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Abstract: We examine the role of risk and time preferences in how forest owners respond to
forest certification. We test hypotheses from a two-period harvest model derived from prospect
theory in the context of Fujian, China, where new forest certification started in 2003. Using
survey and field experiment data, we find that certification resulted in reduced harvesting, and
the effect was larger for households who are more risk averse and exhibited distorted probability
weighting. In contrast, households who are loss averse increased harvesting after certification.
These findings suggest that diverse individual preferences may be a source of impact
heterogeneity for forest certification.

1 Introduction
Forest degradation persists throughout much of the world (FAO 2010). The cause of this
continued degradation is complex and multifaceted but over the last two decades insecure rights
to ownership and use of forest resources, especially in developing countries, has been recognized
as a key cause (e.g., White and Martin 2002; Sunderlin et al. 2005; Larson et al. 2013; Robinson
et al. 2014). Rights to ownership and use of forest resources are often undefined, contested,
overlapping or unenforced. Without secure rights forest holders have few incentives to invest in
managing and protecting their forest resources. This realization has stimulated the current trend
in forest policy toward strengthening property rights for forest resources by land property rights
and titling programs, which transfer rights from the state to communities and individuals to
manage and extract forest resources (Ellsworth and White 2004; FAO 2011). However, property
rights and titling programs have not consistently led to the intended sustainable resource use and
management, particularly in developing countries. On one hand, some studies have found
empirical evidence that more secure land rights facilitated investment in trees, such as in Ghana
(Besley 1995) and Ethiopia, (Holden et al. 2009). At the same time, other studies have found that
tenure reforms have not led to their intended consequence of sustainable resource management,
for example, in Indonesia (Barr 2001), Russia (White and Martin 2002), and elsewhere (Ostrom
1990; Bromley 1991; Alston et al. 1999; Bohn and Deacon 2000; Walker et al. 2002; Sunderlin
et al. 2008).
The purpose of this study is to examine the role of individual preferences in how resource
owners respond to property rights reforms, using a model derived from cumulative prospect
theory (Tversky and Kahneman 1992). Households making forest management decisions face
many uncertainties through prices, growth and quality of retained stands, outbreaks of disease,
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pest infestations, forest fire, extreme weather events, and most importantly in the context of this
study, through redistribution or expropriation of forest land. Furthermore, decisions about forest
management often involve a long time horizon. As such, households’ risk and time preferences
play an important role in their forest management decisions (Newman 2002; Tahvonen and
Kallio 2006; Couture and Reynaud 2008). For example, a more patient or less risk averse
individual may harvest their forest plot less, deferring harvest income to a future period. Changes
in property rights can affect forest management directly (Johansson and Lofgren 1985) but the
reform effects can interact with individual time and risk preferences, affecting the net effect of
how households change their forest management practices. For example, even if households are
given secure property rights, those with a strong preference for current benefits may have the
incentive to harvest forest resources faster.
Failure to recognize the impacts of households’ risk and time preferences may result in
outcomes that policymakers sought to prevent. These factors become even more important in
poor economies because risk and time preferences are often found to be correlated with wealth:
the poor tend to be more risk averse and have a stronger time preference for the present (e.g.,
Besley1995; Holden et al. 1998; Nielsen 2001; Yesuf and Bluffstone 2009; Tanaka et al. 2010.)
To our knowledge, no previous study has directly examined how risk and time preferences affect
household responses to property rights reforms. Additionally, we seek to contribute to the
empirical literature measuring the impact of land property rights and titling programs on natural
resource management. Several studies have documented the effects on land-related investment
(e.g., Brasselle et al. 2002; Do and Iyer 2008; Deininger et al. 2011; and Grimm and Klasen
2015), agricultural productivity (e.g., Banerjee et al. 2002), access to credit (e.g., Place and
Migot-Adholla, 1998; Carter and Olinto 2003), and migration (DeJanvry et al. 2015). However,
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few empirical studies examine the effect of property rights and titling programs on forest
management. This study examines the effect of a land certification program on tree harvesting
decisions using parcel-level panel data and employing parcel fixed effects.
We begin by constructing a simple two-period model of optimal forest management
under uncertainty based on prospect theory, taking account of risk preferences, time preference,
and risk over property rights of forests. Consistent with the situation on the ground in China, we
model forest tenure security as a reduction of expropriation risk (as in, e.g., Jacoby et al. 2002;
Goldstein and Udry 2008). We derive comparative statics to predict signed effects on harvesting
efforts from the reform and from changing preferences, and higher order interaction effects of
individual preferences when subject to the reform. We then test empirically both hypothesized
and ambiguous effects, using original survey and field experiment data from Fujian Province,
China, where a large-scale reform of forest land tenure took place from 2003 to 2007. Under this
reform, the responsibilities of forest planting and management were transferred from collective
management (by townships and villages) to households. This transfer of responsibility was
accompanied by a forest certificate, a legal document establishing a household’s rights to a
specific forest area.
We combine the risk and time preference field experiment data collected from 103
households in Fujian Province with panel survey data collected from the same households. The
panel data set contains data for three years, 2000 (before the reform), 2005 (during the reform)
and 2008 (after the reform), and a measurement of harvest for each plot as the outcome variable
of interest. Although the risk and time preference data were collected after the reform, this study
provides one of the first empirical evidence on how those preferences interact with natural
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resource management and policy. We use these data to estimate the above effects in a differencein-differences framework.
Results show that risk and time preferences impact households’ forest management
responses to forest plot certification. Specifically, in response to forest certification more risk
averse households reduced harvesting more, while more loss averse households increased
harvesting more. Beyond these findings, our study is unique because we link time and risk
preferences elicited using real-money experiments (following Tanaka et al. (2010) and Liu
(2013)) to actual natural resource management behavior, which few studies have previously done
(Godoy et al. 2001; Liu 2013).
The remainder of this paper is organized as follows. Section 2 provides a background for
China’s Forest Tenure Reform and Section 3 introduces a simple prospect theoretic model of
forest plot management to derive comparative statics hypotheses. Section 4 introduces our panel
data set and identification strategy, and Section 5 explains the experimental elicitation process
for uncovering risk and time preferences of the subjects. Section 6 gives the empirical results and
robustness checks and Section 7 concludes.

