user’s share in total investment. Hence we have:

PROFITi = w(e− xi) +
xi∑
xi
F
(∑

xi

)
(2.1)
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where x is the amount of resources e invested in the common pool resource, xi/
∑
xi

is user i’s share in the group investment, and F
(∑

xi
)

is the production function

that gives the group’s return for investing in the common pool resource. F is assumed

to be a concave function with F (0) = 0, F ′(0) > w and F ′(ne) < 0. Investment

in the common pool resource initially earns higher returns than investment in an

outside activity. However, very large investments in the common pool resource, xl,

become counterproductive, F ′(xl) < 0.

To operationalize the above profit function, a quadratic function is assumed:

F
(∑

xi

)
= α

∑
xi − β

(∑
xi

)2
(2.2)

where the first term on the right hand side can be thought of as the return from

extracting the common pool resource and the second term as the negative externality.

Thus, each resource allocated to the common pool confers a private benefit but also

imposes a private and a social cost. If users ignore the social cost, too many resources

will be allocated to the common pool relative to the socially optimal amount.

In order to generate standard predictions regarding behavior in our experiment,

we assume that the group of common pool resource users are homogeneous, risk-

neutral profit-maximizers with a fixed wage of 0 from the outside activity. Thus, a

user’s profit function is simply:

PROFITi = αxi − xi(βX) (2.3)

where xi can be thought of as user i’s harvest; αxi as the marginal benefit from

harvest; and βX as the unit cost of harvest as a function of the sum of the harvest

of all users, where X =
∑
xi. The strategy set of all users is composed of the set

of all real numbers between 0 and e, and in each time period, each user decides how

much to harvest.

The symmetric Nash Equilibrium of this game is for each individual to harvest

x∗i = (1/(1+n))(α/β), which implies a community harvest ofX∗ = (n/(1+n))(α/β).7

7It is important to note that, in our setup, asymmetric equilibria exist and lead to different
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Because individuals do not internalize the negative externality caused by their indi-

vidual harvest, this decentralized total harvest X∗ is greater than the total harvest

under a benevolent social planner, XSP = α/2β. Thus, the individual harvest under

a social planner xSPi = (1/n)(α/2β) is less than x∗i for all n ≥ 2.

Numerically, if we let e = 10, α = 20, β = 0.25, n = 3 (as in our experimental

design), we will have:

PROFITi = 20xi − xi(0.25X) (2.4)

yielding x∗i = 15, X∗ = 45, XSP = 30, xSPi = 10. Moreover, extraction at the sym-

metric Nash Equilibrium will yield an individual profit of PROFITi(x
∗
i , x
∗
−i) = 56.25

while extraction at the social optimal will yield an individual profit of PROFITi(x
SP
i , xSP−i ) =

75.

2.3.2 Treatment: A Common Pool Resource Model with

Monitoring and Punishment

Since the profit from xSPi is greater than the profit from x∗i , it is possible for indi-

viduals to earn higher profits if they can cooperate with one another. The incentive

to cooperate is simply the difference in profits between the social optimum and the

symmetric Nash equilibrium:

ICi = PROFITi(x
SP
i , xSP−i ) − PROFITi(x

∗
i , x
∗
−i). (2.5)

However, if an individual believes that others will cooperate and extract what is

socially optimal, the individual’s best response is to not cooperate. The incentive to

not cooperate is simply the difference in profits received when an individual optimally

cheats and the profits received when the individual extracts what is socially optimal:

INCi = PROFITi(x
NC
i (xSP−i ), xSP−i ) − PROFITi(x

SP
i , xSP−i ), (2.6)

aggregate extraction levels.
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where xNCi (xSP−i ) =
α−3βxSP

−i

2β
.

Suppose si is the fine imposed for being caught cheating. We want to find the

fine that will make an individual indifferent between cheating and cooperating when

everyone else in the group cooperates, i.e.,:

ICi = INCi − si. (2.7)

Continuing the numerical example from above, this implies that PROFITi(x
NC
i (xSP−i ), xSP−i ) =

100 and si = 25.

Under the assumption of risk neutrality, any fine that has an expected value

greater than 25 should lead to full cooperation. Having a fine system only makes sense

if individuals make more money after subtracting the cost of monitoring compared to

having no regulation. So, a system with an E[si] ≥ 25 is rational if the monitoring

cost per person is < ICi = 18.75. As will be outlined in the next subsection, the

expected fine in our experiment can never be large enough to deter a rational risk-

neutral agent, since we are primarily interested in studying cooperation in settings

where enforcement is weak.

2.3.3 Experiment Procedures

A total of 12 experiment sessions were conducted on the campus of a US university.

There were 153 participants, recruited using the ORSEE software (Greiner 2004).

Average earnings were about $15 and $10 net of the show-up fee paid, and sessions

ran for 60 minutes on average. All subjects participated in the same common pool

resource game for 10 periods before we introduced an intervention and our different

treatments. We call the first 10 periods “Stage 1” and the 10 periods after the inter-

vention “Stage 2”. The experiments were conducted using z-Tree (Fischbacher 2007)

and each participant was assigned a computer station with partitions blocking their

view of all other stations. Participants were not allowed to communicate verbally

with one another for the duration of the experiment. We ran one unpaid pilot with

graduate student volunteers and report results from all paid sessions.
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Once everyone had consented to participating in the experiment, participants

were randomly and anonymously placed in groups of three. They remained in the

same group for the duration of the experiment and the identities of the other group

members were never revealed. Instructions were read out loud and participants were

asked to answer a few questions to test their understanding of the instructions. A

copy of the full experiment instructions is provided in the appendix, and a summary

of the experimental design is presented in Table 2.1.

Table 2.1: Summary of Experimental Details

Subjects Undergraduate and Graduate Students
Game Common Pool Resource Game
No. of Periods (Stage 1) 10 periods per group
No. of Periods (Stage 2) 10 periods per group
No. of Participants/Group 3 participants per period in a group
Symmetric Nash Equilibrium An extraction of 15 tokens
Socially Optimal Solution An extraction of 10 tokens

In Stage 1, participants played the baseline CPR game described earlier where

they must decide how many tokens to extract. They could extract any number

between 0 and 20, up to one decimal place. Tokens extracted in one period did

not carry over to the next. Once all the participants had simultaneously entered

an extraction amount, each participant was shown her benefit, cost, profit and the

average extraction of the other people in her group.

There are three advantages to making participants play the Stage 1 game in the

first 10 periods. First, playing the Stage 1 game ensures proper understanding of the

game, especially for participants who have no prior experience playing a common

pool resource game. This guarantees that differences in extraction results between

the endogenous and exogenous treatments are due to treatment differences and not

to differences in individual participants’ knowledge of the game. Second, the desire to

govern the commons by imposing management rules is often the result of a perceived

tragedy in the rule-less commons. Playing the Stage 1 game therefore makes this

historical manifestation more imminent. Finally, playing the Stage 1 game before
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any of the treatments allows us to compare subjects across treatments. This further

ensures that differences between treatments are due to treatment effects and not due

to differences between subjects.

After these 10 initial periods, we introduced the various interventions by handing

out new instructions. We implemented 6 treatments in a between-subjects design

- No Regulations with No Communication allowed (NoRegWithNC), Endogenous

Regulations with No Communication allowed (EndoWithNC), Exogenously Imposed

Regulations from the Endogenous No Communication treatment with No Commu-

nication allowed (ExoFromNCWithNC), Endogenous Regulations with Communica-

tion (EndoWithC), Exogenously Imposed Regulations from the Endogenous Com-

munication treatment with Communication allowed (ExoFromCWithC), and Exoge-

nously Imposed Regulations from Endogenous Communication with No Communica-

tion allowed (ExoFromCWithNC). As a naming convention, we use “Endo” to mean

endogenous regulations, “Exo” to mean exogenous regulations, “WithNC” if com-

munication is not allowed in that treatment, “WithC” if communication is allowed in

that treatment, “FromNC” if the regulations are taken from the endogenous with no

communication treatment, and “FromC” if the regulations are from the endogenous

with communication treatment. Subjects in the exogenous regulations treatments

were not told where the regulations came from, they were simply introduced as a

change in the experiment. Table 2.3 provides a summary of all the treatments,

where the regulations come from, and whether rule-making and communication were

allowed.

Our six treatments fall into three general treatment groups - the no regulation,

no communication group where Stage 1 is simply repeated in Stage 2; the endoge-

nous regulations group where caps and monitoring probabilities are decided by sub-

jects themselves; and the exogenous regulations group where the winning caps and

monitoring probabilities in the endogenous regulations treatments are exogenously

imposed on the subjects. Hence, if the endogeneity or the exogeneity of a rule affects

individual extraction behavior, we should observe differences between our endoge-

nous and exogenous treatments. Also, if regulations truly crowd out cooperative

behavior among individuals relative to no regulation, we should observe higher ex-
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traction in our exogenous treatments compared to Stage 2 of our no regulation, no

communication treatment.

Table 2.2: 2x2 Experimental Design

Communication
No Yes

Rule-making
Endogenous EndoWithNC EndoWithC
Exogenous ExoFromNCWithNC ExoFromCWithC

Four of our six treatments can be classified in the standard 2x2 design shown in

Table 2.2: treatments differ on whether the participants created the rules (endoge-

nous) or if the rules were imposed on them (exogenous) and on whether communi-

cation within the group is permitted. We add a communication dimension to make

our treatments comparable to those who have studied the effects of weak regulations

in CPR experiments (Cardenas et al. 2000; Velez et al. 2010). To analyze the ef-

fect of the endogeneity or exogeneity of a rule on individual extraction behavior, we

compare participant behavior between the EndoWithNC and ExoFromNCWithNC

treatments and between the EndoWithC and ExoFromCWithC treatments. On the

other hand, to analyze the effect of communication, we cannot compare across the

communication dimension in our 2x2 treatment because not only is communication

changing, the treatments also differ in terms of caps and monitoring probabilities. To

address this confound, we create another treatment - an exogenous treatment that

does not allow for communication with caps and monitoring probabilities from the

endogenous with communication treatment (ExoFromCWithNC) - and compare this

treatment to ExoFromCWithC to examine whether individual extraction behavior

differs in the presence and absence of communication. Along with the no communi-

cation, no regulation treatment (which tests for the presence of strategic learning and

unraveling confounds), this completes the 6 treatments in our experimental design.

Except for NoRegWithNC, participants have individual extraction caps and prob-

abilities for getting monitored in Stage 2 of all treatments: they either choose these

collectively within their group (endogenous treatments) or these are externally im-

posed on them (exogenous treatments). The exact process for choosing individual
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Table 2.3: Treatments Implemented and Description

No Communication Treatments
Session Name NoRegWithNC EndoWithNC ExoFromNCWithNC

Regulations none EndoWithNC EndoWithNC
Self-chosen Rules no yes no

Communication none no no
Communication Treatments

Session Name EndoWithC ExoFromCWithC ExoFromCWithNC
Regulations EndoWithC EndoWithC EndoWithC

Self-chosen Rules yes no no
Communication yes yes no

caps and monitoring probabilities is explained in the next section. Participants were

allowed to extract tokens above the cap at their own risk. A participant who was

monitored and found to have extracted above the cap would have 25% of their profits

for that period confiscated.8

Regulation was not costless and monitoring costs increased more than propor-

tionally to the increase in monitoring probability. A 0% monitoring probability cost

0, a 10% monitoring probability cost 1, a 20% monitoring probability cost 2.5, a

30% monitoring probability cost 4.5, a 40% monitoring probability cost 7 and a 50%

monitoring probability cost 10 (all in experimental dollars). We did not allow for

monitoring probabilities higher than 50% as we are fundamentally concerned with

whether individuals obey weakly enforced rules. This replicates many field CPRs

(especially in the developing world) and most laboratory CPR experiments (Velez

et al. 2010). As a reference point, the seminal work by Cardenas et al. (2000) imposed

a monitoring probability of 6.25%. Hence, the payoff function for each participant

who is monitored and found to have extracted above the cap is:

PAY OFF = 0.75[15x− x(0.25X)] −MONITORING COST. (2.8)

825% of PROFITi(x
NC
i (xSP

−i ), xSP
−i ) = 100 is 25, the value of the optimal fine with perfect

enforcement.
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A participant who extracted at the cap or below it would receive a payoff of:

PAY OFF = 15x− x(0.25X) −MONITORING COST. (2.9)

2.3.4 The Endogenous Treatments

As mentioned earlier, of the six treatments that we implemented, two can be cat-

egorized as belonging to the general endogenous treatment group. These are the

EndoWithNC and the EndoWithC treatments. Below, we discuss these two treat-

ments and how they were implemented.

EndoWithNC Treatment

After the 10 baseline periods (Stage 1), participants were informed that they would

be playing the same common pool resource game with two changes: an extraction

cap and a monitoring probability. First, at the start of each period, each participant

was asked to vote for the lowest individual extraction cap that she was willing to

impose on herself and her group members. Caps could go as low as 0 and as high as

20, and only integer values were allowed. The median vote was then implemented

for that period, and the participants were informed what the winning cap was right

after voting. Next, each participant had to vote for the highest monitoring prob-

ability that she was willing to impose on herself and her group members. Instead

of entering integer values, participants were asked to select from a list of possible

monitoring probabilities. Higher probabilities involved a higher monitoring cost,

that would be deducted from all group members. As with the cap, the median vote

was implemented for that period. Participants were asked to vote for both the cap

and monitoring probability in each of the next 10 periods. They were informed of

the winning cap vote and the winning monitoring probability vote before they were

asked to play the same common pool resource game as before. At the end of each

period, each participant was shown the average extraction of her group members,

whether she had been monitored or not, and her profit after monitoring costs and

any penalties for exceeding the cap had been deducted.
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EndoWithC Treatment

The EndoWithC treatment was identical to the EndoWithNC treatment but with

one additional change. Before participants voted for the extraction cap and the

monitoring probability in each period, they were allowed to chat with their group

members for 2 minutes. Chats were conducted via z-Tree and anonymity was pre-

served as chats were monitored to discourage individuals from revealing their identity,

from threatening one another and from making side payments after the experiments.

Once the 2 minutes had passed, participants voted for an extraction cap and a mon-

itoring probability before proceeding to the extraction stage. At the end of each

period, each participant was shown the same information that the participants in

the EndoWithNC treatment were shown.

2.3.5 The Exogenous Treatments

We took the chosen cap and monitoring probability combinations from the En-

doWithNC and EndoWithC treatments and imposed them on the participants in

the ExoFromNCWithNC, ExoFromCWithC and ExoFromCWithNC treatments as

shown in Figure 2.1. For example, EndoWithNC treatment caps and monitoring

probabilities in one session were all imposed as caps and monitoring probabilities in

an ExoFromNCWithNC treatment session (with the exact same number of groups

and in the same chronological order). Likewise, EndoWithC treatment caps and

monitoring probabilities in one session were all imposed as caps and monitoring

probabilities in an ExoFromCWithC and in an ExoFromCWithNC treatment ses-

sion. At the end of each period, each participant was shown the same information

that participants in the EndoWithNC and EndoWithC treatments were shown.

2.3.6 The No Communicaton, No Regulation Treatment

Unlike the 5 treatments that we have discussed so far, the NoRegWithNC treatment

repeats Stage 1 in Stage 2, where there was neither communication among group

members nor regulations. After having individuals play the standard common pool
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Figure 2.1: Experimental Design: Endogenous vs. Exogenous Rules

resource game for 10 periods, the experimenter interrupted the experiment and told

the participants that they would be playing the exact same game with the exact

same group for another 10 periods. Between reading the new instructions and the

start of stage 2, the experimenter paused for 1 minute (this meant that all treatments

had the same amount of “restart” time between Stage 1 and Stage 2). At the end of

each period, participants were shown their extraction, their profit, and the average

extraction of their group members.

We ran a total of 12 sessions: 2 NoRegWithNC sessions, 2 EndoWithNC treat-

ment sessions, 2 ExoFromNCWithNC treatment sessions, 2 EndoWithC treatment

sessions, 2 ExoFromCWithC treatment sessions and 2 ExoFromCWithNC treatment

sessions. Table 2.4 shows a summary of the sessions. Note that one group in Session

5 was not matched with any group in Session 7, since there were 3 fewer subjects

in this session. We include this unmatched group in our analysis unless explicitly

mentioned otherwise.

2.4 Results

This section is divided into four main parts. First, we provide a descriptive overview

across all treatments. In the next two parts, we investigate differences within each

treatment before comparing across treatments. We conclude by studying individual

choices within a group and exploring how different factors affect an individual’s

extraction choice. We use the equilibrium predictions from Section 3 as benchmarks

and compare them with the actual results from the experiment. We employ group-
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Table 2.4: Summary of Sessions

Session Name Matching Subjects Groups
1 EndoWithNC First 15 5 Groups
2 ExoFromNCWithNC First 15 5 Groups
3 EndoWithC Second 15 5 Groups
4 ExoFromCWithNC Second 15 5 Groups
5 EndoWithNC Third 12 4 Groups
6 EndoWithC Fourth 9 3 Groups
7 ExoFromNCWithNC Third 9 3 Groups
8 ExoFromCWithNC Fourth 9 3 Groups
9 ExoFromCWithC Second 15 5 Groups
10 ExoFromCWithC Fourth 9 3 Groups
11 NoRegWithNC No Match 15 5 Groups
12 NoRegWithNC No Match 15 5 Groups

level averages as our independent units of observation and report p-values for the

Wilcoxon-Mann-Whitney two-tailed test, unless stated otherwise.

2.4.1 Descriptive Overview

The results of the treatments are shown in Figure 2.2. The figure shows the mean

extraction and profit in every period for each of our 6 treatments. We call the first

10 periods Stage 1, where participants play the unregulated CPR game, and the last

10 periods Stage 2, where different treatment interventions were introduced before

playing the CPR game.

In Stage 1, we observe that subjects extract an average of 13.53 out of 20 tokens

(67.65%) leading to an efficiency of 79.97%, which is well below the social optimum

of 100% efficiency, but also above the symmetric Nash prediction of 75% efficiency

(and extraction of 15 tokens). The lowest average extraction occurred in the first

period with an average extraction of 11.13 tokens while the highest average extraction

occurred in the last period with an average extraction of 15.34 tokens. These findings

are consistent with previous experimental research on common pool resource games

and suggest that social norms play an important role for extraction but that strategic
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Figure 2.2: Mean Extraction and Profit for All Treatments

No Communication Treatments Communication-Related Treatments
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learning is taking place over time.

In Stage 2, we observe that subjects extract an average of 14.63 tokens in NoReg-

WithNC, 14.34 tokens in EndoWithNC, 13.26 tokens in ExoFromNCWithNC, 10.84

tokens in EndoWithC, 10.87 tokens in ExoFromCWithC and 14.68 tokens in Ex-

oFromCWithNC. Profits with and without monitoring costs do not vary much with

profit averages ranging from 53 computer dollars to 56 computer dollars for the

NoRegWithNC, EndoWithNC, ExoFromNCWithNC and ExoFromCWithNC treat-

ments with and without taking monitoring costs into account, and 71 to 72 computer

dollars for the EndoWithC and ExoFromCWithC treatments with and without tak-

ing monitoring costs into account. While we designed the monitoring costs in such

a way that profits should not significantly decrease after monitoring costs were sub-

tracted, we did not expect profits to vary so little. Lower monitoring costs imply

low monitoring probabilities (an average of 7.29%). This suggests that although

participants were able to set the cap correctly (an average cap of 11.08 tokens),

over-extraction might still persist due to a low probability of being monitored.

2.4.2 Within Each Treatment (Stage 1 vs. Stage 2)

Average extraction in Stage 1 in each of the six treatments is lower than the Nash

Equilibrium extraction of 15 tokens but higher than the socially optimal extraction

of 10 tokens (see Table 2.5). Average efficiencies in Stage 1 of 79.15%, 77.75%,

82.21%, 82.33%, 78.89% and 79.95% for NoRegWithNC, EndoWithNC, ExoFrom-

NCWithNC, EndoWithC, ExoFromCWithC and ExoFromCWithNC treatments (re-

spectively) are higher than the the Nash equilibrium prediction of 75%, but still far

from the social optimum of 100% efficiency. In the NoRegWithNC treatment, aver-

age resource extraction of 14.63 tokens in Stage 2 is greater than average resource

extraction of 13.80 tokens in Stage 1 (see Figure 2.3). This difference is statistically

significantly different from zero (p = 0.0283; two-tailed Wilcoxon Signed Rank Test

p = 0.0125). These are separate increasing resource extraction trends in Stage 1 and

Stage 2 for this treatment (see Figure 2.2). The average group extraction of 12.7

tokens in the 1st period is lower than the average group extraction of 14.44 tokens in
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the 10th period and the average group extraction of 13.37 tokens in the 11th period

which is lower than the average extraction of 14.77 tokens in the 20th period.