2 China’s Forest Tenure Reform
Historically, land allocation has played an important role in China as a key capital for
livelihood that has been shared based on strong equity principles in rural areas (Carter and Yao
1998; Jacoby et al 2002). Village land allocation also has functioned as a substitute for missing
land markets in China and several other countries (Holden et al. 2013). Village leaders allocated
land according to household size, taking into consideration of variation in quality of land, and
redistributed primarily based on changes in household size to ensure equity. This possibility of
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reallocation imposed a real risk of land expropriation (Jacoby et al. 2002). A major change in
land tenure came about with the Household Responsibility System from the late 1970s, which
gave households contracts to their land for a longer period. This reform primarily focused on
agricultural land and enhanced private production activities, stimulating strong economic growth
since the 1980s (Holden et al. 2013). A series of studies predicted ‘hazards of expropriation’ to
frequency and intensity of land redistributions or other proxies in China and found that landspecific investment such as organic fertilizer increased after the expropriation risk was reduced
with the Household Responsibility System (Brandt et al. 2004; Jacoby et al. 2002; Rozelle et al.
2002).
Forest tenure systems in China also have undergone a series of significant changes over
the past 60 years, as detailed in Xu and Jiang (2009). Tenure for forestland changed back and
forth between ‘collectives’, in which decisions are made by the village leadership, and ‘private
management’ by the households (Liu and Edmunds 2003; Holden et al. 2013). Collectivization
of non-state owned forests began in 1956. Under collectivization, administrative villages
functioned as the legal owners of collective forests and households had little active participation
in management and no links among their use rights, responsibility for forest management, and
benefits from forests (Dachang 2001). The reform through the Household Responsibility System
primarily focused on agricultural land and was mixed and less positive on forestland at the time
(Holden et al. 2013). Collectivization remained dominant until the 1980s when the first major
wave of tenure reform occurred under the “Three Fixes” policy, a reform aimed at transferring
the responsibility of forest planting and management from the collective to households (Miao
and West 2004). By 1986, nearly 70% of collectively owned forest land in China had been
transferred to rural household management, but unsustainable logging in the late 1980s led the
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government to return a large portion of forest land to collective management (Hyde et al. 2003).
Even when forestland was allocated as family plots under the earlier wave of reform, no clear
duration was given at first, and forestland that was not used or planted was recovered by the
collectives and was either redistributed to other households, leased out, or converted back to
collective management (Holden et al. 2013). Liu and Edmunds (2003) found that this type of
early reform did not lead to more investment, but instead discouraged replanting after harvesting.
Clearly, these frequent policy changes created land redistributions among the households
(Holden et al. 2013). In addition to China, land redistributions have created tenure insecurity not
just in China but in other developing economies such as Ethiopia (Holden and Yohannes 2002;
Mekonnen et al. 2013).
In the early 2000s, limited forest tenure rights became increasingly recognized as a cause
of a political crisis in the forestry sector and a key impediment to sustainable forest management,
increased timber production, and poverty alleviation. As a result, the State Forestry
Administration encouraged provinces to implement forest tenure reforms, and by mid-2003 the
central government devised the “Resolution on the Development of Forestry,” as known as the
“No. 9 Policy” (Xu et al. 2010). By 2007, 14 provinces had begun implementation of the reform.
The new forest tenure reforms provide a national-level policy framework that aims to 1)
clarify property rights; 2) issue a certificate to each household for the verification of scope and
rights; 3) grant harvesters more freedom to manage their contracted forests; and 4) ensure
harvesters’ rights to benefit from their forests (Wang et al. 2012). The decisions regarding
tenure arrangements during this reform required a two-thirds majority vote by the village
representative committees or assemblies. The certification defined the boundary of the forest
plots, specified the duration of the rights (30 to 70 years) and expanded the rights to include
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transfer, inheritance and mortgaging (Xu and Jiang 2009).1 Before the certification, there were
no well-defined boundaries and no specific duration or much shorter duration (5 to 15 years) of
the use rights (Liu and Lixia 2009). Therefore households faced a non-trivial expropriation risk
at any time. This institutional background motivates our hypothesis that the effect of certification
may interact with households’ risk preferences.
This study utilizes original household and village survey data collected in Fujian
Province, which has been a leader in the recent forest tenure reform following the unsuccessful
reforms in the 1980s. Fujian’s system of the time, using “paper shares” of collective forests,
limited the distribution of collective forest land for household management and led to a lagging
forest economy, despite forest land covering over 60% of total provincial land area. The system
was also plagued by enforcement problems and lack of cooperation from harvesters, leading to
growth of forest fires in the 1990s, many of which were said to be caused by harvesters and rural
households (Xu and Jiang 2009). These historical problems led Fujian to take a leadership role in
implementing the recent forest tenure reforms in 2003, making the province an ideal setting to
test our hypotheses by allowing us to collect panel data for analyses of reform impacts.
Moreover, prior to the reform, more than 90% of its forests were collectively owned, making it
representative of a major collective forest province. These settings make Fujian an appropriate
site to study the impact of certification.

3 A Model of Forest Harvesting with Prospect Theoretic Preferences
In this section, we construct a simple model of optimal forest management under uncertainty,
taking account of risk preference, time preference, and risk over property rights of forests. The
model motivates our empirical approach in developing comparative statics predictions, as well as
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a need for empirical resolution of ambiguous results. In modeling the effect of tenure security,
the standard approach in the classical natural resource economics literature is to differentiate full
property right (sole ownership) vs. no property rights (open access) in a resource harvesting
decision (e.g., Gordon 1954; Hardin 1968). We take a different approach by modeling forest
certificates as reducing land expropriation risks in the future and hence benefits from future
harvests. This modeling approach has been taken, for example, in agricultural and development
economics to model investment decisions when future returns from investment are risky because
there is a positive expropriation risk from insecure property rights (e.g., Jacoby, Li and Rozelle
2002; Goldstein and Udry 2008.)
Consider a forest owner with reference dependent preferences who maximizes the present
value of utility from harvest, with net discount factor, !. We collapse the intertemporal problem
into a two-period problem, where only the second period is discounted. In the first period, the
forest has size, H , and the owner can harvest, H 1 ∈ ⎡⎣ 0, H ⎤⎦ , with the remainder, plus growth, g,
being harvested in the second period. Thus, H 2 ( H 1 ) = ( H − H 1 ) (1+ g ) if the forest plot is not
expropriated, but H 2 = 0 if the plot is expropriated. Due to the lack of outside investment
opportunities and credit markets available to households in our empirical sample, we assume that
the value from early harvest is only consumption utility, and that there is no mechanism for
investing the proceeds of excess early harvest for future gains.
The forest plot manager maximizes a value function over current period (1) and future
period (2) harvests:

max V ( H 1 )
H1

= v1 ( H 1 ) + ρ ⋅ Eπ ⎡⎣ v2 ( H 2 ) ⎤⎦

(

= H 11−σ + ρ ⋅ r1−σ + Eπ ⎡⎣ v ( H 2 ,r ) ⎤⎦
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)

where

v ( H 2 ,r )

=

⎧ H − r 1−σ
if
⎪ ( 2 )
⎨
1−σ
⎪ − λ ( r − H 2 ) if
⎩

H2 ≥ r
H2 < r

and where σ ∈[ 0,1) is a fractional exponent indicating curvature of the value function and λ > 1
is the loss aversion coefficient indicating the severity of the kink at the reference point.2 The
expectation under π refers to distorted probability weights (aka “decision weights”) consistent
with prospect theory, which overstate (understate) the probability of unlikely (likely) events
(Tversky and Kahneman, 1992). Note that the value function, v , is the standard prospect theory
model with minor adaptation of the exponent to be consistent with our empirical specification
following Liu (2013). We denote as pK the probability of keeping the plot private in the future
period (i.e., no expropriation), and pL = 1− pK as the probability of loss due to expropriation. π K
and π L are the corresponding decision weights. While our specification here does not require a
specific functional form, our empirical specification can serve as an example to clarify the nature

(

)

of probability weights. We define π ( p ) = exp − ( − ln p ) , which is Prelec’s (1998)
α

axiomatically-derived probability weighting function.
Choosing the reference point, r, can be easy or challenging depending on the setting. In
any inter-temporal model, the reference point for future periods will be based on expectations,
and these expectations will be a function both of the owner’s own actions and of the distorted
probability weights. For internal consistency in our model, we model the reference point as
r = Eπ [ H 2 ] . The interested reader may consult Koszegi and Rabin (2009) for an overview of
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dynamic considerations with reference dependent preferences, though their paper focuses much
more closely on how and when information arrives than the present article.
Following this specification, r = Eπ [ H 2 ] = π K ⋅ H 2 ( H 1 ) , so we have:

Eπ ⎡⎣ v ( H 2 ,r ) ⎤⎦ = π K ⋅ ( H 2 − r )

1−σ

− π L λ r1−σ

= π K ⋅ ((1− π K ) H 2 )

1−σ

− π L λ (π K H 2 )

1−σ

allowing us to rewrite the objective function more clearly:

max V ( H 1 )
H1

(

= H 11−σ + ρ ⋅ r1−σ + Eπ ⎡⎣ v ( H 2 ,r ) ⎤⎦

)

σ
σ
σ
1−σ
1−σ
1−σ
= H 11−σ + ρ ⋅ (π 1−
+ π K π 1−
− λπ Lπ 1−
)
K H2
L H2
K H2
σ
σ
1−σ
= H 11−σ + ρπ 1−
⋅ (1+ π σK π 1−
− λπ L ) .
K H2
L

This derivation implies, reasonably, that π L must be below some threshold level, as a
function of σ and λ , in order for the second term to be positive enough that an interior solution
might be found. Otherwise, the loss averse plot manager will simply choose the maximum
harvest in the first period, leaving nothing for the future. There are also combinations of these
parameters (for example: low discounting, low risk, rapid growth), such that the other corner
solution can be reached, where all harvest is deferred ( H 1 = 0 ) . Assuming an interior solution,
the resulting necessary first order condition for the choice of H 1 is:

(H )

* −σ
1

− (1+ g )

1−σ

( H- − H )

* −σ
1

σ
σ 1−σ
⋅ ρπ 1−
− λπ L ) = 0
K ⋅ (1+ π K π L

and the second derivative is negative everywhere. Thus, the value of H 1* satisfying the first
order condition above is a unique interior maximum, provided parameters are such that a corner
solution is not reached.
10

Applying the implicit function theorem yields comparative statics results for both
preference and policy parameters. Assuming that the decision weight on expropriation risk, π L ,
is monotone increasing in the true probability, pL , then ∂H 1* / ∂ pL > 0 for some values of π L ,
a, σ , and λ , but not others, so early period harvest may or may not be increasing with
expropriation risk and with the degree of distortion from decision weights. We predict that a

(

)

rising discount factor will decrease early harvest ∂H 1* / ∂ ρ < 0 , and a higher loss aversion

(

)

coefficient will increase early harvest ∂H 1* / ∂λ > 0 . The risk aversion parameter, σ , is
equivalent to the coefficient of relative risk aversion from a CRRA utility function, so its
comparative static measures the effect of curvature of the value function on early harvest, all else
equal. This effect is not sign-able without further assumptions, so we leave it as an empirical
question to resolve later.
We also test higher order interaction terms in the empirical section below. In particular,
we ask how do risk and time preferences interact with policy, possibly making the effects of
forest tenure reform different for different managers? Extending the comparative statics above,
we would predict that ∂ 2 H 1* / ∂λ ∂π L < 0 if ∂H 1* / ∂π L > 0 , i.e., among plots subject to tenure
reform those plots with more loss averse managers will exhibit a weaker treatment effect,
meaning larger, or more frequent, harvests than their less loss averse counterparts. Our model
does not give definitive signs for ∂ 2 H 1* / ∂σ ∂π L or ∂ 2 H 1* / ∂π L2 (the latter being the interaction of
reform policy with probability weights), but it does predict that ∂ 2 H 1* / ∂ ρ ∂π L will have the same
sign as ∂H 1* / ∂π L . It should be noted that all unambiguous comparative statics predictions are
monotone over the parameter space. This means that, conditional on the other parameters, they
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can be used to predict probability of corner solutions. So, for example, the prediction that H 1* is
unambiguously increasing in some parameter, means higher levels of that parameter also predict

(

-

)

more corner solutions of maximum harvest H 1* = H , and fewer corner solutions of deferred

(

)

harvest H 1* = 0 , across a population of harvesters where other parameters are heterogeneous.
For those comparative statics where we have made predictions, we test them in the
Results section below, and for those where no ex ante prediction of the direction of an effect is
possible, we use our empirical results as a guide to inform future research.