RESULT 1: (Strategic Learning Effect) A strategic learning effect exists. Average

resource extraction in stage 2 for the NoRegWithNC treatment is statistically

significantly higher than average resource extraction in stage 1.

Table 2.5: Two-Tailed Wilcoxon Signed Rank Test: Stage 1 vs. Stage 2 Extraction

NoRegWithNC EndoWithNC ExoFromNCWithNC
Stage 1: 13.80 13.85 13.05

(4.24) (4.71) (4.91)
Stage 2: 14.63 14.34 13.26

(3.74) (4.83) (4.84)
Difference: 0.83 0.48 0.21
p-value: 0.0125 0.4258 0.5468

EndoWithC ExoFromCWithC ExoFromCWithNC
Stage 1: 13.21 13.60 13.58

(4.26) (4.44) (4.73)
Stage 2: 10.84 10.87 14.68

(2.57) (10.87) (4.13)
Difference: -2.37 -2.73 1.10
p-value: 0.0234 0.0156 0.0390
Notes: Standard errors in parentheses

These results imply a strategic learning effect (Ostrom et al. 1992; Chen and

Gazzale 2004). When a CPR game is played with repetition, individuals tend to

extract more resources as they learn to play the game better and as they learn how

the other members of their group make extraction decisions. We also find a restart

effect (Andreoni 1995; Isaac and Walker 1988; Cookson 2000; Croson et al. 2005),

albeit statistically insignificant (two-tailed Wilcoxon Signed Rank Test p = 0.2069),

where extraction in the last period of Stage 1 is higher than the extraction in the first

period of Stage 2. These effects suggest that an experimental design that compares

Stage 1 extraction with Stage 2 extraction will tend to be biased towards finding

higher extraction levels in Stage 2, as has been the case in the existing literature.
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Figure 2.3: Mean Extraction with Standard Errors
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Although we observe an increase in resource extraction from Stage 1 to Stage

2 for both the EndoWithNC and ExoFromNCWithNC treatments (see Table 2.5

and Figure 2.3), which translates to a decrease in profits, these differences are not

statistically significantly different from zero (Resource Extraction: EndoWithNC

p = 0.2974, ExoFromNCWithNC p = 0.6454; Profits Without Monitoring Costs:

EndoWithNC p = 0.4894, ExoFromNCWithNC p = 0.3822; Profits With Monitoring

Costs: EndoWithNC p = 0.3866, ExoFromNCWithNC p = 0.2344). A two-tailed

Wilcoxon Signed Rank Test for matched pairs confirms the above results (Resource

Extraction: EndoWithNC p = 0.2032, ExoFromNCWithNC p = 0.3828; Profit:

EndoWithNC p = 0.1290, ExoFromNCWithNC p = 0.3828).

Resource extraction before and after the treatment intervention under the En-

doWithNC and ExoFromNCWithNC treatments are very similar, in terms of mag-

nitude. On average, extraction increases from 13.85 tokens to 14.34 tokens in the

EndoWithNC treatment, a 3.53% increase, and 13.05 tokens to 13.26 tokens in the

ExoFromNCWithNC treatment, a 1.61% increase. Profits decline by 5.37%, from

58.31 computer dollars to 55.18 computer dollars in the EndoWithNC treatment
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and 4.20%, from 61.66 computer dollars to 59.07 computer dollars, in the ExoFrom-

NCWithNC treatment.

In Figure 2.3, we observe significant differences between Stage 1 and Stage 2

average extraction for all the communication-related treatments. EndoWithC and

ExoFromCWithC allows for communication while ExoFromCWithNC does not al-

low for communication but uses the caps and monitoring probabilities chosen by

the endogenous regulation treatment that allowed for communication. We find the

most significant difference between Stage 1 and Stage 2 in our EndoWithC and Ex-

oFromCWithC treatments, with average resource extraction decreasing by 17.96%

for the EndoWithC treatment and 20.07% for the ExoFromCWithC treatment. This

translates to an increase in profits without monitoring costs of 16.59% for the En-

doWithC treatment and 21.76% for the ExoFromCWithC treatment. This difference

in resource extraction is statistically significantly different from zero (EndoWithC

p = 0.0046, ExoFromCWithC p = 0.0380; two-tailed Wilcoxon Signed Rank Test:

EndoWithC p = 0.0234, ExoFromCWithC p = 0.0156). There is also a significant

difference between the Stage 1 and Stage 2 average resource extraction in the Ex-

oFromCWithNC treatment. Average resource extraction increases by 8.10%, while

profits decreases by 8.42%. The difference in resource extraction is weakly statisti-

cally significant (p = 0.0830; two-tailed Wilcoxon Signed Rank Test p = 0.039) while

the difference in profits is not (p = 0.1304; two-tailed Wilcoxon Signed Rank Test

p = 0.0782).

RESULT 2: (Communication Effect) The presence of communication leads to less

resource extraction. With imperfect monitoring, average resource extraction

in Stage 2 decreased under the EndoWithC and ExoFromCWithC treatments.

When the caps and monitoring probabilities from the EndoWithC treatment are

exogenously imposed on a treatment that does not allow for communication, we

see an increase in resource extraction. This translates to an increase in average

profits for the EndoWithC and ExoFromCWithC treatments and a decrease in

average profits for the ExoFromCWithNC treatment.
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Extractions in Stage 2 for the EndoWithC and ExoFromCWithC treatments are

closer to the social optimum and hence, more efficient, while extractions in Stage 2

for the ExoFromCWithNC treatment are higher than the average resource extraction

for the baseline periods and hence, less efficient. Efficiency under the EndoWithC

treatment is 95.24% and 95.6% under ExoFromCWithC, while efficiency under the

ExoFromCWithNC treatment is 72.49%. This clearly shows that not all exogenously

imposed rules lead to less efficiency. ExoFromCWithC and ExoFromCWithNC have

the exact same rules imposed exogenously but completely different outcomes. The

difference is driven by the presence of communication. Comparing EndoWithC with

ExoFromCWithNC and then concluding that the difference is due to exogenous reg-

ulations crowding out intrinsic motivations would clearly be wrong.

2.4.3 Across Treatments

If it is assumed that subjects are not different across treatments, then a test for the

effect of the treatment interventions can simply compare extractions and profits in

Stage 2. Wilcoxon-Mann-Whitney tests fail to reject the null hypothesis that the

resource extraction in Stage 1 is the same across any two treatments.9 Hence, there

are no statistically significant differences across groups in the different treatments

and a comparison of just the treatment periods is justified.10

Cardenas et al. (2000) concluded that external regulations crowd out the intrinsic

motivation of individuals to cooperate by comparing Stage 1 with Stage 2 in their

exogenous regulation treatment. They found that extraction increased from Stage

1 to Stage 2 (but only if they restricted their attention to the last three periods in

9p: NoRegWithNC vs. EndoWithNC, 1.000; NoRegWithNC vs. ExoFromNCWithNC, 0.4598;
NoRegWithNC vs. EndoWithC, 0.4598; NoRegWithNC vs. ExoFromCWithC, 0.8286; NoReg-
WithNC vs. ExoFromCwithNC, 0.5726; EndoWithNC vs. ExoFromNCWithNC, 0.3704; En-
doWithNC vs. EndoWithC, 0.3704; EndoWithNC vs. ExoFromCWithC, 0.8784; EndoWithNC vs.
ExoFromCWithNC, 0.4808; ExoFromNCWithNC vs. EndoWithC, 0.7984; ExoFromNCWithNC
vs. ExoFromCWithC, 0.4418; ExoFromNCWithNC vs. ExoFromCWithNC, 0.5738; EndoWithC
vs. ExoFromCWithC, 0.7210; EndoWithC vs. ExoFromCWithNC, 0.6454; ExoFromCWithC vs.
ExoFromCWithNC, 0.4418.

10In situations where results are borderline significant, we will also compare treatments condi-
tional on Stage 1 behavior.
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each stage). We find a similar increase in extraction behavior in our two exogenous

regulations without communication treatments. However, we know from Result 1

that a statistically significant difference in extraction between Stage 1 and Stage 2

can occur even when no regulations are imposed. We refer to this temporal trend

as the strategic learning effect, and the drop in resource extraction between the last

period of Stage 1 and the first period of Stage 2, as the restart effect. Hence, if the

increase in extraction in Stage 2 for ExoFromNCWithNC and ExoFromCWithNC is

due to external regulation crowding out other-regarding behavior, we should observe

a clear difference between these two treatments and our NoRegWithNC treatment.

We do not find this result (p: NoRegWithNC vs. ExoFromNCWithNC, 0.1458;

NoRegWithNC vs. ExoFromCWithNC, 0.7518). Thus, we do not find any statistical

support for the hypothesis that regulations crowd out cooperation.

RESULT 3: (Crowding Out Effect) External regulations do not crowd out intrin-

sic motivations to reduce extraction. Our two exogenous regulations without

communication treatments, ExoFromNCWithNC and ExoFromCWithNC, are

not statistically significantly different from our NoRegWithNC treatment.

If the endogeneity or exogeneity of a rule affects the extraction behavior of com-

mon pool resource users, then we should observe differences in Stage 2 between

the EndoWithNC and the ExoFromNCWithNC treatments and between the En-

doWithC and ExoFromCWithC treatments. Particularly, if we hypothesize that in-

dividuals who are involved in the rule-making are more likely to follow the rules they

created, the resource extraction in the endogenous treatments (EndoWithNC and

EndoWithC) should be lower than resource extraction in the exogenous treatments

(ExoFromNCWithNC and ExoFromCWithC).11 However, the results do not support

this hypothesis. When I compare the average resource extraction between these two

treatments, average token extraction in the EndoWithNC treatment (14.34) is not

statistically significantly different from average token extraction (13.26 ) in the Ex-

oFromNCWithNC treatment (p = 0.3704). A 10.84 average token extraction in the

11I have derived this hypothesis from claims made in the existing literature. There are other
potential mechanisms that could lead to compliance and/or lower extraction.
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EndoWithC treatment is not statistically significantly different from a 10.87 average

token extraction in the ExoFromCWithC treatment (p = 0.721). When we con-

duct a further robustness check - subtracting the Stage 1 averages from the Stage

2 averages and comparing these - the same result holds (p: EndoWithNC vs. Ex-

oFromNCWithNC, 0.7430; EndoWithC vs. ExoFromCWithC, 0.7210).

RESULT 4: (Regulation Effect) The endogeneity or exogeneity of a rule does not

affect extraction behavior in our experiment. We find no statistically signifi-

cant differences in resource extraction behavior between the EndoWithNC and

ExoFromNCWithNC treatments and between the EndoWithC and ExoFrom-

CWithC treatments.

When the same caps and monitoring probabilities are implemented in two sepa-

rate groups, where one group is allowed to communicate while the other is not, we

find extreme differences in individual resource extraction behavior. From Figures 2.2

and 2.3, we find that average resource extraction (10.87 tokens) under the ExoFrom-

CWithC treatment, the group that was allowed to communicate, is significantly lower

than the average resource extraction (14.58 tokens) under the ExoFromCWithNC

treatment despite the fact that the caps and monitoring probabilities imposed for

these two treatments are exactly the same (p = 0.0002). Hence, under the exact

same regulations, communication encourages individuals to extract less and move

closer to the social optimum.

RESULT 5: (Communication and Regulation Effects) Individuals who are allowed

to communicate with their group members extracted more efficiently. Given the

same caps and monitoring probabilities, extraction under the ExoFromCWithC

treatment is significantly less than extraction under the ExoFromCWithNC

treatment.

2.4.4 Individual Behavior Within a Group

We now analyze individual voting and extraction behavior, in particular: (1) if

individuals are able to select the correct caps, (2) how winning caps affect votes
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Table 2.6: Voted Caps and Monitoring Probabilities

EndoWithC EndoWithNC

Mean Cap 10.48 11.31
(3.00) (6.33)

Mean Monitoring % 5.54 14.85
(8.85) (18.37)

NOTE: Standard deviation in parentheses.

Table 2.7: Winning Caps and Monitoring Probabilities

EndoWithC EndoWithNC p-value

Mean Cap 10.30 11.79 0.4234
(1.64) (3.56)

Mean Monitoring % 5.13 9.22 0.3212
(6.94) (7.45)

NOTE: Standard error in parentheses.

for monitoring probabilities, and (3) how winning caps and monitoring probabilities

influence the extraction decisions of individuals. We also explore how communication

(or the lack of it) affects individual votes for caps and monitoring probabilities,

which, in turn, affect resource extraction behavior. Table 2.6 presents the caps and

monitoring probabilities that were voted for by the individuals in the endogenous

treatments. Although we see a difference in the mean and standard deviation in the

voted caps between those who were allowed to communicate and those who were not,

a random effects regression shows that this difference is not statistically significant

(p = 0.375). When we run a similar random effects regression on voted monitoring

probabilities, however, we find that those who were not allowed to communicate voted

for a higher monitoring probability (p = 0.002). Through a random effects regression,

we also find that communication leads to lower winning caps (p = 0.050) and lower

winning monitoring probabilities (p = 0.035), although the same comparison through

the non-parametric Wilcoxon-Mann-Whitney test does not show any statistically

significant differences (See Table 2.7). Figure 2.4 presents the relationship between

31



Figure 2.4: Winning Caps and Monitoring Probabilities
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(a) Monitoring Probabilities on Cap
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(b) Histogram for Winning Caps

the winning caps and monitoring probabilities, showing the following results:

RESULT 6: (Votes for Caps and Monitoring Probabilities) Although individuals

are able to select the socially optimal cap, they refuse to pay for strict en-

forcement of these rules; even more so when communication is allowed between

group members compared to when communication is not allowed.

Figure 2.5 presents the frequency distributions of votes for monitoring probabil-

ities conditional on being in one of three categories: (1) the winning cap is lower

than the cap the individual voted for, (2) the winning cap is higher than the cap

the individual voted for, and (3) the winning cap is equal to the cap the individual

voted for. For example, in EndoWithNC, when an individual’s vote is greater than

the cap, 39% of votes are for 0% monitoring, another 39% are for 10% monitoring,

13% are for 20% monitoring, 6% are for 30% monitoring and the remaining 3% are

split between 40% and 50% monitoring. In the EndoWithNC treatment, we do not

observe stark differences in voting for probabilities, conditional on being outvoted

or winning the vote. The distributions of votes are almost identical. However, we

do observe interesting patterns for EndoWithC. When an individual votes for a cap

that is lower than the one chosen, there is a clear desire to beef up enforcement
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Figure 2.5: Votes for Monitoring Probabilities Conditional on Votes for Caps
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(a) EndoWithNC Treatment
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(b) EndoWithC Treatment

since the majority of votes are for 20% monitoring. When the cap is equal to the

one desired (or more stringent), subjects vote for low monitoring probabilities. Note

that in EndoWithC, the winning cap equals a subject’s vote 89% of the time so there

are very few instances where subjects are out-voted.

RESULT 7: (Votes for Monitoring Probabilities Conditional on Winning Caps)

Individuals tend to vote for low monitoring probabilities when the winning cap is

equal to (or more stringent than) the cap that they voted for. In the EndowithC

treatment, individuals voted for higher monitoring probabilities when the cap is

less stringent than the one they voted for.

Combining all our treatments, we find that individuals obeyed the winning cap

more than 60% of the time (788 out of 1230), and when individuals disobeyed the

cap, monitoring only happened 8% of the time. The treatments that allowed commu-

nication among group members have the highest compliance rates (caps are obeyed

87% of the time under the EndoWithC treatment and 85% of the time under the

ExoFromCWithC treatment) while the ExoFromCWithNC treatment has the lowest

frequency of caps obeyed (caps are obeyed only 30% of the time). 61% of the 36

individuals who were caught disobeying the cap disobeyed the cap again in the next
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Figure 2.6: Percent Disobedience: Winning Caps Conditional on Vote
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period. This suggests that the majority of the subjects who disobeyed were not af-

fected by being monitored. We now explore whether individuals exceeded their caps,

conditional on whether the winning cap is lower, higher or equal to the cap they

voted for. Figure 2.6 shows the percentage of individuals who disobeyed the caps

separated by treatment and by whether the winning cap was greater than, equal to,

or less than the cap the individual voted for. Under the EndoWithNC treatment,

individuals were most likely to disobey the cap when it was greater than the cap

that they voted for. A winning cap that is higher than an individual’s vote signals to

an individual that the other members of his group intend to extract more than him.

Thus, conditional cooperators are likely to ignore the cap and play Nash. Interest-

ingly, the opposite happens when individuals are allowed to communicate with one

another. None of the subjects disobeyed the cap when it was greater than what they

voted for while 36% disobeyed the cap when it was less than what they vote for. We

can speculate that these are subjects who do not want to reduce extraction and do

not want low caps. Again, for EndoWithC, this is supported by a very small number

of observations. The vast majority of subjects are in the “Vote = Cap” category.

This gives us the following result:

RESULT 8: (Cap Votes, Winning Caps and Obedience to the Cap) Individuals

who were not allowed to communicate are more likely to disobey the cap when

34



it is greater than what they voted for while individuals who were allowed to

communicate are more likely to disobey the cap when it is less than what they

voted for.

We now turn our attention to compliance, conditional on enforcement. Figure 2.7

reveals that as monitoring probabilities increase for the ExoFromNCWithNC, Ex-

oFromCWithC and ExoFromCWithNC treatments, so does the percentage of indi-

viduals who obey the cap. However, this monotonic relationship does not hold for

endogenously chosen probabilities. It appears that the standard deterrent hypothe-

sis holds when rules are exogenously imposed but not when they are endogenously

chosen. This is a different result to Tyran and Feld (2006) and worth further inves-

tigation. We find that many who disobeyed the winning cap when it was what they

voted for disobeyed for two reasons - (1) being in one particular group that adopted

a bizarre strategy or (2) an experiment that was about to end. Of the 28 instances of

disobedience, 15 were done by individuals belonging to Group 1 in Session 3. Over

50% of these violations were due to this group voting for and implementing a cap of

zero tokens. This group attempted to take turns having one individual extract 20

and everyone else extract 0, but it never worked out. As for the remaining 13 cases

of disobedience, 6 of them occurred in the last period of the experiment.

RESULT 9: (Effect of Monitoring Probabilities) When rules are exogenously im-

posed, the higher the enforcement, the more likely it is for individuals to follow

the rules. The same relationship does not hold when rules are endogenously

created.

Finally, we analyzed the content of the online chat in the communication treat-

ments using a standard Content Analysis software package: Linguistic Inquiry and

Word Count 2007. The software processes each word typed by searching for it from a

list of category dictionaries and then incrementing the score of any category that the

word appears in. Our analysis is based on using 89 different category dictionaries,

which includes categories such as anger words, negative emotions, social processes,

money, and future tense verbs. We summarize the main results in Table 2.8, where
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Figure 2.7: Percent Obedience to the Cap
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(a) EndoWithNC Treatment
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(b) ExoFromNCWithNC Treatment
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(c) EndoWithC Treatment
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(d) ExoFromCWithC Treatment
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(e) ExoFromCWithNC Treatment
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we compare across treatments by calculating Pearson’s χ2 statistic for each category.

There are a total of 10,191 individual word observations in the dataset and 83% of

these appear in at least one category dictionary. We restrict our attention to word

categories that either contain more than 5% of total words or illustrate interesting

differences between treatments.