4 Data, Definitions, and Descriptive Statistics
Our study area includes two counties in Fujian, China—Datian County in central Fujian and
Sanming City in the west. Forest land covers more than 60% of the provincial land area, and is a
growing source of income for households living in rural forested areas. Based on a larger survey
of 600 households in Fujian, forestry accounted for 8.98% of household income in 2006, a
3.71% share increase since 2000, prior to the reform (Xu et al. 2010). Other income sources
include agriculture (10.28%), livestock (9.21%), off-farm (65.14%), and other (6.36%). In our
study area and in rural China in general, credit markets are missing or incomplete at best, and
most households have limited access to formal loans (Ong 2012). This motivates our approach of
elicitating a measure for pure time discount rate.

Household survey
Our household panel data set includes data for 104 households spanning two counties, Sanming
City and Datian County, and 10 villages in Fujian Province for three years: 2000 (before the

12

reform), 2005 (during the reform) and 2008 (after the reform).3 Data for the years 2000 and 2005
were collected in 2006 by a research team from Peking University, Gothenburg University, and
Forest Trends, and data for the year 2008 was collected in 2009 by researchers from Peking
University and the University of Rhode Island. We collected data on harvest and household-level
attributes such as income and plot ownership, as well as plot-level attributes including distance
from the nearest road and primary forest type (bamboo or other). During the 2009 data
collection, households were asked to complete the survey and to participate in two real-money
decision-making tasks, our risk and time preference experiments. All households completed the
survey but one household chose not to participate in the decision-making tasks, so their data
were discarded, leaving a sample of 103 households. Each household was paid 15 yuan to
complete the survey plus their earnings in the decision-making tasks. Descriptive statistics are
available in Table 1.
For our analysis, we construct a balanced panel data set by using only those forest plots
that were managed by the household in 2000, 2005 and 2008, so that we have pre- and postreform data for every plot in the analysis. The plot level analysis is appropriate because
households were given certification at the plot level in the reform process. In our sample, 16% of
the households have both forest plots that are certified and plots that are not certified. The
resulting sample includes 295 plots, owned by 87 households.4 Of those, 88 plots (owned by 26
households) constitute the treatment group, having received forest certificates during the reform
(2003 – 2007), and the remainder make up the control group (no certificate by 2008). As of mid2005, 36 of the treated plots had received certificates, but we find no statistically significant
evidence of an “early treatment effect” relative to the rest of the plots. Of the 88 treatment plots
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(and 207 control plots), we have data on distance from home and road only for 75 treatment plots
(and 145 control plots).
In 2000, an average household had 4.9 household members, a head of household who
was 46 years old with 4.7 years of education, and total assets of 10,430 yuan. On average each
household held a total of 2.3 hectares of forest land. The average forest plot had an area of 0.94
hectares, was 1.43 kilometers from home, and was 0.87 kilometers from the road. Bamboo was
the primary forest type of 37% of the plots.
To capture household forest management, we define a binary variable which equals 1 if
the household spent any harvest effort on a given plot in a given year. In the survey, the
respondents gave an estimate of the amount of labor spent in harvesting on each plot in each
period, including family labor, labor exchanged with other households, and hired labor. Because
of the frequency of zeros in the data and the potential noise in the recall-based estimates, we
elected to use a binary dependent variable for harvest based on the reasoning that recall of
whether harvest occurred was more likely to be accurate than recall of the exact amount of
harvesting labor effort.5 Therefore, ‘harvest’ means whether any harvesting effort has been spent.
Of the three types of forests in our data set—bamboo, evergreen coniferous and hardwood
trees—our field observations suggest that bamboo plots are more likely to be almost completely
harvested in a given time period, whereas plots with other tree types are not.