Table 2.8: Empirical Analysis of Chat Content

Category Examples EndoWithC ExoFromCWithC Pearson’s χ2

Cognitive processes Cause, know, ought 19.21 18.68 0.464
Common verbs Walk, went, see 16.82 17.91 2.097
Affective processes Happy, cried, abandon 10.4 7.93 18.74***
Social processes Mate, talk, they, child 8.56 8.56 0
Numerals 1, 2, 3 9.5 5.61 55.821***
Positive Emotion Love, nice, sweet 8.1 6.66 7.742***
Negative Emotion Hurt, ugly, nasty 2.31 1.24 16.984***
Assent Agree, OK, yes 4.93 4.11 3.975**
1st Person Singular I, me, mine 3.8 4.67 4.706**
1st Person Plural We, us, our 4.11 2.84 12.34***
Total Word Count 4768 5423

*** p < 0.01, ** p < 0.05, * p < 0.10

The category with the most words (excluding the category for functional words

such as “the” and “a”) is Cognitive Processes. This indicates that subjects spent

most of their time communicating about what they thought was happening in the

experiment and what they think should happen. There are no clear differences

across treatments in terms of the verbs used or the discussion of social events. The

clear differences between treatments are in the use of numbers and the degree of

agreement/conflict. We can see from the table that subjects in the EndoWithC

treatment use almost twice as many numerals as subjects in the ExoFromCWithC

treatment. This is not surprising since subjects in the endogenous treatment have to

decide what the caps and monitoring probabilities should be. It is interesting to note

that there are more Positive Emotion and Assent words in the EndoWithC treatment,

suggesting that subjects tended to agree more about what to do. However, there are

also relatively more Negative Emotion words used in EndoWithC, suggesting that

there was also some disagreement about what to do. Overall it appears that there
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was much more debate in the EndoWithC treatment, which is not surprising.

There are very interesting patterns in terms of the pronouns used. EndoWithC

predominantly used the 1st person plural, “we”, and ExoFromCWithC used the 1st

person singular, “I”. This is not surprising and suggests that the subjects in the en-

dogenous treatment attempted to get group consent on what the regulations should

be, whereas subjects in the exogenous treatment focused on how they individually

planned to respond to the exogenously imposed regulations. Although we do not

observe differences in actual behavior, the differences in the chat content are ex-

tremely suggestive of how the endogenous formation of regulations might lead to

different group dynamics and subsequent cooperation. We think this is an extremely

promising avenue for future research.

2.5 Conclusion

This chapter presents results from an experiment designed to: (1) analyze whether

the endogeneity or exogeneity of a rule affects an individual’s intrinsic motivation

to reduce extraction in a CPR game, and (2) disentangle the confounding effects

of strategic learning and communication from the effect of exogenous regulations.

To test our hypotheses, we construct six treatments that differ in terms of: (1)

whether communication is permitted among group members, (2) whether regulations

exist, and (3) whether rules are chosen by the group or exogenously imposed by a

third party. When neither communication nor regulations are allowed, we find an

increasing trend in individual extraction across periods. By comparing this treatment

to our exogenous treatments that do not allow for communication, we find that

extraction under our externally imposed regulations treatments are not significantly

different from extractions under our no regulations treatment. This strongly suggests

that externally imposed regulations do not crowd out cooperation among common

pool resource users in this type of experimental setting and previous work may have

been biased by a potential confound.

Our results also demonstrate that resource extraction behavior does not differ

significantly when rules are endogenously created versus exogenously imposed. In
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a key departure from earlier work, our exogenous regulations are exactly the same

as the endogenously chosen regulations. We also confirm a well-established result

that with communication, resource extraction is much lower than extraction in any

other treatment. Compliance with the rules is also higher when communication is

permitted compared to when only voting is permitted. When the caps and moni-

toring probabilities from the EndoWithC treatment are imposed exogenously in a

treatment that does not allow for communication, extraction rises and profits fall.

But when these same caps are exogenously imposed and subjects are allowed to

communicate, we observe no differences. This stresses the importance of controlling

for communication effects and other potential confounds in these types of laboratory

experiments.

Overall, we find no evidence that external regulation crowds out the intrinsic

motivation of individuals to reduce extraction. We also find that how the rules

are chosen makes no difference to whether or not individuals choose to obey the

rules. Communication and strategic learning matter, but these are separate effects

to regulation crowding out effects. Given this, it is unfair to claim that there is

strong evidence to support the crowding out hypothesis in CPR experiments.
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Chapter 3

Is Deforestation the Legacy of

Transmigration?

3.1 Introduction

The Indonesian Transmigration Program was one of the world’s largest incentivized

relocation programs. Before its decline in 2008, the program resulted in the migra-

tion of over 4 million individuals from the fertile but densely populated inner islands

of Java, Bali and Madura to the highly forested and sparsely populated outer is-

lands of Sumatra, Kalimantan, Sulawesi, Maluku and West Papua. It survived the

Dutch Colonial Government, who started it in 1905 and who successfully migrated

200,000 individuals before the Japanese occupation, and two long-serving Indonesian

presidents, Sukarno and Suharto. During Suharto’s presidency, the Transmigration

Program became highly controversial because of human rights violations1 and its

effect on forest cover in the outer islands. Dick (1991) conjectures that the effect

of transmigration on deforestation is 2-3 hectares of forested area per transmigrant

family: 2 hectares of forested area as settlement for the transmigrant family (this was

the amount of land the government gave to each family) and one additional hectare

for infrastructure support.

1Many suspected communists were forcibly transmigrated to the island of Sulawesi.
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Although there were several guidelines on how to pick transmigrants and their

settlements during Sukarno and Suharto’s presidency2, these guidelines were largely

ignored, resulting in the failure of many of these settlements. Hardjono (1977) claims

that “[t]ransmigration officials [during the time of Sukarno] accepted whatever land

was made available” (p. 41) while Arndt (1984) writes that during the time of

Suharto, “[s]ettlement surveys were confined to cursory inspection over a month or

two” (p. 18) resulting in the failure of crops, decline of soil fertility and land dis-

putes with local villages that disrupted farming activities. Furthermore, although

one would expect that settlement locations, which were primarily agricultural settle-

ments, would have been chosen based on land quality, no lands in the outer islands

were suited to the kind of wet rice agriculture that migrants from the inner islands

were familiar with. In fact, the failure of many transmigration settlements can be

attributed to agricultural failure. In her book on transmigration, Hardjono (1988)

writes that “as far as agriculture is concerned, the main handicaps are poor soils

that in most areas were well leached, terrain that does not fav[o]r settlement and

communications, and broad areas of swamps” (p. 11). Moreover, because of the need

to properly irrigate rice, many settlements were placed near the coast to exploit the

possibility of tidal irrigation, which was rarely successful due to high water salinity.

On top of its failure to achieve the goals which it was set out to do - to lessen

population pressure in the inner islands and to increase the country’s agricultural

productivity by converting lands in the outer islands into agricultural lands - transmi-

gration has also been blamed for the rapid rates of deforestation in the outer islands

(World Bank 1990; Food and Agriculture Organization of the United Nations 1990;

Dick 1991; Dauvergne 1993). However, to date, there has been no detailed empirical

investigation of whether this is really the case. The important of a study of the ef-

fects of transmigration on deforestation cannot be overstated because deforestation

in the outer islands is a national as well as a global problem. An archipelago with

a land area of 1,919,440 square kilometers spread over 17,000 islands, of which 84%

2In particular, during Suharto’s presidency, the specifications for site selection were: (1) a min-
imum of 15,000 hectares where five adjacent villages of 500 families each could be established, (2)
mandatory soil surveys and inquiries into land rights, and (3) proximity to existing or proposed
roads (Arndt 1984).
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(in the 1900s) used to be forested area, Indonesia has one of the biggest rain forest

cover in the world. Most of these forested areas are in the outer islands. Since the

1990s, deforestation has destroyed some 280,000 square kilometers of forest in the

country (Mongabay 2007).

Deforestation in Indonesia has not only caused a loss in livelihood for the millions

of Indonesians who depend on forest resources and ecosystem services, it has also

led to the mass extinction of the species that depend on the tropical forest for their

habitats.3 Deforestation is also a leading source of greenhouse gas (GHG) emissions.

According to the United States Environmental Protection Agency (2008), deforesta-

tion accounts for roughly 17% of global greenhouse gas emissions, 5% higher than the

global GHG emissions from the transportation sector. The majority of these forest

clearings are concentrated in the countries of Brazil and Indonesia. In fact, in an

article by Mongabay (2007), Indonesia is third following the United States and China

in GHG emissions due to its high deforestation rate: of Indonesia’s total emissions of

3,014 metric tons of carbon dioxide equivalents (MTCO2e), 85% is due to forest fires

and forest clearing. According to an article by Margono et al. (2014), deforestation

in Indonesia has increased so much that it has now exceeded deforestation in the

Amazon rain forest.

In this chapter, I explore the relationship between migration and deforestation in

Indonesia by studying Indonesia’s Transmigration Program. Unlike many large-scale

migration events, transmigration was a government-imposed reallocation of people

that allowed for a cleaner estimate of the effects of migration on deforestation. In

particular, I am able to deal with the problem of reverse causality that has plagued

studies that look at the effects of migration on resource loss. Most large-scale mi-

grations involve populations either moving towards better living conditions (fertile

agricultural lands, abundant natural resources) or escaping poor living conditions

(conflict, famine, drought). The Transmigration Program set out to relocate people

3With the extinctions of the Balinese and Javan tigers, the Sumatran tiger is the only surviving
species of Indonesian tiger. The orangutan, Javan and Sumatran Rhinoceros, and Sumatran ele-
phant continue to suffer rapid declines due to deforestation. Indonesia is also home to 1,539 bird
species, 430 of which are endemic to the country. These bird species have also been threatened by
the loss of forest habitat.
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to parts of Indonesia where very few people wanted to live. In terms of whether or

not this constitutes a true “natural experiment,” it is helpful to examine the issue

of how settlement locations were chosen. Anecdotal evidence shows that selection

of transmigrant settlements was highly disorganized. Although there were cursory

guidelines for what areas to send people to, these were largely ignored for the sake

of expediency (Hardjono 1977; Arndt 1984). However, since the relocation sites were

not chosen completely at random, I cannot claim that transmigration was a truly

exogenous shifter of population. All I claim is that the Transmigration Program

and its haphazard implementation approximates a natural migration experiment in

that, based on the whims of government bureaucrats, certain areas in the outer is-

lands received large numbers of migrants and very similar neighboring areas did not.

Transmigration provides a better estimate of the effects of migration on deforestation

but it is certainly possible that other factors are biasing my estimates.

By looking at the Transmigration Program, this chapter sheds light on three

possible channels through which migration affects deforestation: (1) comparing the

effects of old vs. new transmigrants on deforestation can shed on light on how mi-

gration affects social cohesion which, in turn, can affect deforestation; (2) looking at

the effects of the number of transmigrants in neighboring districts can shed light on

how an individual’s perception of how insecure his property rights are can increase

logging activities; and (3) estimating the effects of population on deforestation can

shed light on how increasing population in the outer islands via the Transmigration

Program can lead to increased forest cover loss. This research is also the first to

empirically study the effects of transmigration on deforestation as well as the effects

of transmigration on illegal logging. Unlike previous papers in the transmigration

literature, this chapter does not merely impute how much forested land has been de-

stroyed to make room for settlements based on an assumed formula of forest cleared

per migrant. Instead, by using actual deforestation data from MODIS and Landsat

satellite images, it is able to econometrically estimate the short run and long run

effects of transmigration on forest cover. The rest of the chapter is structured as

follows. Section 3.2 reviews the literature on deforestation and gives a brief back-

ground on transmigration. The data is presented in Section 3.3, the methodology in
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Section 3.4, and the empirical results in Section 3.5. I conclude in Section 3.6.

3.2 Literature Review

The extensive effects of deforestation on livelihood, biodiversity, climate change, soil

erosion, water cycle and security has led to an increasing number of papers that study

the plausible causes of deforestation. In this section, I will initially discuss papers on

deforestation and transmigration in Indonesia before proceeding to a broader discus-

sion of deforestation. Although this chapter focuses on deforestation in Indonesia, it

is important to talk about deforestation in general as I primarily use what has been

found in the general literature on deforestation as basis for the control variables in

the regression analysis.

3.2.1 Deforestation in Indonesia

During Suharto’s presidency, transmigration was at its peak and was thought of as

one of the main drivers of deforestation. This, however, changed after his resignation.

Suharto’s resignation was an impetus for radical change in the country. The changes

in the “rules of the game” changed the prevailing drivers of deforestation. Without

Suharto, transmigration virtually stopped, and other issues affecting deforestation

arose.

One of the most controversial debates during Suharto’s presidency was on whether

the locals or the migrants - specifically, the transmigrants - and their respective farm-

ing techniques were to blame for deforestation in the outer islands. In support of

locals and their traditional farming techniques, Angelsen (1995) claims that the mag-

nitude of the effects of shifting cultivation, the traditional farming technique of the

locals, has been “put out of proportion” (p. 1713) while Cramb (1988) argues that

there is no basis for the negative perception that the government has on shifting

cultivation. Repetto (1990) goes as far as to claim that the management of the

forest should be left to local people. Taking a more aggressive stand on the mat-

ter, results from World Bank (1990) and Food and Agriculture Organization of the
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United Nations (1990) blame the transmigrants for deforestation and show that the

Transmigration Program has led to 250,000 to 300,000 hectares of forest cover loss

every year. Assuming that approximately 100,000 families are transmigrated every

year, these estimates coincide with Dick (1991)’s estimate of a forest cover loss of 3

hectares for each settled transmigrant family.

On the other side of the debate, there are those who argue that transmigration

did not lead to deforestation. According to Whitten (1987), not all lands cleared

to make room for transmigration settlements were forest land; many were degraded

land or conversion forests, and as such, would have been converted anyway even if

transmigration never happened. And if transmigration still led to deforestation even

after taking these factors into consideration, the effect would be very small. Whitten

(1987) estimates this to be just 1% of total forest cover loss. Agreeing with Whitten

(1987), Thiele (1994) claims that transmigration did not cause deforestation. Rather,

shifting cultivation by the locals is the main culprit. Further justifying the actions of

the transmigrants, Whitten (1987) writes that “[transmigrant] settlers are no lovers

of forests...[and] are quite happy to see [the forests] felled” (p. 243). It could be the

case, then, that even after the transmigrants are settled, transmigrants continue to

deforest.

The highs and lows of the Transmigration Program coincided with the economic

and political highs and lows of the country. Figure 3.1 shows a timeline of economic

and political events (bottom part of the timeline) vis-á-vis transmigration events

(top part of the timeline). The height of the Transmigration Program occured during

Suharto’s presidency, between the late 1980s to early 1990s. Table 3.1 shows that

the goal and actual number of transmigrants migrated increased from Repelita I to

Repelita IV 4. Oil booms in 1973-1974 and 1979-1980 as well as external assistance

from the World Bank, the International Development Authority, UN specialized

agencies and bilateral donors increased the scale of transmigration. A decline in

world oil prices in 1987 and the 1997 Asian Financial Crisis did the opposite. In

fact, when Suharto resigned from the presidency after the Asian Financial Crisis,

4During Suharto’s presidency, transmigration was done in repelitas or Five-Year Development
Plans.
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the scale of the Transmigration Program severely decreased. The program also came

under fire for human rights violations and deforestation.

Figure 3.1: Timeline of Indonesian Events

The Transmigration Program is also characterized by conflicts between the locals

and the transmigrants as well as by disorganization. Bloody conflicts erupted in many

transmigration settlements. For example, migrants who were settled in East Timor

and West Papua had to flee back to the inner islands for safety as the Free Papua

Movement (OPM) continued to attack transmigration sites (Adhiati and Bobsien

2001). Moreover, there was a need for coordination between those in the outer

islands, who were examining the eligibility of the land, and those in the inner islands,

who were approving settlement locations. There was also a real need for continuity in

the program, especially since the administration of the program shifted hands among

several ministries and departments over a nineteen year period. Between 1947 to

1966, the ministry and department responsible for transmigration was changed ten

times: from Manpower to Labor and Social Welfare to Development and Youth to

Home Affairs to Agrarian Affairs to Co-operatives, back to Manpower and so on.
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Table 3.1: Transmigration Figures, 1950-2000

Program Year Goal Actual

Pre-Repelita 1950-51 to 1969-70 - 100,000 families
- -

Repelita I 1969-70 to 1974-75 38,141 families 36,483 families
- 182,414 individuals

Repelita II 1974-75 to 1978-79 250,000 families 118,000 families
1 million individuals 544,688 individuals

Repelita III 1978-79 to 1983-84 500,000 families 535,000 families
2 million individuals 2,469,560 individuals

Repelita IV 1984-85 to 1989-90 750,000 families 230,000 families
3.75 million individuals 1,061,680 individuals

Repelita V 1989-90 to 1993-94 550,000 families n/a
2.5 million individuals n/a

Repelita VI 1993-94 to 1999-00 600,000 families ≤300,000 families
- ≤1.5 million individuals

NOTE: Actual families and individuals moved were taken from Adhiati and Bobsien (2001)

Suharto’s resignation not only virtually halted the Transmigration Program, it

also brought about a massive decentralization in Indonesia. Forest management,

no longer the direct responsibility of the national government, was now delegated to

each district. Indigenous people saw this as an opportunity to assert their adat5 land

rights while miners and oil palm plantation businesses saw this as an opportunity to

cajole the bupati6 to issue permits to destroy forests and convert them into mines

or plantations. A paper by Burgess et al. (2012) studies this time period and shows

that an increase in the number of districts in a province leads to an increase in

total deforestation within the province as the number of district leaders engaging

in Cournot competition with one another increases. In their paper on land tenure

and REDD+ (Reducing Emissions from Deforestation and Forest Degradation Plus),

Sunderlin et al. (2014) assess the actions taken by REDD+ proponents to resolve

tenure issues in Indonesia and finds that in order for the REDD+ project to achieve

its objective, it needs to address forest tenure insecurity. Thinking along similar lines,

5Adat are customary or indigenous laws.
6A bupati is the head of a kabupaten. A kabupaten is a regency, a second-level administrative

subdivision in Indonesia.
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Luttrell et al. (2014) writes that in order for REDD+ to be effective in the country,

there needs to be strong local support for the program. Forest fires (Frankenberg

et al. 2005), oil palm plantations (Koh and Wilcove 2008), and mining activities

(McMahon et al. 2000) have also been blamed for the increase in forest cover loss in

Indonesia.

3.2.2 Deforestation in General

In the general literature on deforestation, migration (Browder 1995; Cassels et al.

2005; Palsson 1998; Ostrom et al. 1999; Katz 2000; Naylor et al. 2002), population

(Bilsborrow and Ogendo 1992; Rudel and Roper 1997; Pfaff 1999), land quality

and transportation costs (Pfaff 1999), inequality (Koop and Tole 2001), insecure

property rights (Bohn and Deacon 2000), the existence of off-farm opportunities

(Bluffstone 1995), and differing institutions (Persha et al. 2011; Porter-Bolland et al.

2012; Yang et al. 2013) have been studied as possible explanations for deforestation.

Among those who find that migration leads to deforestation, Katz (2000) and Ostrom

et al. (1999) argue that when property rights are poorly defined, as in the case of

many developing countries, the existence of social capital or social cohesion can

foster a sense of ownership and provide the foundation for rules to preserve the

natural resource. This social cohesion can be disrupted by migration. Palsson (1998)

similarly finds that migration destroys the “bounded solidarity” and “enforceable

trust governing relationship” within the local communities. Looking specifically at

the effects of migration on mangrove crabs in Kosrae, Micronesia, Naylor et al. (2002)

find a negative relationship between in-migration and the level of extraction of these

crabs. Locals do have more knowledge about the resource and the ecosystem, and as

such, are more likely to extract less than the migrants (Browder 1995). Contrary to

the findings of all this literature on the effects of migration on resource use, Cassels

et al. (2005) find no significant differences in fishing behavior between local and

migrant families.

Population has also been looked at as a determinant of deforestation. It has been

shown that population leads to changes in land use (Bilsborrow and Ogendo 1992)
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and that deforestation in the larger forests is caused by entrepreneurs, companies

and small farmers while deforestation in the small forests is caused by an expanding

peasant population (Rudel and Roper 1997). Rudel and Roper (1997) also find that

debt, wood products, and forest area increases deforestation while the gross national

product reduces it. Pfaff (1999) shows that good roads and land quality coupled

with factors as population contribute to deforestation. Additionally, inequality and

economic development (Koop and Tole 2001) and property rights (Bohn and Deacon

2000) have also been shown to increase resource extraction in countries where equality

is low (Koop and Tole 2001) or when ownership risks are high and the fixed cost of

extraction are low (Bohn and Deacon 2000).

There are also others who compare institutions in their quest to find explana-

tions for deforestation. In their paper, Persha et al. (2011) argue that when locals

participate in the rule making, biodiversity conservation and forest-based livelihood

outcomes are better. Using published case-studies on forests, Porter-Bolland et al.

(2012) compare cover change data between community managed forests and pro-

tected forests. They find that community managed forests have lower and less vari-

able annual deforestation rates than protected forests. However, having community

managed forests is not always the correct way of optimally managing forest areas.

Yang et al. (2013) argue that there is an optimal community size that will effectively

manage a common resource. They find that group size has a nonlinear effect on

both collective action and resource outcomes, with a group size of 8 to 10 households

contributing the most monitoring effort and leading to the best forest cover gain.

This chapter uses these explanations for deforestation as controls. Although this

chapter is similar to previous papers in its approach by looking at the effects of

migration on resource use, it differs in that I am able to provide a cleaner method of

examining the effects of migration by dealing with the problem of reverse causality.

Moreover, unlike papers that have studied the effects of the Transmigration Program,

I have access to primary forest cover datasets, and thus am able to compare areas

with transmigrant settlers and areas without transmigrant settlers, and am able to

estimate both the short run and long run effects of transmigration on forest cover

loss.
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3.3 Data

To test whether transmigration led to deforestation in the outer islands, I use several

measures of deforestation and transmigration. Since disagreements on the determi-

nants of deforestation in Indonesia stem mainly from the lack of appropriate and

primary data on the rate of forest cover change (Sunderlin and Resosudarmo 1996;

Romijn et al. 2013), I use four measures of deforestation, two of which come from the

interpretation of satellite images. I also use four different measures of transmigration:

two on a family level and the other two on an individual level.

The dataset on deforestation comes from MODIS satellite images, Landsat satel-

lite images, and wood production volume and price, while the dataset on transmi-

grant families and individuals comes from the Indonesian Ministry of Manpower and

Transmigration and the Indonesian Statistical Yearbooks and Pocketbooks. I am

able to disentangle the effects of transmigration through three possible channels: by

(1) dividing the number of transmigrants into groups based on the year they were

migrated to shed light on the effects of migration through the disruption of social

cohesion, (2) looking at the number of neighboring transmigrants to shed light on

the effects of migration through the increased perception of more insecure property

rights, and (3) using different measures of population to shed light on the possible

effects of migration through increases in population. I also control for other de-

terminants of deforestation by including measures of standing forest, district splits,

roads, oil palm plantations, mining, poverty, income, gender, soil quality and tidal

irrigation.

Using either Landsat or MODIS satellite images has its own advantages and disad-

vantages. Landsat goes as far back as 1972, although images before 2000 in the U.S.

Geological Survey is sparse. Missing images, hence, missing districts and years, make

it hard to obtain a good measure of deforestation before the 21st century. Moreover,

although Landsat images have finer resolutions than MODIS images7 many Landsat

images are laden with clouds and cloud shadows, making it hard to distinguish these

7A pixel is equivalent to 30-60 square meters in Landsat while a pixel is equivalent to 250 square
meters in MODIS.
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from deforested areas. MODIS satellite images, on the other hand, provide cloudless

images. However, the images are only available beginning from the year 2000. To

exploit the advantages of these two datasets, this paper uses data from both satellite

images as one of its many robustness checks. The Landsat dataset basically provides

a measure of deforestation in the 1990s while the MODIS dataset provides a more

complete measure of deforestation in the 2000s. Table 3.2 shows the summary statis-

tics for all four measures of deforestation, and a more detailed description for each

measure is discussed below.

Table 3.2: Deforestation Summary Statistics

Variable Category Obs. Years Mean Std. Dev. Min. Max.

Landsat (km2) Province 31 1994, 1997, 10874.36 11709.61 0 39045.36
and 1998

MODIS (m2) District 9352 2001-2008 33719.2 131402.3 0 3691000
Conversion District 1184 2001-2008 44107.9 123167.4 0 1355500
Conservation District 1520 2001-2008 11541.61 64278.08 0 1471000
Production District 2096 2001-2008 67615.7 214001.8 0 3691000
Protection District 2152 2001-2008 7667.867 30780.58 0 1000500
Others District 2400 2001-2008 36396.35 119909.8 0 2363500

Wood Volume (m3) Province 3082 1994-2007 62113.32 227591.10 0 3416315
Wood Price (US$) Province 3081 1994-2007 315.04 262.19 32.98854 7502.014

NOTE: 23 provinces using the Landsat satellite images had reforestation instead of deforestation.
These 23 provinces are dropped in the summary statistics and in the log regression, but not in the
linear regression.

1. Landsat Satellite Images: Interpreted dataset from Landsat satellite images

comes from the Indonesian Ministry of Forestry’s “Forest Statistics: Division

of Forest Inventory and Land Use” (Statistik Kehutanan: Bidang Inventarisasi

Dan Tata Guna Hutan). Data is available for the years 1986, 1994, 1997 and

1998, and contains the area that did not have cloud cover and hence, was

successfully interpreted. This area is divided into either forested area or non-

forested area for each province, with maximum deforestation occurring at South

Sumatra in 1986.

2. MODIS Satellite Images: Another measure of deforestation is the number

of pixels lost using MODIS satellite images. Deforestation can be seen in terms
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of pixels lost per Indonesian district from 2001 to 2008. This dataset presents

deforestation numbers for 311 districts8. These 311 districts are divided into

five categories of forest zones9: (1) conversion forests, (2) conservation forests,

(3) production forests, (4) protection forests, and (5) forests for other uses.

Dropping the “forest for other uses” category, 300 districts remain, with 148

districts under conversion forests, 190 districts under conservation forests, 262

districts under production forests, and 269 districts under protection forests.

Appendix 2.1 provides a summary of the number of districts for each forest

zone in each province. On average, Indonesia has lost 33,720 square meters

of forest from 2001 to 2008, with a standard deviation of 131,402 square me-

ters. Deforestation at 3,691,000 square meters is highest at East Kotawaringin,

Central Kalimantan in 2006.

3. Wood Production Volume and Price: Wood production volume and price

from 1994-2007 is also used as a measure of deforestation. These statistics are

collated from the annual “Statistics of Forest and Concession Estate” (Statistik

Perusahaan Hak Pengusahaan Hutan) published by the Indonesian Central

Bureau of Statistics. It contains the quantity and value of logs cut for 19

provinces and the associated price by type of wood for 117 different types of

wood. Because the dataset is derived from production, it includes both clear

felling as well as selective logging. Since it captures only logging that was

officially reported by the forest concessions, it is likely that it does not include

most illegal logging. This dataset is used as a robustness check, especially since

a possible problem with the use of satellite images as a measure of deforestation

is misclassification10.

8There are no deforestation numbers for all districts in the inner islands and some transmigration
villages were not matched to deforestation districts in Riau Island and the Moluccas. Moreover,
although Indonesia differentiates between cities and districts (both are considered second-level ad-
ministrative subdivisions), in this chapter, I count cities as another district and do not differentiate
a city from a district.

9Forest zones are areas designated by the Ministry of Forestry in accordance with The Forestry
Law (No. 14/1999) and the Basic Forestry Law (No. 5/1967).

10Misclassification is especially possible when using Landsat Satellite images. Images that contain
clouds make it hard to analyze whether deforesation or reforestation has happened between years.
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As with deforestation, several measures are also used for transmigration depend-

ing on the unit measure as well as on how big the administrative divisions are. Table

3.3 shows the summary statistics for the transmigration measures and below is a

more in-depth discussion of these four measures.

Table 3.3: Transmigration Summary Statistics

Mean Std. Dev. Min. Max.

Village T.Families 2,543.00 5,826.75 0 58,145.00
Village T.Individuals 10,955.76 25,212.50 0 255,173.00
Provincial T.Families 42,345.14 41,111.85 0 162,169.00
Provincial T.Individuals 56,043.24 86,531.35 0 407,422.00

1. Village Transmigrant Families and Individuals: The Indonesian Min-

istry of Manpower and Transmigration (MOTM) provides a roster of former

transmigration locations that have become villages or district capitals (Daf-

tar Nama-Nama Eks Lokasi Transmigrasi Yang Telah Menjadi Desa/Ibu Kota

Kecamatan). This dataset contains a list of transmigration villages that were

successfully transferred to the transmigrants and have since then been able to

survive without government support. It also contains data on the district these

villages were in, the placement and transfer dates11, the number of transmigrant

families and individuals placed in a village and the number of transmigrant fam-

ilies and individuals during the village transfer. The earliest placement date is

1952 and the latest is 2006. Fifteen out of the 33 provinces in Indonesia have

transmigrant settlements that became villages or district capitals, with West

Sumatra having the lowest number of these villages and South Sumatra having

the highest number of these villages. Appendix 2.2 provides a summary of the

number of villages in each province that were successfully transferred from the

government to the transmigrants.

11In the regression analysis, since the number of transmigrants “placed” is similar to the number
of transmigrants “transferred” for each village in each year, regressions are run using just the
number of transmigrants “transferred.”
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2. Provincial Transmigrant Families and Individuals: The Statistical Year-

books and Pocketbooks of Indonesia also provide transmigration data at a

provincial level from 1856-1994. Appendix 2.4 summarizes the years for which

transmigration data has been made available in these yearbooks and pocket-

books and which yearbooks and pocketbooks these data can be found in. Since

transmigration declined after Suharto resigned from the presidency, the missing

years after 1994 should not greatly affect the analysis. Unfortunately, because

of the missing years between 1956 to 1994, the total numbers of transmigrant

families and individuals per repelita (see Appendix 2.3) do not match the num-

bers in Table 3.1. Furthermore, the number of transmigrant individuals was

not made available in the yearbooks and pocketbooks for the years 1988 to

1994.

Figures 3.2a and 3.3a plot district and provincial deforestation using MODIS

from 2001-2008 on a map of Indonesia. Below these deforestation figures are similar

plots for the number of transmigrant families and individuals. The district level

heat maps are constructed by summing the number of village transmigrant families

and individuals (respectively) for all available years while the province level heat

maps are constructed by summing the number of provincial transmigrant families

and individuals (respectively) for all available years. Since MODIS is presented on a

district level, I use the provincial sum of district deforestation in plotting provincial

deforestation. For both heat maps, I find that deforestation is highly correlated with

both the number of transmigrant families and individuals. In many districts where

the heat map shows high levels of deforestation, there are similarly high levels of

transmigrant families and individuals.

As for the control variables, an extensive review of related literature shows that

the following should be controlled for: population, standing forest, decentralization,

roads, mining and oil palm plantations, economic development and inequality, gen-

der, soil quality and tidal irrigation. I also check the effects of old vs. new transmi-

grants on deforestation, as well as the effect of the number of transmigrants migrated

into neighboring districts. Old transmigrants are defined as transmigrants migrated
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(a) District Deforestation

(b) Number of Families Transmigrated

(c) Number of Individuals Transmigrated

Figure 3.2: MODIS Deforestation and Village T.Families and T.Individuals
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(a) Provincial Deforestation

(b) Number of Families Transmigrated

(c) Number of Individuals Transmigrated

Figure 3.3: MODIS Deforestation and Provincial T.Families and T.Individuals
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between 1952 to 1979 while new transmigrants are defined as transmigrants migrated

between 1980 to 2006. The number of neighboring transmigrants is defined as the

sum of the population of transmigrants in districts neighboring district i. Along

with population, these two measures of the effect of transmigration can shed light on

the possible channels through which migration leads to deforestation. Table 3.4 lists

these variables in alphabetical order, their descriptions, the year used, and where

they are from.

Table 3.4: List of Control Variables

Code Variable Name Variable Description Level Year Source

Area District Land Area Total area in square meters District 2000 WB
Provincial Land Area Total area in square meters Province 2000 BPS

DSplits District Splits Average district splits District 2001-2008 Burgess
Forest Forest Area Average standing forest District 2000 MODIS
Gender Gender Percentage of males Province 2009 BPS
Income Income Regional GDP Province 2004 BPS
Mining Mining Individuals in the mining sector District 2007 WB
NTFam Property Rights Neighboring transmigrant families District 1956-2006 MOTM
NTInd Property Rights Neighboring transmigrant individuals District 1956-2006 MOTM
Plantations Oil Palm Plantations Total area of oil palm plantation District 2000 WB
Pop Rural Population Population in the rural areas District 2000 WB

Provincial Population Population in the province Province 2000 BPS
Poverty Poverty Individuals below the poverty line District 1999 WB
Roads Roads Length of roads: asphalt, dirt, gravel District 2001 WB
Soil Soil quality Soil quality: low, medium, high District 1993 USDA
TFam g Social Cohesion Transmigrant families in group i District 1956-2006 MOTM
TInd g Social Cohesion Transmigrant individuals in group i District 1956-2006 MOTM
Tidal Tidal Irrigation 1 if inland and 0 otherwise District N/A N/A

NOTE: WB stands for the World Bank, BPS stands for the Indonesian Bureau of Statistic (Badan Pusat
Statistik), Burgess stands for Burgess et al. (2012), MOTM stands for the Indonesian Ministry of Manpower
and Transmigration, and USDA stands for United States Department of Agriculture.

3.4 Methodology

Data on deforestation and transmigration vary not just in the level of administrative

jurisdiction, but also in the years that the data is available for. Exploiting these char-

acteristics, the effect of transmigration on deforestation is analyzed using four main

regressions: baseline cross section and panel regressions to estimate short run effects,

57



and cumulative cross section and running panel regressions to estimate long run ef-

fects. Both baseline cross section and panel regressions use deforestation numbers

from the Landsat dataset. Since transmigration was at its height before Suharto’s

resignation, both baseline regressions measure the effect of transmigration when it

was at its height. In particular, the cross section regression examines the effect of

transmigration in 1993 on deforestation in 1994 while the panel regression examines

the effect of transmigration in 1993, 1996 and 1997 on deforestation in 1994, 1997

and 199812. Transmigration in 1994 was part of Repelita IV, one of the repelitas with

the highest transmigration goal. The panel regression provides a robustness check

that controls for provincial and island fixed effects. The regression equations for the

baseline cross section regression is:

DEFi,1994 = α + βTRANSi,1993 + εi,1986 (3.1)

where DEFi,1994 is deforestation in province i from Landsat satellite images for the

year 1994 and TRANSi,1993 is the number of transmigrants moved the year before.

The regression equation for the panel regression is:

DEFi,t = α + βTRANSi,t−1 + FEj + εi,t (3.2)

where i is the province, t is 1986, 1994, 1997 and 1998, and j is either the province

or the island.

Cumulative cross section and running panel regressions are run to estimate the

long-run effects of transmigration on deforestation. To run cumulative regressions,

the sum of deforestation, DEFi, is regressed on the sum of transmigration, TRANSi,

along with several district level and provincial level control variables, CONTj:

2008∑
t=2001

DEFi,j,t = α + β

2006∑
t=1952

TRANSi,t + γCONTj + εi,j (3.3)

12Since the data does not uniquely identify the exact month and day for the Landsat satellite im-
age, this chapter uses transmigration numbers from the year before to make sure that deforestation
happened shortly after the transmigrants were settled.
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where i is the district, j is either the district or the province and ε is the error term.

The coefficient of interest is β, and it measures the effect of the total number of

transmigrants moved on the total level of deforestation in the 2000s. The transmi-

gration variable in equation 3.3 is also broken up into three components to examine

the channels through which migration leads to deforestation:

2008∑
t=2001

DEFi,j,t =α + β1Transoldi + β2Transnewi

+ β3NTransi + β4Popi + γCONTj + εi,j

where Transold is the number of transmigrants migrated between 1952 - 1979 in a

district, Transnew is the number of transmigrants migrated between 1980 - 2006 in a

district, NTrans is the number of transmigrants migrated in the neighboring districts

of a district, and Pop measures the number of individuals in a district. The effect of

old vs. new transmigrants can be interpreted as the effect of social cohesion. Migrants

migrated earlier have more time to build relationships with the locals; hence, old

transmigrants can be thought of as more socially cohesive than new transmigrants.

The effect of the number of neighboring transmigrants can also be thought of as the

effect of perceived property rights insecurity. The more neighboring transmigrants,

the greater the perception of property rights insecurity by an individual in district

i. Lastly, the effect of population can be thought of as the effect of an increase in

population due to transmigration.

To conduct running panel regressions, deforestation, DEFi,j,t, is regressed on

the sum of transmigration from the earliest year to year t (
∑t

s=0 TRANSi,t) and

controlled for fixed effects, FEi:

DEFi,j,t = α + β

t∑
s=1952

TRANSi,s + FEj + εi,j,t (3.4)

where i is the district, j is the district, the province or the island, t is from 2001-

2008 for MODIS and 1994-2007 for Wood Production and Price, and ε is the error

term. Although there are four measures of transmigration, the time dimension of
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the dataset only allows for the use of two measures - the number of transmigrant

families and individuals settled in a village. Satellite images in both cumulative and

running regressions allow not just for a finer level of identification and the inclusion

of a variety of control variables13, but also the ability to examine the effects of

transmigration on the different forest zones.

3.5 Results

There are two claims that Whitten (1987) makes in his paper. First, he claims that

the land given to the transmigrants was not forested land to begin with. If this

was the case, results from baseline cross section and panel regressions should show

insignificant coefficients for the transmigration variable. Second, Whitten (1987)

claims that transmigrants are not lovers of forest and as such, would be happy to

see forest destroyed. If this was the case, the cumulative cross section and running

panel regressions should show positive and statistically significant coefficients for the

transmigration variable. The coefficients for the transmigration variable should also

continue to yield positive and statistically significant coefficients in the cumulative

cross section regression even after the main transmigration variable is divided into

the three channels through which migration is hypothesized to affect deforestation.

Cumulative cross section regressions for each forest zone are also run to test the

effect of transmigration on different forest zones. I expect to see large and significant

effects for production and conversion forests and the opposite for conservation and

protection forests. Finally, a final robustness check is done using the wood production

and price dataset as a proxy for deforestation in a running panel regression. I expect

transmigration to positively affect wood production and negatively affect price.

13Since deforestation numbers are on a district level, the number of observations using MODIS
satellite images is significantly larger than the number of observations from using Landsat satellite
images.
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3.5.1 Short Run Results

Running equations 3.1 and 3.2 to test for short run effects of transmigration, I find

that results are mixed but generally positive and statistically significant. Results

from the baseline cross section regression (equation 3.1) shows that although trans-

migration in the linear model led to deforestation, this does not hold when we take

logs for both transmigration and deforestation (see Table 3.5). This difference be-

tween the linear and log regression models could be due to outliers. When I ran

robust regressions for the linear model, the statistical significance disappears.

Table 3.5: 1994 Cross Section Regression Results

Dependent Variable: Deforestation (DEF1994, km
2)

Linear Regression Log Regression
(1) (2) (3) (4)

T.Fam 9.7282* 0.0183
(5.0410) (0.0436)

T.Ind 2.3144* 0.011
(1.128) (0.0369)

Constant -15132 -15346 23.4159*** 23.4405***
R-squared 0.11 0.12 0.01 0.01
N 18 18 13 13

*** p < 0.01, ** p < 0.05, * p < 0.10
Note: Robust standard errors in parentheses. Robust lin-
ear regressions were also run. Coefficients were statistically
insignificant.

Results from the baseline panel regression are more in tune with the initial hy-

pothesis that transmigration led to deforestation. Columns (1) and (2) in Table 3.6

show results from running robust linear regressions of Equation 3.2. The T.Fam

coefficient in column (1) is interpreted as an increase in forest cover loss of 4.4941

km2 for every additional transmigrant family migrated to the outer islands while

the T.Ind coefficient in column (2) is interpreted as an increase in forest cover loss

of 0.9382 km2 for every additional transmigrant individual migrated to the outer

islands.
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Table 3.6: Short Run Panel Regression Results

Dependent Variable: Deforestation in 1994, 1997 and 1998 (km2)

Robust Linear Regression Log Regression
(1) (2) (3) (4) (5) (6)

T.Fam 4.4941*** 0.3665** 0.7762***
(1.4961) (0.0912) (0.1041)

T.Ind 0.9382*** 0.2840* 0.6884***
(0.3467) (0.0941) (0.0306)

Constant 1621.3681 1840.532 20.4101*** 19.3136*** 20.5273*** 19.2975***
R-squared 0.15 0.12 0.09 0.56 0.08 0.57
N 54 54 29 29 29 29
Island FE no no no yes no yes

*** p < 0.01, ** p < 0.05, * p < 0.10
Note: Robust standard errors in parentheses. Clustered at the province level.

Columns (3) to (6) of Table 3.6 show log regression results, and provincial fixed

effects are included in columns (4) and (6). Since the mean of deforestation is 10,874

km2 and the mean number of families transmigrated is 479 families, the coefficient

of 0.3665 for T.Fam in column (3) implies an 8.32 km2 of forest cover loss for every

transmigrant family moved to the outer islands. This number increases to a forest

cover loss of 17.62 km2 when island fixed effects are included. Both these numbers

are greater than the forest cover loss of 4.49 km2 estimated in column (1).