Elicitation of Risk Preferences
To elicit risk preferences, we followed the experimental design developed by Tanaka et al.
(2010) and later modified by Liu (2013), both of whom expand the classic Accept/Reject lottery
experiments of Holt and Laury (2002) to incorporate prospect theory. Prospect theory is more
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flexible than standard, expected utility specifications in that it allows for the possibility that an
individual may be risk averse, risk neutral or risk seeking, depending on whether choices involve
gains or losses and whether the probabilities of gains or loss are large or small (Kahneman and
Tversky 1979). Under prospect theory, an individual’s risk preferences are described by three
measures: the degree of risk aversion (curvature of the value function), σ , the degree of loss
aversion (severity of the kink in the value function at the reference point, r), λ , and a nonlinear
probability weights/distortion measure, α .6 We use these three parameters to represent each
household’s risk preferences in our empirical analysis, consistent with the value function and
probability weighting functions given in the Model section above.
To elicit these parameters experimentally, we followed the procedures of Liu (2013).
Documentation of all experimental materials can be found in the Appendix. According to her
specification, the parameter σ describes the curvature of an individual’s value function, but we
do not impose a range of values when eliciting preferences: an individual is described as risk
averse when σ > 0, risk neutral when σ = 0, and risk loving when σ < 0. The parameter α is a
non-linear probability weighting measure, from the model of Prelec (1998); when α <1, π(p) has
an inverted S-shape, indicating that an individual tends to overweight low probabilities and
underweight high probabilities, as in Tversky and Kahneman (1992). This model reduces to
expected utility theory (with an S-shaped utility function) when α = 1 and λ=1.
In the experiment, participants were asked to choose between sets of lottery options. For
example, Option A might offer a 30% chance of receiving 20 yuan and a 70% chance of
receiving 5 yuan, while Option B offers a 10% chance of receiving 34 yuan and a 90% chance of
receiving 2.5 yuan. A total of 35 choices, divided between three series were asked. Monotonic
switching was enforced, meaning that once the subject switched to option B they were not
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allowed to switch back to option A, to eliminate the possibility of inconsistent choices and to
make the task easier for participants to understand. Once the subject had completed the entire
series of choices, one question was chosen randomly for payoff. The payoffs ranged from a loss
of 10 yuan to a gain of 850 yuan, which is roughly half a month’s pay in rural Fujian, and the
average payoff was 27 yuan, about half a day’s wage (CSY 2009). Following a standard practice
in this type of experiment, the risk game was calibrated in such a way that the maximum loss
was less than the “showup fee” paid to all participants, with a reference point of r = 0 .
In our sample, the average estimated values for α and λ are 0.73 and 6.02, respectively,
and both are statistically different from 1 at the 1% significance level, implying that our
experimental subjects, on average, are best represented by the probability weighting and loss
aversion of prospect theory. The average derived value of σ is 0.40, indicating on average
households in the sample exhibit risk aversion (the median value is 0.4). For comparison, values
estimated here for σ and α are very similar to those found by Liu (2013) in a sample of Chinese
farmers (0.48, 0.69) and by Tanaka et al. (2010) in a sample of Vietnamese farmers (0.59, 0.74).
Additionally, our mean estimated value of σ = 0.42 is within the range of constant relative risk
aversion measured in choose lottery experiment conducted in developing countries, which range
from 0.17 in Uganda to 0.84 in India (Cardenas and Carpenter 2008). For loss aversion, the
average estimated value for λ in our sample is approximately twice as high as the values in Liu
(2013) of 3.47 and Tanaka et al. (2010) of 2.63, but the median value is 2.04, which is below the
estimated figure of 2.25 from Tversky and Kahneman (1992). A few very highly loss averse
households both make the average higher in our sample, and likely decrease the efficiency of our
loss aversion parameter estimates. To ease the interpretation of the coefficient on α, which has a
kink at 1, we create a dummy variable which a dummy variable equal to 1 indicates an individual
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who puts excessive decision weight on small probabilities (α < 1) and a dummy variable equal to
0 indicates an individual who does not overweight small probabilities (α ≥1).
One caveat is that we used preference parameters derived from field experiments
occurring after the households’ forest management experience, which may have affected their
preferences. Unfortunately, we cannot test for such effects with our current data. However,
Meier and Sprenger’s (2010) study of 250 individuals in Massachusetts found that although
some subjects show variation in their time preference in one year’s time, individual level
correlations over time were strongly significant and the mean change in the individual discount
factor and present-bias parameter was small. Further, they found that changes in income,
unemployment, family composition or future liquidity did not predict the differences in time
preferences, nor was there correlation between demographics and preference instability. Several
studies have also found no tendency for risk preferences to systematically increase or decrease
over time and that measures taken at two different periods of time show acceptable correlations
(Harrison et al. 2005; Sahm 2007; Andersen et al. 2008; Baucells and Villasis 2009; Reynaud
and Couture 2012). We consider this justification that our approach is reasonable.
In addition to prospect theory risk preferences, we also elicited time preferences in a
manner consistent with Tanaka et al. (2010). Since elicited time preferences are not significant
predictors in our regression analysis, details of the elicitation method and summary statistics for
the time preference parameters can be found in Appendix Table A1.7

5 Empirical Framework
Our empirical objective is to identify how heterogeneity in households’ time and risk preferences
may impact the average effect of forest plot certification on household forest management. A
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simple comparison of changes in forest management between plots that received and did not
receive certification demonstrates that there is a correlation between certification and forest
management, but it would clearly be a mistake to jump from this association to the conclusion
that certification impacts forest management because certification plots were not selected
randomly (at least, the allocation process was not designed to be completely random). This
potential nonrandom placement of certification (selection into treatment) could bias our
estimates without proper controls.
There are some indications that the selection bias from nonrandom placement of
certification may not be large in our context. As with other forest policies in China in which
participation is often exogenous to the household’s decision (e.g., Li et al. 2011), by regulation
the decision to participate is to be made at administrative village level, not at natural village
(“xiaozu”) level. The share of forests to be managed by households and/or xiaozu, the number of
certificates issued by year, are the decision of the administrative village by 2/3 vote of the
representative committee of the administrative village. By regulation, every household can be
issued a forest certificate. In addition, comparison of plot and household characteristics between
the two groups of plots demonstrates that they are similar in many respects, including plot area,
distance from plot to home or the closest road, and the average slope of the plot. Table 1 shows
summary statistics for key variables across treatment and control groups, both at the household
level and the plot level. We tested for differences in means using a two-sided t-test (p-values and
confidence intervals for Table 1 can be found in Table A2 of the online Appendix). We found
statistically meaningful differences in only two covariates: loss aversion (at the 10% level,
p=0.075) and number of plots managed (at the 99.9% level, p=0.0005).
[ Table 1 about here ]
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While we include the t-test with respect to number of plots managed for consistency, it is
not an appropriate test of sample balance, due to a form of base rate neglect. In essence,
households managing many plots are much more likely to have at least one plot certified, even
under a null hypothesis of random assignment at the plot level. We conducted a simulation test to
control for this oversampling of households with multiple plots into the at-least-one-treated-plot
group, and estimated a non-parametric p-value of 0.805. This indicates no evidence that
households managing more plots are able to influence plot level treatment effects away from “as
good as randomly assigned.” The details of this analysis are found in Section 2 of the online
Appendix. As a further test of balanced covariates, we conducted a test for joint orthogonality
(Hansen and Bowers, 2008, “HB”) by linear regression of certification on the covariates. Based
on the F statistic of 2.04 ( p = 0.09 ), we are unable to reject the null of joint orthogonality. This
result is best considered as further circumstantial evidence of balance in the covariates, because
the test has a larger than nominal size (from HB p.223: “the nominal 0.05-level test has an actual
size of about 0.37”). Because of this, our observed estimate of p = 0.09 has an implied p-value
around 0.50 (according to HB p.224, Figure 1).
Even given the above, there could still be some self-selection bias, especially conditioned
on covariates we do not observe. If we do not account for these and other potentially systematic
differences between certified and noncertified plots, we risk incorrectly attributing differences in
measured forest management outcomes between those plots for which households received a
forest certificate and plots for which households did not receive a forest certificate to
certification when in fact differences may be due to initial differences in unobserved
characteristics (e.g., entrepreneurial ability) between the two groups (Conning and Deb 2007).
Unfortunately, this is a drawback of many econometric approaches.
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Identification Strategy
The outcome of interest is the harvesting decision in each year. Although the theoretical model
involves interior choices in harvesting decisions, we find that our collected data are best suited to
evaluating treatment effects with respect to the discrete yes/no choice of whether to harvest at all.
That is, enough plots opted out of harvesting each year (21% in 2000; 56% in 2008) that a
discrete choice model is more appropriate than least squares regression. Put another way, the
problem parameters were not sufficient to induce interior choices for a large number of plots. We
therefore model the discrete choice of whether or not the household harvested the trees on the
plot in that year.
The treatment variable is whether or not the plot was certified as part of the reform. The
reform was officially introduced in 2003, but our data revealed that about two thirds of the
certification was done in 2005. Although we collected harvesting decision data for 2000, 2005 ad
2008, it was ambiguous from the data whether 2005 should be treated as pre-reform or postreform.8 We therefore choose to conduct a clear pre- vs. post-reform evaluation by focusing on
two years: 2000 as the pre-reform year and 2008 as the post-reform year.
We employ several strategies to account for the possibility of treatment effects being
contaminated by unobservable factors. We estimate a plot fixed effects linear probability model,
evaluating the decision of forest owners to harvest that year or not. We use this model to estimate
the effect of treatment (forest certification) as well as the interaction of treatment with risk and
time preferences while controlling for time-invariant plot-level characteristics and group, time,
village, and household fixed effects. The estimating equation is:
!"( !!" = 1) = !! + !! !!" + !(!!" ∗ !! ) + !! + !! + !!"
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which is estimated using a linear probability model on yit , the realized choice of whether or not
to harvest in year t.9 Dit is an indicator variable indicating treatment, namely that the plot was
certified between 2001 and 2008 (approximately two thirds of treated plots were certified during
2005). !! are preference covariates for household j, and thus (!!" ∗ !! ) represents the interaction
of treatment with risk and time preferences to test our comparative statics predictions from
Section 3. Finally, !! and !! are fixed effects at the time and plot levels and εit is an error term.