As for transmigrant individuals, a mean of 2,127 individuals implies a forest cover

loss of 1.45 km2 for the coefficient in column (5) and 3.52 km2 for the coefficient

in column (6). While this pattern in the results follows the same pattern as the

transmigrant families result, an effect of 8.32 km2 is more than 5 times the effect of

1.45 km2. This implies that contrary to the transmigration guideline of migrating

4-5 individuals per transmigrant family, the transmigration program at its height

actually migrated families with more than 5 individuals.

3.5.2 Long Run Results

To analyze the cumulative effects of transmigration on deforestation, I run equation

3.3 as it is and when the transmigration is divided into the three possible channels.
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Table 3.7 shows these results under linear and log specifications. An additional trans-

migrant family initially causes 129 m2 of forest cover loss. Segregating the effect of

transmigration into three channels, I find that older transmigrants cause reforesta-

tion instead of deforestation. This effect disappears when controls are included in

the regression. Results also show a consistent increase in deforestation as a result of

newer transmigrants. This effect is equivalent to 138 m2 before the control variables

are included and decreases to 103 m2 after control variables are included. Just like

the social cohesion channel, the increased perception of property rights insecurity

also causes deforestation. An additional transmigrant individual moved to a neigh-

boring district initially leads to 28 m2 of deforestation and increases to 40 m2 when

control variables are included. The results for transmigrant individuals are similar

to the results for transmigrant families.

The log results for the transmigrant families and individuals are also similar. A

percentage increase in the number of transmigrant families leads to a 0.23 percentage

increase in deforestation. Given that the mean of deforestation is 1,013,961 m2 and

the mean of transmigration is 1,545, this is equivalent to a forest cover loss of 150

m2. This effect decreases to 0.19 when the channels are examined, and decreases

even more to 0.1490 when controls are included. Similar coefficients are seen in

the regression results for the transmigrant individuals, and given that the mean of

transmigration is 6,658.43, the effect of transmigrant individuals on deforestation

is similar to that of the transmigrant families. In fact, assuming that there are

4-5 transmigrant individuals in a transmigrant family, the results of transmigrant

individuals and transmigrant families coincide.

To ensure the consistency of my results, I run several robustness checks. First, I

run the same regressions using different proxies for population. Using total provincial

population, rural population and population per capita yield similar results as above.

Second, I run similar regressions using transmigrants divided into 5-year and 10-year

groups instead of just old and new. Again, the results are generally consistent with

my hypothesis. Older transmigrants tend to deforest less and at times, even lead

to reforestation while newer transmigrants tend to deforest more. Lastly, I run the

same regressions while limiting the sample to those districts with high propensities

63



Table 3.7: Cumulative Cross Section Regression Results

Dependent Variable: Deforestation (
∑2008

t=2001DEFt, m
2)

Village Transmigrant Families 1952 - 1979, 1980 - 2006
Linear Regression Log Regression

(1) (2) (3) (4) (5) (6)

T.Fam 129.1786*** 0.2369***
(47.7025) (0.0244)

T.Fam old -185.0026** -103.8669 0.0131 -0.0289
(85.2453) (73.8917) (0.036) (0.0502)

T.Fam new 137.9531*** 103.2229** 0.1905*** 0.1490*
(43.8004) (51.2593) (0.0507) (0.0815)

NTFam 28.4275*** 40.4475*** 0.0607 0.1122
(6.4730) (13.6161) (0.0436) (0.0842)

Pop -0.0009 -0.0029 0.3174*** 0.8154***
(0.0005) (0.0024) (0.1065) (0.2849)

Constant 687,326.8204*** 491,070.4056** 8770722.96 11.4816*** 5.3532** -25.2191
R-squared 0.14 0.31 0.48 0.22 0.38 0.63
N 311 213 67 308 211 67
Controls no no yes no no yes

Village Transmigrant Individuals 1952 - 1979, 1980 - 2006
Linear Regression Log Regression

(1) (2) (3) (4) (5) (6)

T.Ind 29.6581*** 0.2027***
(11.1668) (0.0208)

T.Ind old -40.4885** -23.9726 0.0138 -0.021
(19.9353) (16.9966) (0.0302) (0.0424)

T.Ind new 31.1939*** 25.0529** 0.1743*** 0.1315*
(9.7143) (12.214) (0.0407) (0.0708)

NTInd 6.6134*** 9.3740*** 0.044 0.0911
(1.49) (3.1078) (0.0363) (0.0751)

Pop -0.0009 -0.0029 0.3068*** 0.8137***
(0.0005) (0.0023) (0.1068) (0.2888)

Constant 690,760.1507*** 507,094.6180** 10520314.07 11.4786*** 5.5594*** -25.675
R-squared 0.14 0.31 0.49 0.22 0.38 0.63
N 311 213 67 308 211 67
Controls no no yes no no yes

*** p < 0.01, ** p < 0.05, * p < 0.10
Note: Robust standard errors in parentheses. The signs of all control variables are as expected except
for decentralization, but only forest is statistically significant for both the log and linear specifications.
Both poverty and decentralization are statistically significant in log.
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of getting transmigrants and obtain similar results (See Appendix 2.5).

Another way to test long run effects of migration on deforestation is to exploit

the time dimension of the dataset and run equation 3.4 in both linear and log spec-

ifications. Results in table 3.8 show statistically significant coefficients for both the

transmigrant families and transmigrant individuals variables. An additional trans-

migrant family continues to cause 16-22 m2 of forest cover loss while an additional

transmigrant individual continues to cause 2-5 m2 of forest cover loss. The log regres-

sion shows similar results. With a mean of 112,662.4 m2 for deforestation and a mean

of 2,247 for transmigrant families, a coefficient of 0.5056 implies an increase of 25.35

m2 for every additional transmigrant family while a coefficient of 1.3186 implies an

increase of 66.11 m2 for every additional transmigrant family. Moreover, the mean

of 9,686 for transmigrant individuals implies an increase in deforestation of 5 m2 for

every additional transmigrant individual when no fixed effects are included and an

increase in deforestation of 13.13 m2 for every additional transmigrant individual

when district fixed effects are included.
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Table 3.8: Running Panel Regression Results

Dependent Variable: Deforestation from 2001 to 2008 (m2)

Village Transmigrant Families, 1952 - 2006
Linear Regression Log Regression

(1) (2) (3) (4) (5) (6) (7) (8)
T.Fam 16.8500** 21.5643** 12.1739** 16.1092** 0.5056*** 1.3186*** 0.6036*** 0.5541***

(7.2008) (8.3688) (5.7792) (7.0569) (0.0646) (0.0488) (0.0515) (0.0548)
Constant 74,799.5101*** 64,206.3107*** 85,306.8917*** 76,464.0732*** 6.7235*** 4.3151*** 6.4332*** 6.5799***
R-squared 0.08 0.51 0.24 0.13 0.22 0.61 0.31 0.26
N*T 2799 2799 2799 2799 2799 2799 2799 2799
District FE no yes no no no yes no no
Province FE no no yes no no no yes no
Island FE no no no yes no no no yes

Village Transmigrant Individuals, 1952 - 2006
Linear Regression Log Regression

(1) (2) (3) (4) (5) (6) (7) (8)

T.Ind 3.8695** 4.9615** 2.7490* 3.6959** 0.4306*** 1.1288*** 0.5147*** 0.4721***
(1.6834) (1.9523) (1.3395) (1.6487) (0.0548) (0.0385) (0.0444) (0.0474)

Constant 75,181.5054*** 64,604.0029*** 86,035.0636*** 76,862.8147*** 6.7223*** 4.2926*** 6.4298*** 6.5779***
R-squared 0.08 0.51 0.24 0.13 0.22 0.61 0.31 0.26
N*T 2799 2799 2799 2799 2799 2799 2799 2799
District FE no yes no no no yes no no
Province FE no no yes no no no yes no
Island FE no no no yes no no no yes

*** p < 0.01, ** p < 0.05, * p < 0.10
Note: Robust standard errors in parentheses. Clustered at the province level.
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Table 3.9: Wood Production Regression Results

Dependent Variable: Wood Production Volume or Price (in USD)

Linear Regression Log Regression
Wood Volume Wood Price Wood Volume Wood Price

(1) (2) (3) (4)
T.Fam -127.4334*** -0.0741*** -5.9413** -2.987***

(42.2375) (0.0138) (2.1148) (1.1889)
Constant 5519353*** 3385.3430*** 60.8100*** 30.400***
R-squared 0.8233 0.656 0.8271 0.7641
N*T 239 239 239 239
District FE yes yes yes yes

Linear Regression Log Regression
Wood Volume Wood Price Wood Volume Wood Price

(1) (2) (3) (4)
T.Ind -31.1419** -0.0175*** -5.9381** 3.5144**

(11.2341) (0.0030) (2.4908) (1.372494)
Constant 5773172*** 3437.8790*** 67.5132*** 36.6486***
R-squared 0.8232 0.6528 0.8208 0.7645
N*T 239 239 239 239
District FE yes yes yes yes

*** p < 0.01, ** p < 0.05, * p < 0.10
Note: Robust standard errors in parentheses. Clustered at the province level.

3.5.3 Illegal Logging

To further check for robustness of the above estimates, I run equation 3.4 using wood

production as a proxy for deforestation. Table 3.9 shows panel regression results for

wood production volume and price in US dollars in linear and log specifications.

Since the wood production dataset is on a provincial level, I sum up all village

transmigrants belonging to the same province and use that as a measure of provincial

transmigrants.

Table 3.9 shows the regression results. Results show that in general an increase in

transmigrant families and individuals decreases wood production volume and price.
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This effect on wood production price is expected. If transmigration causes defor-

estation, an increase in the number of transmigrants should shift the supply of wood

to the right and decrease price. However, a similar decrease in wood production is

initially puzzling since one would expect an increase in the legal wood production

volume due to an increase in transmigration. The key point in understanding this

effect is the fact that the wood production variable only measures legal wood produc-

tion. It can be inferred that since wood price decreased, the general supply of wood

increased. If legal wood supply decreased but the general wood supply increased, it

could only mean that the supply of illegal wood increased. This fits perfectly with

the regression results by forest zones.

This illegal logging hypothesis is supported when I run equation 3.4 using satel-

lite images divided into forest zones. Table 3.10 shows that even conservation and

protection forests, forest areas that are not supposed to be logged, are affected by

the increase in transmigration. This result is more evident in the panel regressions

than in the cross section regressions.

3.5.4 Selection Bias Problem

There is a concern that certain districts might have been more likely to receive trans-

migrants than other districts. The same districts might also be more likely to be

deforested. To address this concern, I calculate each district’s propensity to receive

transmigrants using metrics that government bureaucrats used to make decisions.

These metrics include soil quality, the existence of a shore for tidal irrigation, popu-

lation, poverty and length of roads. Since the height of transmigration happened in

the late 1980s and early 1990s, I use variables that measured these metrics around this

time period. Looking at districts with similar propensities of getting transmigrants,

I regress deforestation on whether or not a district was used as a transmigration

settlement. Columns (1) and (2) of Table 3.11 show the linear and log regression

results using propensity score matching.

Table 3.11 also shows results from running deforestation on a transmigration

dummy using Heckman correction. Just like the propensity score matching approach,
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Table 3.10: Regression Results By Forest Zone

Conversion Conservation Production Protection Others

Cross Section
(1) T.Fam, Linear (+)** (+)* (+)*** no no
(2) T.Fam, Log no no (+)*** no (+)**
(3) T.Ind, Linear (+)*** (+)* (+)*** no no
(4) T.Ind, Log no no (+)*** no no
Cross Section with Controls
(1) T.Fam, Linear no no (+)** no (+)*
(2) T.Fam, Log no no (+)* no no
(3) T.Ind, Linear no no (+)** no (+)*
(4) T.Ind, Log (+)** no (+)* no (+)**
Panel, District FE
(1) T.Fam, Linear (+)*** no (+)* no (+)*
(2) T.Fam, Log (+)*** (+)*** (+)*** (+)*** (+)***
(3) T.Ind, Linear (+)*** no (+)* no (+)*
(4) T.Ind, Log (+)** (+)*** (+)*** (+)*** (+)***
Panel, Province FE
(1) T.Fam, Linear (+)* no (+)* no (+)*
(2) T.Fam, Log (+)*** (+)*** (+)*** (+)*** (+)***
(3) T.Ind, Linear (+)** no (+)* no (+)*
(4) T.Ind, Log (+)*** (+)*** (+)*** (+)*** (+)***

*** p < 0.01, ** p < 0.05, * p < 0.10
Note: (+) means a positive coefficient for the transmigration variable. Robust standard errors used.
Standard errors for the panel regressions are clustered at the province level. Dependent variable for the
cross section regression is

∑2008
t=2001DEFt while the dependent variable for the panel regression is DEFt

where t = 2001 to 2008.

the selection criteria used to run Heckman correction includes soil quality, the exis-

tence of a shore for tidal irrigation, population, poverty and length of roads. Both

results from the propensity score matching and Heckman correction show statisti-

cally significant coefficients for transmigration. This means that looking at fairly

similar districts, districts with transmigrants had higher levels of deforestation.

3.6 Conclusion

Using various measures of deforestation and transmigration, this chapter investigates

whether transmigration increased deforestation. The effects of transmigration both

in the short run and in the long run, as well as its effect on deforestation via ille-
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Table 3.11: PSM and Heckman Correction Results

Dependent Variable: Deforestation (
∑2008

t=2001DEFt, m
2)

Propensity Score Matching Results Heckman Selection Results

Linear Regression Log Regression Linear Regression Log Regression

(1) (2) (3) (4)

Transmigration 1,844,254.4298*** 2.6329*** 1,812,683.9819*** 2.3837***

(372399.456) (0.3355) (392404.4435) (0.3583)

Constant 186,548.3871*** 10.7360*** 327377.6 11.16916

R-squared 0.14 0.33

N 133 131 265 265

*** p < 0.01, ** p < 0.05, * p < 0.10

Note: Robust standard errors in parentheses. The variable “Transmigration” is a dummy: 1

if a district ever had transmigrants and 0 otherwise.

gal means were examined. Three channels through which migration could possibly

lead to deforestation were also examined. I find positive and statistically significant

coefficients that lend support to my initial hypotheses.

First, transmigration provides a quasi-exogenous shifter of individuals that can

better estimate the effects of migration on deforestation. Regression results show

that migration has led to deforestation. This positive effect of migration on defor-

estation is consistent even after examining the effects of migration on deforestation

via three channels. For the first channel, dividing transmigrants into old and new

migrant groups, I find that new migrant groups lead to deforestation but old migrant

groups do not. This result can be explained by looking at the effect of migration

on deforestation via the social cohesion channel. That is, old transmigrants can

be thought of as more socially cohesive with the locals than the new transmigrants.

Drawing from the literature on social cohesion and how it affects extraction decisions

of individuals, it could be the case then that districts with old transmigrants are less

likely to over extract their forest resources.

For the second channel, summing up the number of migrants transmigrated in

any of a district’s neighboring districts, I find positive and statistically significant
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results as well. This means that as the number of neighboring migrants increase,

so does deforestation in a district. Following the line of reasoning from Bohn and

Deacon (2000), this result can be attributed to an increased perception of property

rights insecurity. As more individuals in neighboring districts are migrated by the

government, an individual in a particular district can perceive his property rights to

be more insecure, and hence, harvest more.

For the third channel, population shows that migrating individuals from the

densely populated inner islands to the sparsely populated outer islands, the Indone-

sian national government increased deforestation in the outer islands. Regression

results show that this population channel is also positively and statistically signifi-

cant.

Second, transmigration did lead to deforestation in the outer islands, both in

the long run and in the short run. I was able to arrive at this number not by

merely imputing the effect of transmigration on deforestation but by making use of

deforestation numbers from Landsat and MODIS satellite images. However, the effect

of transmigration on deforestation is not as high as it was previously believed to be.

Contrary to Dick (1991)’s claim of 2-3 hectares of forest cover loss per transmigrant

family, my results show that the effect of transmigration on deforestation is much

smaller. Except for my cross section regression results at 1994 which shows the

marginal effect of an additional transmigrant family to be 4-18 km214, all results

point to a smaller estimate than that of Dick (1991). My cumulative regression shows

that the effect of a transmigrant family on deforestation is 129 m215 of deforestation

between 2001 to 2008. As for panel regression results, controlling for district, province

or island fixed effects, an additional transmigrant family leads to 12 -21 m2 of forest

cover loss.

Lastly, this chapter is also able to estimate the effects of the program on illegal

logging using two methods: (1) by analyzing the effects of the program on deforesta-

tion in conservation and protection forests, and (2) by analyzing the effects of the

program on wood production and price. Results show that transmigration did not

141 km2 is equivalent to 100 hectares.
15This is equivalent to 0.0129 hectares.

71



only cause an increase in deforestation, it also led to an increase in illegal logging.

We see this through the decline in wood prices and legal wood production volume as

well as through the positive and statistically significant effects of transmigration on

deforestation in forest areas tagged as protection and conservation forests.

These regression results show the negative effects of transmigration on deforesta-

tion in Indonesia. Despite it being an event specific to a single country and an event

that is slowly being phased out, results from this study on transmigration shed light

on the effects of migration on deforestation and on resource use in general. For as

long as migration disrupts social cohesion and the perception of property rights se-

curity, this phenomenon will cause an increase in resource extraction. Policy makers

should therefore take into consideration the effects of migration on social cohesion

when making policy recommendations that involve the movement of individuals. It

is also worth noting that from this chapter’s results, not all increases in resource

extraction come from legal means. A large part of it comes from illegal extraction.
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Chapter 4

Fairness, Risk and Time

Preferences of Fishers in the Wake

of Natural Disasters

4.1 Introduction

Economic losses from natural disasters have more than doubled over the last 40

years (Guin and Saxena 2000; EM-DAT 2010), 90% of which fall under three main

categories: floods, earthquakes, and tropical cyclones (Cameron and Shah 2012).

In the US, for example, Hurricane Andrew and the Northridge earthquake cost the

country $26.5 billion and $44 billion in losses. In Japan, damages from the Great

Hansin (Kobe) earthquake are estimated to be $100 billion. And although total

losses in the Philippines from one of the world’s strongest tropical cyclones ever

recorded, Typhoon Haiyan, is estimated to be considerably less at about $2 billion,

the typhoon took more than 6,000 lives, injured more than 28,000 individuals and

left more than a thousand individuals missing. Although natural disasters occur

This chapter is based on a manuscript co-authored with John Lynham.
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randomly around the world, the individual losses from these unexpected shocks are

disproportionately borne by individuals in developing countries (Kahn 2005); not

because they are more prone to natural disasters, but because their impact is more

severe due to poor building practices, lack of adequate dissemination of information,

and fewer safety nets (Jalan and Ravallion 1999; Cutter et al. 2000; Jütting 2004;

Kahn 2005; Kunreuther 2006). These losses can undermine a country’s development

efforts (Freeman 2000), especially since natural disasters occur at a higher frequency

now than in the past (The International Disaster Database 2009).

Given the trauma that individuals suffer from natural disasters, it is likely for

these disasters to affect individual behavior. In this chapter, we investigate the

relationship between natural disasters and an individual’s preference for fairness, risk

and patience through artefactual field experiments in Siquijor Island, Philippines. If

natural disasters affect an individual’s preference for fairness, risk and patience, we

hypothesize that they will be less fair, more risk averse, and less patient. We will

discuss these hypotheses in turn.

First, preferences for unfairness can stem from individual desperation felt due

to losses in livelihood. The same desperation can also lead to the breakdown of

a community’s social cohesiveness, leading to further increases in unfairness (Katz

2000; Ostrom et al. 1999; Baldassarri and Grossman 2013). Second, having been

affected by a natural disaster can increase an individual’s perception of the risk

they face; hence, making them more risk averse. Studying individuals in East Java,

Cameron and Shah (2012) find support for this: those affected by natural disasters

in the last 3 years are more risk averse than those not affected within the last 3

years. In contrast, Eckel et al. (2009), find that individuals affected by Hurricane

Katrina became more risk loving shortly after the disaster. Regressing results for

psychometric tests on risk preferences, they find that negative emotions explain risk-

loving choices of Hurricane Katrina evacuees. A possible explanation for this is that

having suffered such a great loss, evacuees felt that they had nothing more to lose.

Lastly, individuals affected by natural disasters might have a higher preference for

discounting the future to satisfy their present need for survival. Interestingly, Bang

(2008) finds that in religious households, this present need for survival is nullified by

74



the “belie[f] that only God [would] save them from any disastrous event.” (p. 14)

To investigate the relationship between these preferences and natural disasters,

we examine the effect of Typhoon Haiyan, one of the strongest tropical cyclones ever

recorded, in Siquijor Island. Since the eye of the typhoon traveled northwest across

the Visayas Region of the Philippines, only the northeastern part of Siquijor Island

was affected by the typhoon. For our study, we treat the typhoon as a random event

and the areas affected as areas that were randomly treated. We then compare similar

areas that were either affected or not affected by the typhoon within a homogeneous

island with very little in- or out-migration. Our study makes a significant contribu-

tion to the relatively new literature on natural disasters that have so far only looked

at outcomes such as macroeconomic output (Noy 2009), income and international

financial flows (Yang 2008), migration (Halliday 2006; Paxson and Rouse 2008; Ya-

mauchi et al. 2009), and mental health (Frankenberg et al. 2008). While Eckel et al.

(2009), Balgah and Buchenrieder (2011) and Cameron and Shah (2012) have looked

the effect of natural disasters on risk preferences, this chapter studies at preferences

for fairness and patience in addition to risk. To our knowledge, this is the first paper

that has experimentally studied the effects of a natural disaster on the behavior of

individuals in a developing country within one year of the disaster. With the increas-

ing prevalence of natural disasters, our results are important because of the many

crucial decisions related to cooperative extraction, the existence of marine protected

areas (Hastings and Botsford 1999; Maypa 2012), savings and investment behavior

(Rosenzweig and Stark 1989) and human capital decisions (Schultz 1994; Strauss and

Thomas 1995) that are affected by these disasters. Assessing fisher preferences after

a typhoon is critical in the understanding of how typhoons change preferences, and

how these preferences, in turn, can affect other economic outcomes.

75



4.2 Experimental Design

We partnered with the Coastal Conservation and Education Foundation, Inc. (CCEF)1

to work with fishers in Siquijor Island. A Siquijor-based CCEF staff member served

as guide and provided us with invaluable local knowledge for our artefactual field

experiment. Part of this island was hit by Typhoon Haiyan2 in November 2013.

The typhoon is one of the strongest tropical cyclones ever recorded, with 1-minute

sustained winds of 315 km/h3 and gusts of up to 378 km/hr4. It devastated parts of

Southeast Asia and is considered the deadliest typhoon recorded in modern history

to have struck the Philippines. Although the death toll remains unclear, the National

Disaster Risk Reduction and Management Council (NDRRMC) estimated it to be

6,300 while those in affected areas claimed it to be over 10,000. In Siquijor Island,

the typhoon affected the island’s northeastern areas, the municipalities of Enrique

Villanueva and Maria5. Siquijor Island sustained minimal damage compared to the

rest of the region affected by the typhoon. The typhoon wrecked fishing boats and

gear and destroyed coral reefs, even those within the island’s marine protected areas

(MPAs).

4.2.1 Location

The attractiveness of running experiments on Siquijor Island lies partly in the fact

that the individuals on the island are fairly homogeneous and that there has not

been a lot of migration onto and off the island. Dumont (1995) describes the island

to be “remarkably out of the way” despite it being one of the larger islands and

situated right in the middle of the Philippine archipelago. In fact, according to

Dumont (1995), “the very centrality of the island of Siquijor...[is] unmatched, in fact

1CCEF is a non-government organization (NGO) based in Cebu City that does work on MPAs
on Siquijor Island.

2Also known in the Philippines as Typhoon Yolanda.
3This is equivalent to 195 mph.
4This is equivalent to 235 mph.
5Siquijor Island is composed of 6 municipalities: Enrique Villanueva, Larena, Lazi, Maria, San

Juan, and Siquijor.
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contradicted, by its insignificance in most other respects.” (p. 15) This, coupled

with the reputation of Siquijor Island being a place where black magic is prevalent,

has caused the island to be isolated from the rest of the Philippines for most of its

history6. Hence, it is relatively realistic to assume that individuals in Siquijor have

been there for generations. The in- and out-migration of individuals on the island is

very limited.

For our experiment, four barangays7 were selected from three different munici-

palities on Siquijor Island, two of which were affected by the typhoon and two were

not. The two barangays affected by the typhoon were the barangays of Bino-ongan

in Enrique Villanueva and Olang in Maria while the two barangays not affected by

the typhoon were the barangays of Maite and Paliton in San Juan. The barangays

were chosen to run experiments in consultation with the CCEF staff member whom

we worked with. When picking barangays, we additionally asked the CCEF staff

member to identify barangays that had well-managed MPAs and poorly-managed

MPAs under both typhoon categories. Hence, we have fishers that were affected by

the typhoon with well-managed and poorly-managed MPAs and fishers that were not

affected by the typhoon with well-managed and poorly managed MPAs. The primary

criterion used for distinguishing a well-managed MPA from a poorly-managed MPA

is if poaching had occurred in the MPA within the last few months. The CCEF staff

who did the identification also has up-to-date knowledge of the reef conditions of

each of these MPAs.

4.2.2 Game Choice

All the games run in this experiment are standard to the literature and will be ex-

plained in more detail in the next section. We run an ultimatum game to solicit pref-

erences for fairness. In the game, participants are divided into senders and receivers.

6According to Dumont (1995), “the geographical horizon of most Siquijorians [i]s singularly
circumscribed by the neighboring islands that the boats reached without ever losing sight of coast”
(p. 15). Travel to the Philippine capital, Manila, or even to the regional capital, Cebu City, were
only for the “happy few, well-to-do town-dwellers who belonged to the economic or political elite”
(Dumont 1995, p. 15).

7A barangay is the smallest administrative division in the Philippines.
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The sender is given an amount of money and is asked to choose to send a portion of

the money to a receiver. The receiver chooses to accept or reject the amount sent.

Theoretical predictions for the ultimatum game reveal a scenario where senders send

0 or the smallest possible positive amount and the receivers accept the sender’s offer.

Hence, a sender is considered fair if instead of sending the Nash equilibrium amount,

she sends half of the amount she was initially given. A receiver, on the other hand,

is considered fair if instead of accepting any non-negative amount, she accepts only

those close to half the amount the sender was initially given. Experimental results

from Baldassarri and Grossman (2013) show that persons occupying a position of

power might end up sending more than what is fair, i.e., sending more than half the

amount initially given. The same experiment reveals that group attachment has a

positive impact on pro-social behavior in producer organizations in Uganda.

Other than the ultimatum game, we also run an incentivized risk preference and

discount rate survey to solicit preferences for risk and patience of individual fishers.

Individuals who are risk averse will choose the bundle with a sure but lower expected

payoff while those who are risk loving will choose the bundle with a more risky but

higher expected payoff. for the latter survey, individuals who are patient will choose

to receive higher amounts in the future rather than in the present while those who

are impatient will choose to receive lower amounts now rather than in the future.

4.2.3 Procedure

We made courtesy calls to local government units two days prior to the experiment.

The purpose of the courtesy call was to inform the mayors and barangay captains of

our intention to do research with fishers in their barangays and to clarify that, since

were going to give out money as payment to participants, the research was for purely

academic reasons and was not politically-driven. If the local government officials

had good relations with the fisher associations in their municipality or barangay, we

also asked the officials who we could contact to help in the recruitment of fishers.

In all cases, recruitment was done by a person in the barangay, i.e., the head of the
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local fisher organization, who was familiar with the fishers in his or her barangay8.

Because of logistical difficulties, experiments were conducted in basketball courts,

gyms, or nipa huts within each barangay. Hence, we do not have inter-barangay

experimental interactions. Experiments with Bino-ongan fishers were run on July 9

at 1 pm, experiments with Paliton fishers were run on July 10 at 2 pm, experiments

with Olang fishers were run on July 11 at 9 am, and experiments with Maite fishers

were run on July 11 at 1 pm9. In total, we conducted the experiment with 100

fishers. Table 4.1 shows the number of fisher participants per barangay.

Table 4.1: Number of Observations For Each Barangay

Barangay Number of Fishers
Independent Observations

Ultimatum Risk and Time

Bino-ongan 26 13 26

Maite 26 13 26

Olang 28 14 28

Paliton 20 10 20

Our experiments consisted of three components: an ultimatum game, an incen-

tivized survey to measure risk and time preferences, and a demographic survey. Two

of the three components were paid components, namely, the ultimatum game and

a randomly chosen choice in the risk and time preferences game. The experiments

were conducted in the local language, Cebuano. English instructions are available in

Appendices 3.1 and 3.210. Everything was run via pen-and-paper and snacks in the

8Although having a local recruit for the experiment might lead to a bias in experiment pop-
ulation, this bias is consistent across our four barangays. The number of fishers who came to
the experiment is also representative of the population of fishers from the barangay since all our
experiments were followed by a fisher association meeting that required a quorum.

9Since we only ran one session for each barangay, there is concern for session-specific effects
(Fréchette 2012), i.e., that participants within a session might exhibit more correlation than ob-
servations across subjects in different sessions. However, since we already had most of the fishers
within a barangay, no other sessions could be created.

10Cebuano instructions can be requested from the authors. English instructions were translated
to Cebuano and then translated back to English by another person.
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form of bread and soft drinks, as requested by all local government units, were pro-

vided for all the participants after the experiment. Those who were not able to read

and write were assisted by the experimenter or the research assistant, and payment

forms for those who were not able to write were signed by the experimenter. Experi-

mental roles and subject-id numbers were randomly assigned, and participants were

prohibited from talking or looking at any other participant’s experimental form.

We measure intra-barangay fairness using an ultimatum game experiment. Sender

and receiver roles as well as sender-receiver pairs were randomly assigned and par-

ticipants did not know who they were paired with. Senders decided how much of 100

pesos they wanted to send to the receiver while receivers either accepted or rejected

the sender’s offer. While senders decided how much to send, we asked the receivers

to guess how much they thought the senders would send to them, and while the

receivers were deciding whether or not to accept the sender’s offer, we asked the

senders whether they expected the receiver to accept or reject their offer. Matching

sender and receiver decisions was done via excel and were double-checked by an as-

sistant. Participants in the ultimatum game were paid in private at the end of the

experiment.

We also solicited risk and time preferences using a methodology that largely

followed that of Bauer et al. (2012). To measure risk preferences, individuals chose

among six sets of gambles, each gamble yielding a high or low payoff with equal

probability. The gamble’s expected payoff increases with the increase in the riskiness

of the gamble, i.e., as the player progresses down the list of choices. The least risky

gamble has an expected payoff of 50 (a payoff of 50 pesos if a fair coin was heads

and a payoff of 50 pesos if a fair coin was tails) while the most risky gamble has an

expected payoff of 100 (a payoff of 200 pesos if a fair coin was heads and a payoff of

0 pesos if a fair coin was tails). An advantage of this design is that it can be easily

comprehended by subjects (Dave et al. 2007), even those in developing countries with

hardly any educational background11. Furthermore, to measure time preferences,

individuals chose between a constant amount now (or 1 month from now) and an

11After instructions were read, fishers were asked to answer a number of questions to check their
comprehension. They were all able to answer these questions correctly.
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increasing amount 1 month from now (or 2 months from now). The amount increased

in six steps, with discount rates increasing in increments of 0.2. Just like Bauer

et al. (2012), we measured time preferences twice to test whether our participants

had present-bias preferences12. After making decisions for risk preferences and two

time preferences, we randomly paid individuals based on one of their risk and time

preferences decisions. To make it clear to the participants that the decision to be paid

was purely random, a participant volunteered to roll a fair die in front of everyone,

and, in the case that the risk preference decisions were chosen with the roll of the

fair dice, a participant volunteered to toss a fair coin.

It is worth noting that recent papers by Zauberman and Lynch Jr (2005) and

Noor (2009) present theoretical arguments and empirical evidence that self-selected

participants in experiments may be those most in need of immediate cash, i.e., those

with present-biased decisions. This might bias results of estimations in favor for

finding present-biased discounting in other studies. However, since this was the first

time an experiment was run in Siquijor Island, there were no expectations among

participants of how much they could earn from the experiment. During recruitment,

participants were also not told that they were going to earn anything. All that the

fishers expected from the experiment were snacks at the end of the session, which

was customary in the island for all activities that needed fisher participation.

At the end of the experiment, participants were asked to answer a demographic

survey. When they were done with the survey, they were called one by one to a

far corner in the building to be paid in cash in private. Both the ultimatum game

and a randomly picked decision from the risk and time preference survey were paid.

Individuals who chose to be paid on a future date were given their earnings from the

ultimatum game and were told that their earnings from the risk and time preference

survey would be delivered to them by the CCEF research assistant a month (or two

months) from the experiment date13. Since all the fishers are familiar with CCEF

and the research assistant that we had from CCEF, there was no reason for the

12This happens when a subject prefers to take the lesser amount today, but will gladly wait one
extra day in a year in order to receive the higher amount instead.

13The CCEF staff confirmed that payment has been delivered to the experiment participants.
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fishers to think that the payment on a future date would not be delivered.

4.3 Results

In this section, for the purpose of clarity, two letters in parentheses will always follow

a barangay name. The first letter signifies whether the MPA in a particular barangay

is categorized as well-managed or poorly-managed: “G” for good and “B” for bad;

while the second letter signifies whether the barangay was affected by or not affected

by Typhoon Haiyan: “A” for affected and “N” for not affected. All statistical tests in

this chapter are two-tailed Wilcoxon-Mann-Whitney tests, unless otherwise stated.

A total of 100 fishers participated in our experiment: 26 from Bino-ongan (G-A),

26 from Maite (G-N), 28 from Olang (B-A) and 20 from Paliton (B-N)14. Participants

on average earned 155 pesos inclusive of the 50 pesos show up fee for an average of

1 hour and 30 minutes. This payment is higher than the minimum daily wage rate

of 275 pesos (equivalent to an hourly wage of 34.38 pesos) for individuals working in

the agriculture non-sugar sector and 295 pesos (equivalent to an hourly wage of 36.88

pesos) for individuals working in the non-agricultural sector (Department of Labor

and Employment 2014). Average age of participants was 46 years old, the youngest

being 20 and the oldest being 74. The number of female participants was almost

half the number of male participants (49 of 100 fishers were female). All participants

were dependent on marine resources as their main source of livelihood and would be

categorized as a fisher, a gleaner or both. Most participants had secondary sources

of livelihood. Females usually worked as sales ladies, secretaries, laundresses, maids,

and farmers while males usually worked as construction workers, drivers, carpenters,

mechanics, and farmers. Two participants did not have any formal education, 32

had some grade school education, 9 had grade school education, 25 had some high

school education, 9 had high school education, 12 had some college education and

14We select these barangays in consultation with a research assistant from our local NGO partner,
CCEF. From the recommendation of the CCEF staff member whom we worked with, we initially
chose the barangays of Bino-ongan in Enrique Villanueva, Olang in Maria, and Maite and Cang-
munag in San Juan. However, because of Cangmunag’s repeated refusal to cooperate with CCEF,
we decided to run experiments in Paliton, San Juan instead.
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11 had college degrees.

All offers in the ultimatum game were accepted except for two offers in Paliton. In

both rejected offers, the senders offered the receivers 50 and both receivers expected

an offer of 50 from the senders. Since clarificatory questions were asked of the

participants after the instructions were read and these two participants answered the

questions well, we concluded that the receivers understood our instructions. Both

participants were also sufficiently educated, one had grade school education and the

other had high school education.

Figure 4.1 shows the average amount offered by senders. Panel (a) shows the

average amount offered between those affected and not affected by Typhoon Haiyan,

panel (b) shows the amount offered between those with well-managed MPAs and

those with poorly-managed MPAs, and panel (c) shows the amount offered across

barangays. Offers from Bino-ongan (G-A) are the highest while offers from Olang

(B-A) are the lowest. This difference between the average sender behavior of indi-

viduals from Bino-ongan (G-A) and Olang (B-A), both of which were affected by the

typhoon, is statistically significantly different (p = 0.0026, n = 27). We, however,

find no statistical difference between well-managed and poorly-managed MPAs that

were not affected by the typhoon (Maite (G-N) vs. Paliton (B-N), p = 0.4139, n =

23). And while we do find that individuals from poorly-managed MPAs affected by

the typhoon were less fair than individuals with poorly-managed MPAs not affected

by the typhoon (p = 0.0721, n=24), we do not find a similar behavioral difference be-

tween well-managed MPAs (Bino-ongan (G-A) vs. Maite (G-N), p = 0.2233, n=26).

RESULT 1: (Fairness) Among those affected by the typhoon, higher amounts were

sent by fishers from well-managed MPAs. Among those with poorly-managed

MPAs, higher amounts were sent by fishers who were not affected by the ty-

phoon.

This result shows that fishers in categories that are thought of as more socially

cohesive exhibit higher levels of fairness15. From previous literature, we know that

15Fishers can be thought of as more socially cohesive either because they have a well-functioning
system in place or because they have not been hit by a natural disaster.
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Figure 4.1: Ultimatum Game Results
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individuals affected by a typhoon become more desperate and possibly less socially

cohesive with one another. We also know that individuals who are more socially

cohesive are able to come together and cooperate with one another (Ostrom et al.

1999; Katz 2000). These less socially cohesive groups are also less likely to be fair,

i.e., they would give less in the ultimatum game. Our ultimatum game results

show exactly this. Fishers affected by the typhoon from poorly-managed MPAs give

less than those in better situations, i.e., not affected by the typhoon or from well-

managed MPAs. Like Baldassarri and Grossman (2013), we also find that individuals

who were generally viewed as powerful, like the president of the fisher organization

or the person who does not only fish but buys fish from other fishers to sell to the

market, sent 100 pesos to their anonymous receivers. However, regressing sender

behavior on their self-represented income levels, we find that self-reported income,

in general, does not affect sender behavior (Bino-ongan (G-A), p = 0.212; Maite

(G-N), p = 0.891; Olang (B-A), p = 0.617; Paliton (B-N), p = 0.295). Running

similar regressions using gender, income and marital status as explanatory variables,

separately and together, also yields statistically insigificant results.

We also get interesting results from our incentivized risk survey (see Figure 4.2).

Only 12 fishers chose the option with the highest expected return. Three of these

fishers were from Maite (G-N) while the rest were from Olang (B-A). Aggregating

the barangays affected (and not affected) by the typhoon, we find that, as with Eckel

et al. (2009)’s study, those affected by the typhoon are more risk-loving (p = 0.0493,

n = 100). This result holds for those with poorly-managed MPAs (p = 0.0046, n =

48) but not for those with well-managed MPAs (p = 0.9184, n = 52). We also find

that, in general, those with poorly-managed MPAs are more risk-loving than those

with well-managed MPAs (p = 0.0005, n = 100), possibly because, just like those

affected by the typhoon, those with poorly-managed MPAs might feel they do not

have much to lose and a lot to gain from gambling. This result holds when we look

at only the individuals affected by the typhoon (p = 0.0006, n = 54) but no longer

holds when we look at individuals not affected by the typhoon (p = 0.2810, n = 46).