6 Empirical Results
The plot fixed effects indicate that the average effect of certification on the treated plots is a 12%
reduction in the probability of harvesting (Table 2, column 1). In addition, preferences lead to
significant heterogeneous harvest decisions across plots, and preferences do interact with the
certification treatment to produce significant heterogeneous effects (columns 2-4). In the case of
risk aversion (curvature of the value function) and loss aversion (sharpness of the kink), the
treatment interaction effect has the opposite sign. This means that more risk averse and more loss
averse plot owners actually reverse course when certified; they react in the opposite direction
relative to being uncertified, essentially canceling out the effects of their preferences on
harvesting decisions.
[Table 2 about here]
The marginal effect of treatment interacted with the risk aversion parameter is estimated
to be a decrease of 75 percentage points (columns 2 and 4). Similarly, the marginal effect of
treatment interacted with the probability weighting dummy decrease probability of harvesting by
36 points. In contrast, the estimated marginal effect of the treatment interacted with the loss
aversion parameter is an increase of 4 percentage points. Put another way, this result implies that
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the intended effect of certification (to reduce or delay harvest) is actually larger for more risk
averse households and those who give higher weights on small probability events, but the effect
is smaller (or even negative for certain ranges) for more loss averse households. We also find no
significant effect of the hyperbolic discount rate parameter, which is not surprising given its low
level in our sample (columns 3 and 4).
The way in which risk preference lead to significant heterogeneous treatment effects is
further evident from the implied certification effects (Table 3). The certification effects are
computed for different levels of the risk and loss aversion parameters and the probability
weighting dummy, which is a dummy for individuals who overweight small probabilities.10 In
general, the certification treatment has the intended effect of reducing the probability of
harvesting for households who are more risk averse and less loss averse. For example, the
certification treatment led to a 49 point marginal reduction in probability of harvesting for
households in the 75th percentile of risk aversion and 25th percentile of loss aversion (Panel B,
top row, right column). In contrast, when the household is highly loss averse (75th percentile), the
certification encourages households to harvest more regardless of the probability weighting
dummy. For example, certification led to a 42 point increase in the probability of harvesting (at
the margin) for households in the 75th percentile of the loss aversion parameter with a median
risk aversion level and places higher weight on low probability events (Panel B, bottom row,
middle column).
[Table 3 about here]
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Effect of individual preferences on harvesting decisions
One drawback of the main model (Table 2), however, is that plot fixed effects difference out any
direct effect of risk and time preferences, leaving only the effect of risk preferences interacted
with treatment identifiable. Time and risk preferences play an important role in forest resource
management under uncertainty (e.g., Reed 1984, Blennow et al. 2014). However, the the
literature offers few empirical estimates of the direct effect of individual preferences on natural
resource management. Given this literature gap, we test for the time and risk preferences on
harvest decisions directly using the pre-treatment data only in a linear probability model with
village fixed effects. The hypotheses for these coefficients are derived from our theoretical
model. We estimate the following equation:
!"#$ (!!,!!!""" = 1 ) = !! + !!! + !"! + !"! + !! + !!
where !! and !! denote time-invariant characteristics at the plot and household levels, and !! are
village fixed effects. These results do not allow for plot or household-level fixed effects, and
hence are descriptive in nature and should not be taken as cleanly identified.
After controlling for plot and household characteristics in the baseline year as well as
village fixed effects, we find that the probability of harvesting in 2000 was higher for households
who are more risk averse and who over-weight low probability events (Table 4). In contrast, we
found that the harvest probability was lower for households who are more loss averse. This
finding contradicts the predictions of our theoretical model, but the result may not be
economically significant; the coefficient estimate for loss aversion is an order of magnitude
smaller than the estimates for the other behavioral parameters, while the loss aversion parameter
is measured on a scale 0.5 – 1.0 orders of magnitude larger than the other behavioral parameters,
on average. Moreover, the coefficient on discount rate was not significant, not supporting the
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theoretical prediction. A high standard deviation of the estimated discount rates may have
contributed to this finding.
[Table 4 about here]
A few other household and plot characteristics were associated with harvesting decisions
in the baseline year. The only plot-level characteristic with statistical significance was whether or
not the household grew bamboo on the plot. The result suggests that households are more likely
to harvest plots with bamboos, which is intuitive since some types of bamboos become mature
enough to be harvested in a two to three-year cycle, much faster than other types of trees for
harvesting. Interestingly, households who had higher values of livestock dying in 2000 were
more likely to harvest. While we do not claim identification in this descriptive regression, this
result suggests that harvesting decisions may be associated with consumption smoothing (e.g.,
Pattanayak and Sills 2001). Household’s party membership or role as village cadre had no
correlation with harvesting decisions in 2000.
Table 5 presents the plot fixed effect estimates compared against our comparative statics
predictions from Section 3. Overall the estimates are consistent with the predictions where our
model yielded definitive predictions, with one exception of the direct association between
harvesting decision and the loss aversion parameter. A reasonable hypothesis is the simultaneous
determination of the parameters making up risk preferences, but future work is needed to
understand these cause-and-effect relationships exactly. Overall the estimates are quite useful in
addressing ambiguous signs of modeled comparative statics.
[ Table 5 about here]
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Robustness Checks
To check the robustness of our results, we run three additional variations of the plot fixed effect
equation: (i) using exponential discounting instead of hyperbolic and (ii) with explicit values of
the probability weighting distortion parameter instead of dummies for high probability weight
distortions, and (iii) including the years since certification as an additional covariate. We find
that the patterns of statistical significance are stable across specifications.11