RESULT 2: (Risk) Fishers affected by natural disasters are more risk loving.
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Figure 4.2: Risk Preferences Result

43.48	
  

28.26	
  

8.7	
  
4.35	
  

8.7	
   6.52	
  

31.48	
  

18.52	
  

7.41	
  

20.37	
  

5.56	
  

16.67	
  

0	
  
5	
  
10	
  
15	
  
20	
  
25	
  
30	
  
35	
  
40	
  
45	
  
50	
  

50(H)-­‐50(T)	
   95(H)-­‐45(T)	
   120(H)-­‐40(T)	
   150(H)-­‐30(T)	
   195(H)-­‐5(T)	
   200(H)-­‐0(T)	
  

Pe
rc
en

ta
ge
	
  

Choices	
  

Not	
  Affected	
   Affected	
  

(a) Affected vs. Not Affected

14.58	
  

37.5	
  

12.5	
  

4.17	
  

12.5	
  
18.75	
  

57.69	
  

9.62	
  
3.85	
  

21.15	
  

1.92	
  
5.77	
  

0	
  

10	
  

20	
  

30	
  

40	
  

50	
  

60	
  

70	
  

50(H)-­‐50(T)	
   95(H)-­‐45(T)	
   120(H)-­‐40(T)	
   150(H)-­‐30(T)	
   195(H)-­‐5(T)	
   200(H)-­‐0(T)	
  

Pe
rc
en

ta
ge
	
  

Choices	
  

Poorly-­‐Managed	
  MPA	
   Well-­‐Managed	
  MPA	
  

(b) Well vs. Poorly Managed MPA

0	
  
10	
  
20	
  
30	
  
40	
  
50	
  
60	
  
70	
  
80	
  
90	
  

100	
  

50(H)-­‐50(T)	
   95(H)-­‐45(T)	
   120(H)-­‐40(T)	
   150(H)-­‐30(T)	
   195(H)-­‐5(T)	
   200(H)-­‐0(T)	
  

Pe
rc
en

ta
ge
	
  

Choices	
  

Bino-­‐ongan	
  (G-­‐A)	
   Maite	
  (G-­‐N)	
   Olang	
  (B-­‐A)	
   Paliton	
  (B-­‐N)	
  

(c) Results Per Barangay

0	
  10	
  20	
  30	
  40	
  50	
  60	
  70	
  80	
  90	
  100	
  50(H)-­‐50(T)	
  95(H)-­‐45(T)	
  120(H)-­‐40(T)	
  150(H)-­‐30(T)	
  195(H)-­‐5(T)	
  200(H)-­‐0(T)	
  Percentage	
  Choices	
  Bino-­‐ongan	
  (G-­‐A)	
  Maite	
  (G-­‐N)	
  Olang	
  (B-­‐A)	
  Paliton	
  (B-­‐N)	
  

86



Fishers with poorly-managed MPAs are also more risk loving.

We ran regressions using the following categories, namely, gender, marital status,

how much the fisher thinks the fish stocks have recovered since the typhoon, how

well a fisher thinks he has recovered from the typhoon (in a scale of 1 to 5), and how

many typhoons a fisher thinks come every year as explanatory variables of the level

of a fisher’s risk-loving preference. We find that, in general, fishers who are widowed

are more likely to take risks (p = 0.070), possibly because (1) they no longer have

to worry about future marriage prospects and (2) because they no longer have a

spouse to look after. Summary statistics reveal that individuals who are widowed

are, on average, 60 years old (with a standard deviation of 6.50 years). We also find

that, in general, those who think that the fish stocks after the typhoon have severely

decreased are those who tend to be more risk averse (p = 0.0110). Fishers who say

that they have not at all been able to cope with the effects of the typhoon also tend

to be more risk-loving (p = 0.0.41). Education and a fisher’s expected number of

typhoons do not seem to play a role in a fisher’s preference for risk.

As for the discount rate surveys, present-bias does not seem to be a big problem

with our participants. Out of 100 participants, only 10 participants displayed present-

bias preferences: 1 from Bino-ongan (G-A), 4 from Maite (G-N), 3 from Olang (B-A),

and 7 from Paliton (B-N). While we do not find any statistically significant differences

between the well-managed MPAs and the poorly-managed MPAs that were either

affected or not affected by the typhoon, we do find statistical differences between

the poorly-managed and well-managed MPAs that were affected by the typhoon.

Individuals from poorly-managed MPAs that were affected by the typhoon have

lower discount rates than those from well-managed MPAs that were also affected

by the typhoon (Now vs. 1 Month: p = 0.0232, n =54; 1 Month vs. 2 Months:

p = 0.0122 n = 54). A similar result holds for poorly-managed and well-managed

MPAs that were not affected by the typhoon (Now vs. 1 Month: p = 0.0073, n=46;

1 Month vs. 2 Months: p = 0.1110, n=46). Figures 4.3 and 4.4 show the percentages

of fishers who switched at a given choice for the now vs. 1 month from now option

and the 1 month from now vs. 2 months from now option, respectively. Individuals
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who did not switch at all, i.e., those who wanted 50 now (1 month from now) versus

any higher amount in the future are categorized under “Prefers Now”.

RESULT 3: (Impatience) Natural disasters are not correlated with a fisher’s im-

patience. However, individuals in well-managed MPAs exhibited higher impa-

tience than those in poorly-managed MPAs.

This result is contrary to our earlier prediction that fishers affected by the ty-

phoon and fishers in poorly-managed MPAs will show greater impatience, as fishers

discount the future at a higher rate due to the present need for survival. It could be

possible, given the superstitions surrounding the island and the superstitious beliefs

of individuals in the island, that this current need for survival by those affected by

the typhoon and those with poorly-managed MPAs is nullified by beliefs in the su-

pernatural. For instance, the use of the phrase Bahala Na16 by locals indicates an

individual’s surrender to the supernatural and, to a particular extent, his refusal to

do something about his situation.

4.4 Conclusion

As natural disasters come at a much faster rate than they did before, we need to

understand how these unexpected shocks can lead to changes in the preferences of

resource users. Using an artefactual field experiment, this chapter investigates pref-

erences for fairness, risk and patience of fishers in a small and relatively homogeneous

island, Siquijor Island in the Philippines. With the help of a research assistant from

our local NGO partner, CCEF, we chose barangays that differed not only on whether

or not they were affected by the typhoon but also on whether or not they had well-

managed MPAs. To solicit preferences for fairness, risk and patience we had fishers

play an ultimatum game and answer an incentivized survey to measure risk and time

preferences.

16This term is a popular Filipino term that literally means “Let God and Let Go”. A person
who says this means to leave everything to God and trusts that God will provide for everything.
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Figure 4.3: Discount Rate Results (Now vs. 1 Month)
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Figure 4.4: Discount Rate Results (1 Month vs. 2 Months)
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We find that among fishers affected by the typhoon, those with well-managed

MPAs are fairer. Fishers who were not affected by the typhoon, among poorly-

managed MPAs were also fairer. The data collected from receivers’ expectations

show that most receivers expected senders to give at least half of the amount they

were initially given. Results from risk preference surveys show that fishers affected

by the typhoon behave in a more risk-loving manner than individuals in otherwise

like areas. Lastly, results from time preference surveys shows no difference between

fishers affected by the typhoon and fishers not affected by the typhoon. However,

our results show that fishers in well-managed MPAs discount the future higher than

fishers in poorly-managed MPAs.

These results have important policy implications for conservation and economic

development. An individual’s fairness, risk and time preferences affect not just an

individual’s resource extraction and conservation decisions, but also crucial household

decisions like savings, insurance, capital investments, and fertility, among others.
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Chapter 5

Synthesis

“Driven by a concern with institutions, we re-enter the world of the be-

havioralists. But we do so not in protest against the notion of rational

choice, but rather in an effort to understand how rationality on the part

of individuals leads to coherence at the level of society.” Ostrom (1990)

Echoing Elinor Ostrom, this study enters the world of the behavioralist “to un-

derstand how individual [rational decision-making] leads to coherence at the level of

society.” Through lab and field experiments, and through the analysis of observa-

tional data, my dissertation shows that individuals make rational decisions even if

these decisions are not profit maximizing in the short run. Participants in the labo-

ratory experiment, for example, chose to extract the lower but more efficient amount

rather than the higher but less efficient amount after being given an opportunity to

communicate. Regression results from examining the effects of the Transmigration

Program on deforestation in Indonesia show that the disruption of local social cohe-

sion and the increased perception of property rights insecurity led to deforestation.

Fishers in the Philippines also exhibit a rationality that is more complicated than

the simple assumption of selfish profit-maximization, as evidenced by the fact that

they are able to come together and cooperate with one another, i.e., in general, they

are fairer than what has been theoretically predicted.

In Chapter 2 of my dissertation, I find that although the manner in which regula-
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tions are created does not affect a resource user’s extractive behavior, the presence of

communication changes this behavior. In fact, communication does not only reduce

extraction, it also changes an individual’s choice of rules. The literature in eco-

nomics and business identify the role that communication plays in increasing social

cohesion, which, when disrupted leads to an increase in resource extraction. This is

one of the results from Chapter 3 of my dissertation, namely, that the disruption of

social cohesion resulting from migration has led to deforestation in the other islands

of Indonesia. Apart from the disruption of local social cohesion, the increased per-

ception of property rights insecurity is also a channel through which migration leads

to deforestation in Indonesia. Chapter 3 also finds an increase in illegal logging due

to migration.

It is not just outsiders, like transmigrants, that change the behavior of resource

users. When resource users experience unexpected shocks, like natural disasters,

individual preferences also change. My study of the fishers in Siquijor Island, Philip-

pines, as presented in Chapter 4 of my dissertation reveals this. Individuals who are

less fair are those affected by the typhoon from poorly-managed marine protected

areas. Risk aversion is characteristic of those affected by the typhoon while risk

taking is characteristic of those with poorly-managed marine protected areas. We

do not, however, find any differences in time preferences between fishers affected and

unaffected by the typhoon.

These behavioral choices of the individuals, although not directly contributing

to short run profits, are rational. My dissertation contributes to the discussion by

disentangling and laying out the possible reasons for why resource users act the

way they do. This is a step towards a more comprehensive understanding of the

institution and mechanisms that can alter a resource user’s behavior.
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Appendix A

Appendix to Chapter 2
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1.1 Stage 1 Experiment Instructions

EXPERIMENT INSTRUCTIONS

Introduction

Welcome to my experiment. For showing up on time, I will pay you a $5 show-up

fee. In addition, you may receive additional earnings as the result of the outcomes

in the experimental session. Today’s session will take about an hour. Please do not

communicate with other participants during the experiment.

Details

At the beginning of this decision making experiment you will be matched with two

other people, randomly selected from the people in this room, to form a group of

three. You will remain in this group of three people for the duration of the whole

decision-making experiment. The identity of the other members of your group will

never be revealed. You are going to make decisions with the other members of your

group for 10 periods. Each period, you must decide how many tokens to extract:

you can extract any number between 0 and 20. You can extract fractions of tokens,

up to one decimal place. Tokens extracted in one period do not carry over to the next.

The tokens that you extract each round will earn you a cash BENEFIT, which I

describe below. But, any tokens you extract will also COST you money, which I also

describe below.

IMPORTANT NOTICE: You should consider all monetary values (including your

profits) as “computer dollars”. At the end of the experiment we will pay you in cash

an amount equal to $1.00 for every 100 computer dollars you earn.

BENEFITS FROM TOKENS YOU EXTRACT
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Let’s denote the number of tokens you extract as x. The benefit to you from ex-

tracting tokens is given by the following formula:

BENEFIT = 15x (A.1)

At the end of these instructions is a table labeled TABLE 01: BENEFITS FROM

TOKENS. You can use this table during the experiment to inform your decisions.

For example, let’s say you extract 10 tokens in a given decision period. That token

extraction will earn you BENEFITS of 150 computer dollars. Study this table care-

fully. If you have any questions raise your hand and I will help you.

Extracting tokens earns you a cash BENEFIT. But, there is a cost for all the tokens

that you extract. This cost depends both on the amount you extract and the amount

everyone else in your group extracts.

TOKEN COSTS

In each period, what you pay for the tokens that you extract equals the number of

tokens you extract times the Unit Token Cost for that period. The Unit Token Cost

depends on how many tokens you extract, as well as how many tokens the other

members of your group extract. Let’s denote the total number of tokens extracted

by your group (including yourself) as X. Then the Unit Token Cost is as follows:

UNIT TOKEN COST =
1

4
X = 0.25X (A.2)

If your group extracted a total of 30 tokens, the Unit Token Cost would be 7.5. Your

individual cost for the period equals the number of tokens you extract times the Unit

Token Cost:

INDIV IDUAL COST = x(0.25X) (A.3)
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Now let’s assume you had extracted 10 and the other members of your group had

extracted 20. Your individual cost would thus be 10*7.5 = 75 computer dollars.

Please look at the tables at the end of these instructions and find the table labeled

“TABLE 02: COST FROM TOKENS”. This table shows how your individual cost

changes as you extract more and more tokens AND the other members of your group

extract more and more tokens.

Your profit for each period is equal to the benefit minus the individual cost:

PROFIT = BENEFIT − INDIV IDUAL COST = 15x− x(0.25X) (A.4)

To continue the example, if you extracted 10 tokens and the other members of your

group extracted a total of 20, then your profit for the period would be 150 - 75 = 75

computer dollars. Please look at the tables at the end of these instructions and find

the table labeled TABLE 03: PROFITS FROM TOKENS. This table shows how

your profit changes as you extract more and more tokens AND the other members

of your group extract more and more tokens.

The total profit earned by your group thus depends on your decisions and the deci-

sions of your group members. If no one in your group extracts any tokens, no one

will earn any profit. If your group extracts 30 tokens, the group will earn a total

profit of 225. If your group extracts 45 tokens, the group will earn a total profit of

168.75. If the group extracts 60 tokens, no one will earn any profit.

Individually, you earn the highest profit when your group members only extract a

few tokens and you extract as many tokens as possible. For example, if your group

members each extract 10 tokens and you extract 20 tokens, you will earn a profit of

100.

Each period, you choose how much to extract. At the end of each period, your ben-

efit, cost, and profit will be revealed. The average extraction of the two members of
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your group will also be revealed.

After the ten periods are over, you will take part in a different decision making game.

Once both of these experiments are over, the computer will sum your profit from

every period and I will pay you in cash in private. Remember that each computer

dollar is worth one cent of real money.

I highly encourage clarifying questions. Thank you for your participation.

REVIEW

1. How many members are there in a group?

2. Suppose you extracted 5 tokens and the rest of your group extracted 10 tokens.

What is:

(a) Your benefit?

(b) Your cost?

(c) Your profit?
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TABLE 01: BENEFITS FROM TOKENS

This Table Displays the Benefits for Various Token Extractions

Tokens Benefits

0 0

1 15

2 30

3 45

4 60

5 75

6 90

7 105

8 120

9 135

10 150

11 165

12 180

13 195

14 210

15 225

16 240

17 255

18 270

19 285

20 300
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TABLE 02: COST FROM TOKENS

This Table Displays Costs for Various Individual and Group Token Extractions

TABLE 03: PROFIT FROM TOKENS

This Table Displays Profits for Various Individual and Group Token Extractions

100



1.2 Stage 2 Experiment Instructions: EndoNC

EXPERIMENT INSTRUCTIONS - PART II

We are now going to run the same decision making experiment with two additional

changes.

First, in every period, you will need to vote for the lowest extraction cap that you

are willing to impose on yourself and your group members. The median extraction

cap will be implemented. For example, if you voted for a cap of 10 and your group

members voted for a cap of 12 and 15, a cap of 12 will be implemented.

IMPORTANT NOTICE: You can still extract tokens more than your cap but there

is a probability of getting caught and getting fined for extracting more than your

cap which I will discuss below.

Second, in every period, you will need to vote for a probability of getting monitored

that you are willing to impose on yourself and your group members. The median

monitoring probability will be implemented. For example, if you voted for a monitor-

ing probability of 10% and your group members voted for a monitoring probability of

20% and 30%, a monitoring probability of 20% will be implemented for that period.

Please turn to the table labeled TABLE 04: COST FROM MONITORING to see

the corresponding costs for each monitoring probability.

After voting, the experiment will proceed as before.

MONITORING AND FINE

At the end of each period, the computer will randomly decide to monitor each in-

dividual in your group based on the monitoring probability. If you are monitored

and then found to be above your cap, 25% of your profits for that period will be
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confiscated. Hence, if you extracted above your cap, your payoff will be:

PAY OFF = 0.75(EXTRACTION PROFIT ) −MONITORING COST

= 0.75(BENEFITS − COST ) −MONITORING COST

= 0.75[15x− x(0.25X)] −MONITORING COST

(A.5)

Otherwise, it will be:

PAY OFF = EXTRACTIONPROFIT −MONITORING COST

= BENEFIT − COST −MONITORING COST

= 15x− x(0.25X) −MONITORING COST

(A.6)

For example, suppose an individual cap of 10 tokens and a monitoring probability of

10% have been chosen by your group. If you extract 20 tokens and everyone else in

your group extracts 10 tokens, you will have a profit of 100 from extraction. There

is a 10% chance that you will be monitored, and if you are, your profit will decrease

by 25 and your new profit will be 75. Since your group has to pay for this 10%

monitoring, your profit will also decrease by 1. Hence, your payoff for this period

will either be 74 computer dollars (100 - 25 - 1) if you get monitored or 99 computer

dollars (100 - 1) if you don’t.

Everything else is the same as before. Please raise your hand if you have any ques-

tions.

REVIEW

1. If your extraction profit is 100, you get monitored and are found to be above

your cap, and you paid for a 10% monitoring probability, what will your payoff

be?

2. How much will it cost you individually if there is a monitoring probability of

20%?
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TABLE 04: COST FROM MONITORING

This Table Displays the Costs for Various Monitoring Probabilities

PROBABILITY COST

0% 0

10% 1

20% 2.5

30% 4.5

40% 7

50% 10
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1.3 Stage 2 Experiment Instructions: EndoC

EXPERIMENT INSTRUCTIONS - PART II

We are now going to run the same decision making experiment with three additional

changes.

First, in every period, you and your group members will be given 2 minutes to chat

online with one another to decide on your group’s cap, enforcement, and extraction

strategy for the period.

Second, in every period, you will need to vote for the lowest extraction cap that you

are willing to impose on yourself and your group members. The median extraction

cap will be implemented. For example, if you voted for a cap of 10 and your group

members voted for a cap of 12 and 15, a cap of 12 will be implemented.

IMPORTANT NOTICE: You can still extract tokens more than your cap but there

is a probability of getting caught and getting fined for extracting more than your

cap which I will discuss below.

Third, in every period, you will need to vote for a probability of getting monitored

that you are willing to impose on yourself and your group members. The median

monitoring probability will be implemented. For example, if you voted for a monitor-

ing probability of 10% and your group members voted for a monitoring probability of

20% and 30%, a monitoring probability of 20% will be implemented for that period.

Please turn to the table labeled “TABLE 04: COST FROM MONITORING” to see

the corresponding costs for each monitoring probability.

After voting, the experiment will proceed as before.

MONITORING AND FINE
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At the end of each period, the computer will randomly decide to monitor each in-

dividual in your group based on the monitoring probability. If you are monitored

and then found to be above your cap, 25% of your profits for that period will be

confiscated. Hence, if you extracted above your cap, your payoff will be:

PAY OFF = 0.75(EXTRACTION PROFIT ) −MONITORING COST

= 0.75(BENEFITS − COST ) −MONITORING COST

= 0.75[15x− x(0.25X)] −MONITORING COST

(A.7)

Otherwise, it will be:

PAY OFF = EXTRACTIONPROFIT −MONITORING COST

= BENEFIT − COST −MONITORING COST

= 15x− x(0.25X) −MONITORING COST

(A.8)

For example, suppose an individual cap of 10 tokens and a monitoring probability of

10% have been chosen by your group. If you extract 20 tokens and everyone else in

your group extracts 10 tokens, you will have a profit of 100 from extraction. There

is a 10% chance that you will be monitored, and if you are, your profit will decrease

by 25 and your new profit will be 75. Since your group has to pay for this 10%

monitoring, your profit will also decrease by 1. Hence, your payoff for this period

will either be 74 computer dollars (100 - 25 - 1) if you get monitored or 99 computer

dollars (100 - 1) if you don’t.

Everything else is the same as before. Please raise your hand if you have any ques-

tions.
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REVIEW

1. If your extraction profit is 100, you get monitored and are found to be above

your cap, and you paid for a 10% monitoring probability, what will your payoff

be?

2. How much will it cost you individually if there is a monitoring probability of

20%?

TABLE 04: COST FROM MONITORING

This Table Displays the Costs for Various Monitoring Probabilities

PROBABILITY COST

0% 0

10% 1

20% 2.5

30% 4.5

40% 7

50% 10

106



1.4 Stage 2 Experiment Instructions: ExoNC and

ExoC

EXPERIMENT INSTRUCTIONS - PART II

We are now going to run the same decision making experiment with two additional

changes.