7 Conclusion
Despite their potential importance, the heterogeneity in response to property rights reforms due
to individual preferences has not been studied adequately. Progress is constrained by a lack of
data. Measures of outcomes (such as harvesting of timber, etc.) are difficult to come by and
eliciting measurement of risk and time preferences is difficult (Frederick et al. 2002; Cardenas et
al. 2008). Furthermore, previous studies on forest tenure issues often use proxies to measure
tenure security that are either subjective or indirect and may not provide accurate measurements
(Godoy et al. 1998; Godoy et al. 2001; Hagos and Holden 2006).
In this paper, we examined how preferences over time and risk affect household forest
management responses to property rights reforms, using risk and time preference data from a
field experiment and a panel household survey from Fujian, China. We first constructed a simple
model of optimal forest management under uncertainty, taking account of risk preferences as
described in prospect theory, time preference, and risk over property rights of forests. We then
tested the model’s comparative statics predictions empirically. To identify how risk and time
preferences augment the effect of forest plot certification on forest management activities, we
used a plot fixed effects model.
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Our results suggest that more secure tenure as a result of forest certification affects
households’ forest management decisions by reducing probability of harvest as a first-order
effect. We found that risk (loss) aversion leads to more (less) harvesting in the absence of
reforms, but that these distortions are reversed by the certification process. So, while risk (loss)
averse households will respond more strongly (weakly) to certification, they are likely to do so in
a manner which reduces heterogeneity relative to the pre-treatment period. We found
inconclusive evidence of heterogeneous harvest effort or heterogeneous policy responses with
respect to time preferences, consistent with prospect theory. However, the insignificant effect of
time preference on harvest decisions may be a result of the short time frame covered by our
elicitations: the longest period of time participants were asked to consider was 6 months, which
may not reflect the longer term decisions required in forestry management.
As mentioned previously, one caveat is that we used preference parameters derived from
field experiments occurring after the forest reform. Unfortunately, it is impossible to predict the
potential effect of the reform on preferences. Certification is likely to result in an increase in selfperceived wealth contemporaneous with a decrease in immediate income under optimal
management, two effects which might seem to predict parameter changes in opposite directions.
Moreover, it is possible that evolution of the market conditions during the ten years of this study
could affect risk preferences. At least, the empirical literature thus far has found that preference
parameters are stable and strongly correlated over time, suggesting that our empirical approach is
reasonable. Overall the results of this paper have implications for policymakers in China and
elsewhere by informing how heterogeneity among households may impact the outcomes of
property rights reforms. Even in cases where economic agents respond, on average, to a reform
in the manner expected, there may be substantial heterogeneity in their responses and this
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heterogeneity may have welfare implications. Although this study is conducted in the context of
forests, the general finding may apply to other natural resources such as fisheries or groundwater
where strengthening property rights have not always shown success in the manner intended.
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Tables
Table 1. Comparison of descriptive statistics of household and plot-level variables.
Household-level characteristics
Households with at least one plot with certificate
Variable
Discounting
Risk aversion
Loss aversion*
Probability weight dummy
Total number of plots
managed by household***
Household member was a
village cadre in 2000
Household member is a
member of the communist
party in 2000
Value of livestock died
(1000 yuan)
Household asset value per
capita (1000 yuan)