For every period, a cap and a monitoring probability will be imposed on you and

your group members. Every monitoring probability has a corresponding cost and

this cost will be subtracted from your profits from extraction. Please turn to the

table labeled TABLE 04: COST FROM MONITORING to see the corresponding

cost for each monitoring probability.

Other than this, the experiment will proceed as before.

MONITORING AND FINE

At the end of each period, the computer will randomly decide to monitor each in-

dividual in your group based on the monitoring probability. If you are monitored

and then found to be above your cap, 25% of your profits for that period will be

confiscated. Hence, if you extracted above your cap, your payoff will be:

PAY OFF = 0.75(EXTRACTION PROFIT ) −MONITORING COST

= 0.75(BENEFITS − COST ) −MONITORING COST

= 0.75[15x− x(0.25X)] −MONITORING COST

(A.9)
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Otherwise, it will be:

PAY OFF = EXTRACTION PROFIT −MONITORING COST

= BENEFIT − COST −MONITORING COST

= 15x− x(0.25X) −MONITORING COST

(A.10)

For example, suppose an individual cap of 10 tokens and a monitoring probability

of 10% have have been chosen by your group. If you extract 20 tokens and everyone

else in your group extracts 10 tokens, you will have a profit of 100 from extraction.

There is a 10% chance that you will be monitored, and if you are, your profit will

decrease by 25 and your new profit will be 75. Since your group has to pay for

this 10% monitoring, your profit will also decrease by 1. Hence, your payoff for this

period will either be 74 computer dollars (100 - 25 - 1) if you get monitored or 99

computer dollars (100 - 1) if you don’t.

Everything else is the same as before. Please raise your hand if you have any ques-

tions.

REVIEW

1. If your extraction profit is 100, you get monitored and are found to be above

your cap, and you paid for a 10% monitoring probability, what will your payoff

be?

2. How much will it cost you individually if there is a monitoring probability of

20%?
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TABLE 04: COST FROM MONITORING

This Table Displays the Costs for Various Monitoring Probabilities

PROBABILITY COST

0% 0

10% 1

20% 2.5

30% 4.5

40% 7

50% 10
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Appendix B

Appendix to Chapter 3
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2.1 Districts Per Forest Category

Province Province Districts in Burgess et al. (2012)*
ID Name (1) (2) (3) (4) (5) ALL

11 Aceh 1 12 19 22 23 23
12 Sumatera Utara 18 8 26 27 33 33
13 Sumatera Barat 11 14 14 17 19 19
14 Riau 12 9 12 6 11 12
15 Jambi 3 10 10 7 11 11
16 Sumatera Selatan 7 9 12 11 15 15
17 Bengkulu 0 10 7 8 10 10
18 Lampung 0 9 10 11 14 14
19 K. Bangka Belitung 0 0 6 7 7 7
21 K. Riau - - - - - -
31 DKI Jakarta - - - - - -
32 Jawa Barat - - - - - -
33 Jawa Tengah - - - - - -
34 Yogyakarta - - - - - -
35 Jawa Timur - - - - - -
36 Banten - - - - - -
51 Bali - - - - - -
52 NT Barat - - - - - -
53 NT Timur - - - - - -
61 Kalimantan Barat 10 11 13 13 14 14
62 Kalimantan Tengah 14 5 14 9 9 14
63 Kalimantan Selatan 9 0 9 11 13 13
64 Kalimantan Timur 0 8 13 11 13 13
71 Sulawesi Utara 1 12 11 14 15 15
72 Sulawesi Tengah 10 10 11 11 11 11
73 Sulawesi Selatan 2 11 21 22 24 24
74 Sulawesi Tenggara 8 9 11 12 12 12
75 Gorontalo 3 6 6 6 6 6
76 Sulawesi Barat 2 1 5 5 5 5
81 Maluku - - - - - -
82 Maluku Utara - - - - - -
91 Papua 26 25 21 28 24 29
92 Papua Barat 11 11 11 11 11 11

TOTAL 148 190 262 269 300 311

*Note: (1) Conversion, (2) Conservation, (3) Production, (4) Protection and
(5) Others
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2.2 Successful Transmigrant Villages Per Province

Province Number of Villages

Bengkulu 98
Gorontalo 48
Jambi 151
Kalimantan Barat 130
Kalimantan Selatan 107
Kalimantan Tengah 200
Kalimantan Timur 134
Lampung 121
Riau 265
Sulawesi Barat 79
Sulawesi Selatan 59
Sulawesi Tengah 161
Sulawesi Tenggara 204
Sulawesi Utara 26
Sumatera Barat 13
Sumatera Selatan 284
Sumatera Utara 46
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2.3 Transmigrant Families and Individuals from

Statistical Yearbooks and Pocketbooks

Year Number of Families Number of Individuals

1956 5,765 24,350
1958 5,158 22,659
1959 6,255 26,419
1960 11,439 46,196
1961 5,702 22,075
1962 5,064 15,609
1963 7,692 32,159
1964 3,425 15,222
1965 13,049 43,025
1966 1,148 4,648
1967 2,012 9,566
1968 3,192 13,883
1969 2,269 10,447
1970 4,527 20,365
1972 11,314 50,920
1973 15,679 62,018
1974 7,443 33,483
1978 25,079 110,818
1979 24,486 106,714
1980 50,802 214,393
1981 80,019 324,921
1988 19,397 0
1989 25,454 0
1990 67,683 0
1991 75,250 0
1992 63,512 0
1993 199,682 0
1994 197,480 0

TOTAL 939,977 1,209,890
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2.4 Year and Source of Provincial Transmigration

Data (Statistical Yearbooks and Pocketbooks)

Year Source

1956 Badan Pusat Statistik (1957)
1958 Badan Pusat Statistik (1958)
1959 Badan Pusat Statistik (1959)
1960 Badan Pusat Statistik (1960)
1961 Badan Pusat Statistik (1961)
1962 Badan Pusat Statistik (1962)
1963 Badan Pusat Statistik (1967)
1964 Badan Pusat Statistik (1967)
1965 Badan Pusat Statistik (1967)
1966 Badan Pusat Statistik (1969)
1967 Badan Pusat Statistik (1971)
1968 Badan Pusat Statistik (1971)
1969 Badan Pusat Statistik (1971)
1970 Badan Pusat Statistik (1971)
1972 Badan Pusat Statistik (1973)
1973 Badan Pusat Statistik (1975)
1974 Badan Pusat Statistik (1976)
1975 Badan Pusat Statistik (1976)
1978 Badan Pusat Statistik (1978)
1979 Badan Pusat Statistik (1980)
1980 Badan Pusat Statistik (1981)
1981 Badan Pusat Statistik (1982)
1988 Badan Pusat Statistik (1994)
1989 Badan Pusat Statistik (1994)
1990 Badan Pusat Statistik (1994)
1991 Badan Pusat Statistik (1994)
1992 Badan Pusat Statistik (1994)
1993 Badan Pusat Statistik (1994)
1994 Badan Pusat Statistik (1995)

*no data was available for
1957, 1971, 1976-1977, 1982-1987
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2.5 PSM: Cumulative Cross Section Results

Dependent Variable: Deforestation (
∑2008

t=2001DEFt, m
2)

Village Transmigrant Families 1952 - 1979, 1980 - 2006
Linear Regression Log Regression

(1) (2) (3) (4) (5) (6)

T.Fam 113.3334* 0.3453***
(61.3217) (0.039)

T.Fam 1 -269.8028** -152.8183 0.0094 -0.0654
(103.4227) (98.3354) (0.048) (0.0683)

T.Fam 2 164.2647*** 115.8553** 0.1872*** 0.1732**
(52.407) (53.5267) (0.0611) (0.0848)

NTFam 25.1546*** 41.3307** 0.1194** 0.1272
(8.2618) (16.459) (0.0531) (0.0944)

Pop -0.0006 -0.0032 0.4880*** 0.7286**
(0.0007) (0.0027) (0.1078) (0.3065)

Constant 779,844.7777*** 474340.6154 19083519.75 10.6972*** 1.5491 -6.5047
R-squared 0.12 0.29 0.57 0.38 0.54 0.73
N 133 114 48 131 113 48
Controls no no yes no no yes

Village Transmigrant Individuals 1952 - 1979, 1980 - 2006
Linear Regression Log Regression

(1) (2) (3) (4) (5) (6)

T.Ind 25.6137* 0.2944***
(14.2904) (0.0331)

T.Ind 1 -61.4738** -36.4132 0.0129 -0.0473
(23.4847) (22.6889) (0.0401) (0.0581)

T.Ind 2 38.4829*** 28.6959** 0.1638*** 0.1489*
(12.1058) (13.2276) (0.0494) (0.075)

NTInd 5.7358*** 9.8476** 0.1003** 0.1007
(1.9248) (3.8308) (0.0444) (0.0851)

Pop -0.0007 -0.0032 0.4766*** 0.7388**
(0.0007) (0.0026) (0.1082) (0.3115)

Constant 792,517.6963*** 494039.4747 21616331.45 10.6967*** 1.7704 -7.7766
R-squared 0.11 0.29 0.58 0.39 0.54 0.72
N 133 114 48 131 113 48
Controls no no yes no no yes

*** p < 0.01, ** p < 0.05, * p < 0.10
Note: Robust standard errors in parentheses. The signs of all control variables are as expected
except for decentralization, but only forest is statistically significant for both the log and linear
specifications. Both poverty and decentralization are statistically significant in log.
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3.1 Ultimatum Game Experiment Instructions

EXPERIMENT INSTRUCTIONS (U)

Introduction

Welcome to the experiment. This is an experiment funded by a research foundation
to study decision making. For showing up on time, you will be paid a 50-peso show-
up fee. You may receive additional earnings based on your decisions and others’.

Today’s session will take about two hours and is composed of multiple parts. Please
do not communicate with other participants during the experiment.

Decisions and payoffs

This is the first part of the experiment. In this part of the experiment, you will be
randomly matched with another person. One of you will be randomly assigned as
Person A and the other will be assigned as Person B. The experimenter has set aside
100 pesos of money. Person A will have the opportunity to send some, all or none of
the pot to Person B. If Person B accepts the offer, Person A will get the pot minus
the amount offered while Person B receives the amount Person A offered. If Person
B refuses the offer, both Person A and Person B get no money; the pot returns to
the experimenter. Both Person A and Person B know the amount of money in the
pot.

While Person A is making their decision, Person B will be asked how much they
expect A to send to them. Person B will receive a 10 pesos bonus if their expec-
tation exactly matches A’s decision and the bonus will decrease as B’s expectation
gets further away from A’s decision. The lowest value for the bonus is 0 pesos.

On the other hand, while Person B is making their decision, Person A will be asked
whether they expect B to reject or accept the offer. Person A will receive a 10 pesos
bonus if their expectation exactly matches B’s decision.

Do you have any questions? In the form provided, please fill-in your decision.
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Thank you for your participation. This part of the experiment is over. We will now
proceed to the next part of the experiment. At the end of this experiment, we will
pay you in cash in private.

Experiment Form (U): Part 1

Subject ID Number:
Player Type:
Session Time and Date:

If you are Player A, answer this section of the form:
How much would you like to send to Player B? You can send any number between 0
and 100 pesos.

If you are Player B, answer this section of the form:
How much do you expect Player A to send to you? Player A can send any number
between 0 and 100 pesos.

Experiment Form (U): Part 2

Subject ID Number:
Player Type:
Session Time and Date:

If you are Player A, answer this section of the form:
Do you think Player B will accept or reject your offer?

If you are Player B, answer this section of the form:
Do you reject or accept Player A’s offer?
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3.2 Risk and Time Preferences Experiment In-

structions

EXPERIMENT INSTRUCTIONS (R&TP)

Introduction

This the second part of the experiment. You will now be asked to make a series
of decisions. Please consider the decisions carefully because you may receive money
depending on the decisions that you make. We will ask you to make decisions in
three different scenarios. After you have made your decisions, we will roll a die and
implement one of your decisions. If the die rolls 1 or 2, your decision from scenario
1 will be implemented; 3 or 4, your decision from scenario 2 will be implemented; 5
or 6, you decision from scenario 3 will be implemented. Each scenario has an equal
chance of being implemented.

Depending on your choices and the scenario that is implemented, you may receive
cash payment. Under no circumstances will you have to give out your own money.
All payment will be made in Philippine Peso and will be done in private. All infor-
mation will be kept confidential. Do you have any questions?
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SCENARIO 1

Remember, if the die rolls 1 or 2 your decision from this scenario will be implemented.

In this scenario, we will flip a fair coin. Depending on whether the coin lands on
heads or tails you will receive the “Heads payout” or the “Tails payout”. You will
be presented with 6 combinations of payouts. In the form provided, please fill-in the
option that you prefer:

2 Heads - 50 pesos, Tails - 50 pesos

2 Heads - 95 pesos, Tails - 45 pesos

2 Heads - 120 pesos, Tails - 40 pesos

2 Heads - 150 pesos, Tails - 30 pesos

2 Heads - 195 pesos, Tails - 5 pesos

2 Heads - 200 pesos, Tails - 0 pesos

For example, if you choose option 3 and this scenario is implemented, then we will
flip a fair coin. If the coin lands on heads, you will receive a payout of 120 pesos. If
the coin lands on tails, you will receive a payout of 40 pesos.

Do you have any questions? Please fill-in the option you prefer.

Comprehension Check:

1. If you choose the option “Heads - 95 pesos, Tails - 45 pesos”, the die rolls 1
and the coin lands heads, what will your payout be?

2. If you choose the option “Heads - 95 pesos, Tails - 45 pesos”, the die rolls 2
and the coin lands tails, what will your payout be?

3. What happens when the die rolls 3?

SCENARIO 2

Remember, if the die rolls 3 or 4 your decision from this scenario will be implemented.

In this scenario, we will ask you to choose between money received now, or money
received one month from now. We will ask you six questions, please tell me your
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preference for each of the six questions. If this scenario is implemented, we will roll
a die. The number on the die will correspond to one of the six questions you answer.
This will determine your payout. For example, if the die rolls a 3, then your answer
to question 3 will determine your payout. In the form provided, please fill-in the
option that you prefer:

50 pesos now2 or2 50 pesos 1 month from now

50 pesos now2 or2 60 pesos 1 month from now

50 pesos now2 or2 70 pesos 1 month from now

50 pesos now2 or2 80 pesos 1 month from now

50 pesos now2 or2 90 pesos 1 month from now

50 pesos now2 or2 100 pesos 1 month from now

For example, in step 1, you choose the options that you prefer. Suppose you choose
50 pesos now in question 1, but choose to receive money 1 month from now in ques-
tions 2 - 6. Now, we move on to step 2. In step 2, we roll a die. If the die shows 1,
you will receive 50 pesos now. If the die shows 2, you will receive 60 pesos 1 month
from now, etc.

Comprehension check: Suppose in step 1, you make the following choices:

50 pesos now2� or2 50 pesos 1 month from now

50 pesos now2� or2 60 pesos 1 month from now

50 pesos now2� or2 70 pesos 1 month from now

50 pesos now2 or2� 80 pesos 1 month from now

50 pesos now2 or2� 90 pesos 1 month from now

50 pesos now2 or2� 100 pesos 1 month from now

If the die rolls a 2, what should your payout be? If the die rolls a 6, what should
your payout be?

Do you have any questions? Please fill-in the option you prefer.

121



SCENARIO 3

Remember, if the die rolls a 5 or 6 your decision from this scenario will be imple-
mented.

This scenario is exactly like the last scenario, except that you will choose to receive
money either 1 month from now, or 2 months from now. In the form provided, please
fill-in the option that you prefer:

50 pesos 1 month from now2 or2 50 pesos 2 months from now

50 pesos 1 month from now2 or2 60 pesos 2 months from now

50 pesos 1 month from now2 or2 70 pesos 2 months from now

50 pesos 1 month from now2 or2 80 pesos 2 months from now

50 pesos 1 month from now2 or2 90 pesos 2 months from now

50 pesos 1 month from now2 or2 100 pesos 2 months from now

For example, in step 1, you choose the options that you prefer. Suppose you choose
50 pesos 1 month from now in question 1, but choose to receive money 2 months
from now in questions 2 - 6. Now we move on to step 2. In step 2, we roll a die. If
the die shows 1, you will receive 50 pesos 1 month from now. If the die shows 2, you
will receive 60 pesos 2 months from now, etc.

Comprehension check: Suppose in step 1, you make the following choices:

50 pesos 1 month from now2� or2 50 pesos 2 months from now

50 pesos 1 month from now2� or2 60 pesos 2 months from now

50 pesos 1 month from now2� or2 70 pesos 2 months from now

50 pesos 1 month from now2 or2� 80 pesos 2 months from now

50 pesos 1 month from now2 or2� 90 pesos 2 months from now

50 pesos 1 month from now2 or2� 100 pesos 2 months from now

If the die rolls a 5, what should your payout be? If the die rolls a 1, what should
your payout be?

Do you have any questions? Please fill-in the option you prefer.
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Thank you for participating in the decision questions. This part of the experiment
is over. We will now proceed to the next part of the experiment. At the end of this
experiment, we will pay you in cash in private. If, for this part of the experiment,
your payout is to be paid 1 or 2 months from now, we will give you a voucher to claim
your cash payout 1 or 2 months from now. All the other parts of the experiment will
be paid to you in cash in private today.
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Experiment Form (DR)

Subject ID Number:
Session Time and Date:

FORM: SCENARIO 1

2 Heads - 50 pesos, Tails - 50 pesos

2 Heads - 95 pesos, Tails - 45 pesos

2 Heads - 120 pesos, Tails - 40 pesos

2 Heads - 150 pesos, Tails - 30 pesos

2 Heads - 195 pesos, Tails - 5 pesos

2 Heads - 200 pesos, Tails - 0 pesos

FORM: SCENARIO 2

50 pesos now2 or2 50 pesos 1 month from now

50 pesos now2 or2 60 pesos 1 month from now

50 pesos now2 or2 70 pesos 1 month from now

50 pesos now2 or2 80 pesos 1 month from now

50 pesos now2 or2 90 pesos 1 month from now

50 pesos now2 or2 100 pesos 1 month from now

FORM: SCENARIO 3

50 pesos 1 month from now2 or2 50 pesos 2 months from now

50 pesos 1 month from now2 or2 60 pesos 2 months from now

50 pesos 1 month from now2 or2 70 pesos 2 months from now

50 pesos 1 month from now2 or2 80 pesos 2 months from now

50 pesos 1 month from now2 or2 90 pesos 2 months from now

50 pesos 1 month from now2 or2 100 pesos 2 months from now
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3.3 Demographic Survey

SURVEY QUESTIONS

Subject ID Number:
Session Time and Date:

Island Name:
Province Name:
Municipality Name:

Age:
Gender:

2 Male2 Female

Number of Years of Education:
Number of Dependents:
Marital Status:

2 Single

2 Married2 Widowed

Does your household have any other sources of income other than fishing? What are
these?

Have you had any other job other than fishing for income for the past 5 years? What
are these?
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Do you like or dislike marine protected areas?

2 Really don’t like

2 Kind of don’t like2 No preference

2 Kind of like2 Really like

Typhoon Impact

What was your fishing effort before the typhoon?

What was your fishing effort after the typhoon?

What was your fish catch before the typhoon?

What was your fish catch after the typhoon?

2 A lot more than before the typhoon

2 Slightly more than before the typhoon

2 Same as before the typhoon

2 Slightly less than before the typhoon

2 A lot less than before the typhoon

Do you think overall fish catch was affected by the typhoon?

2 Very much affected

2 Somewhat affected2 Affected2 Somewhat not affected2 Not affected at all
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Do you think the fish population has recovered since the typhoon?

2 Very much recovered

2 Much recovered2 Recovered2 Slightly recovered

2 Not recovered at all

How well do you feel you were able to cope with the effects of the typhoon?

2 Excellent2 Very Good

2 Good2 Very Bad

2 Terrible

How often does your barangay get affected by the typhoon in a year?

Fishing

What is your average monthly income?

Do you fish alone or fish in teams?

If you fish in teams, how do you split your profits?

How many days in a week do you usually go fishing?

How much fish do you usually catch?

What kind of fish do you usually fish for?
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How many different types of fishing gear do you use?

2 Hook and Line2 Multiple Handline

2 Squid Jig

2 Surface Set Longline

2 Others:

Do you have any particular fishing strategy?
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