Households without any plots with certificate plot

Obs
26
26
26
26

Mean
0.14
0.40
4.26
0.72

Std. Dev.
0.24
0.36
5.92
0.27

Min
0.001
-0.400
0.185
0

Max
0.737
0.950
16.445
1

Obs
61
61
61
61

Mean
0.13
0.40
7.09
0.71

Std. Dev.
0.26
0.36
7.04
0.28

Min
-0.001
-0.400
0.175
0

Max
0.737
0.950
17.605
1

26

4.85

2.95

0

12

61

2.77

2.19

0

10

26

0.08

0.27

0

1

61

0.02

0.13

0

1

25

0.23

0.43

0

1

58

0.18

0.39

0

1

25

0.43

1.13

0

5.65

58

0.37

0.65

0

2.68

25

5.38

5.10

0.07

16.45

58

9.08

28.05

0

155.61

Plot-level characteristics
Plots with certificate
Plots without certificate
Variable
Obs
Mean
Std. Dev.
Min
Max
Obs
Mean
Std. Dev. Min
Max
Plot has a slope >25 degrees
88
0.59
0.49
0
1
207
0.50
0.50
0
1
Plot area (ha)
75
1.23
3.90
0.02
26.67
145
0.79
2.12
0.01
20
Distance to home (km)
75
1.45
1.39
0.01
10
145
1.43
1.31
0
10
Distance to road (km)
75
0.84
1.11
0
7
145
0.90
1.00
0
8
Bamboo
88
0.32
0.47
0
1
207
0.40
0.49
0
1
Notes: Statistical significance is evaluated for each variable using a two-tailed t-test for difference-in-means. *, **, and *** denote p<0.10, p<0.05,
and p<0.01, respectively. Table A2 in the Appendix gives the differences in means with p-values and confidence intervals. The t-test for number of
plots is included for consistency but is not an appropriate test of sample balance due to base rate neglect. Under the null hypothesis of independent
assignment of plots into treatment, households managing multiple plots have a higher probability of having at least one plot treated. We conducted
non-parametric simulation testing and found the correct p-value to be 0.805. These findings are described in Section 2 of the online Appendix.
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Table 2. Parameter estimates from plot fixed effect linear probability model.

VARIABLES

Dependent Variable: Whether or not tree was harvested
on plot i in year t
(1)
(2)
(3)
(4)
Plot FE
Plot FE with Plot FE with Plot FE with
risk
time
time and risk

Treatment

-0.121*
(-1.722)

Risk aversion x Treatment

0.317**
(2.486)

-0.157**
(-1.998)

0.323**
(2.409)

-0.744***
(-4.872)

-0.756***
(-4.323)

Loss aversion x Treatment

0.0424***
(5.107)

0.0435***
(4.532)

Probability weight dummy x
Treatment

-0.364***
(-2.938)

-0.363***
(-2.916)

Discount rate x Treatment

Year 2008 (=1)
Constant

0.277
(1.613)

-0.0501
(-0.268)

-0.140***
(-2.966)

-0.140***
(-2.959)

-0.140***
(-2.964)

-0.140***
(-2.956)

0.393***
(21.47)

0.393***
(21.84)

0.393***
(21.49)

0.393***
(21.82)

Observations
590
590
590
590
Number of unique plots
295
295
295
295
Adjusted R-squared
0.077
0.107
0.078
0.106
Notes: Plot-level fixed effects are not shown. Cluster robust t-statistics are in
parentheses. *** p<0.01, ** p<0.05, * p<0.1. Note that Treatment refers only to
observations that are both in the treatment group and in the year 2008.
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Table 3: Implied certification effect.
Panel A: Probability weighting dummy=0
Risk aversion

25th percentile

Loss Aversion

50th percentile

75th percentile

25th percentile

50th percentile

75th percentile

0.176

0.025

-0.126

(1.54)

(0.22)

(1.08)

0.255**

0.104

-0.047

(2.15)

(0.94)

(0.41)

0.932***

0.780***

0.629***

(4.17)

(4.01)

(3.59)

Panel B: Probability weighting dummy=1
Risk aversion

25th percentile

Loss Aversion

50th percentile

75th percentile

25th percentile

50th percentile

75th percentile

-0.187**

-0.338***

-0.489***

(2.26)

(3.83)

(4.61)

-0.108

-0.259***

-0.410***

(1.37)

(3.27)

(4.37)

0.569***

0.418***

0.267**

(3.54)

(3.12)

(2.37)

Notes: T-statistics shown in parenthesis. ***p<0.01 and **p<0.05. Implied certification effect
was evaluated at the 25th, 50th, and the 75th percentiles of the risk aversion (0.20, 0.40, 0.60) and
loss aversion (0.23, 2.05, 17.60) parameters for when probability weighting dummy is equal to 0
(Panel A) and to 1 (Panel B). The estimated discount rate was fixed at the mean (0.11).
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Table 4. Coefficient estimates from a descriptive regression for baseline year harvest (2000).

VARIABLES
Discounting
Risk aversion
Loss aversion
Probability weight dummy

Dependent variable: Whether or not tree was harvested in baseline year
(1)
(2)
(3)
Village FE with
Village FE with household and
Village FE
household controls
plot controls
baseline year
baseline year
baseline year
-0.110
(-1.286)
0.0122
(0.183)
-0.00578*
(-1.730)
0.0740
(1.400)

-0.0933
(-1.058)
0.0240
(0.348)
-0.00478
(-1.435)
0.165***
(3.170)

Plot has a slope >25
degrees

-0.0276
(-0.352)
0.117**
(2.085)
-0.0102***
(-3.536)
0.0959**
(1.990)
0.0194
(0.483)

Distance plot to home (km)
Distance plot to road (km)
Bamboo (=1)
Total number of plots
managed by households

-0.00854
(-1.060)

0.0104
(0.669)
-0.00879
(-0.476)
0.176***
(4.585)
-0.00345

Household member is a
village cadre in 2000 (=1)

0.123
(0.938)

0.151
(1.212)

Household member is a
member of communist
party in 2000 (=1)
Value of livestock died in
2000 (1000 yuan)

0.0742
(1.286)

0.0523
(0.938)

0.0814**

0.0608*

(2.122)
-0.000356
(-0.866)

(1.767)
-0.000227
(-0.576)

Household asset value per
capita in 2000 (1000 yuan)
Constant

0.508***
0.402***
0.239**
(5.638)
(3.977)
(2.427)
Observations
590
461
438
Adjusted R-squared
0.064
0.173
0.181
Village FE
Yes
Yes
Yes
Household FE
No
No
No
Plot FE
No
No
No
Cluster robust t-statistics in parentheses. The models were estimated using a linear probability model.
*** p<0.01, ** p<0.05, * p<0.1
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Table 5. Summary of results compared with hypotheses
Effect

Comparative Static

Prediction

Empirical estimates

Expropriation risk

∂H 1* / ∂ pL

Ambiguous/Increase?

Increase

Probability weights

∂H 1* / ∂α

Ambiguous

Increase

∂ 2 H 1* / ∂α ∂ pL

Same as expropriation risk

Increase (same as expropriation risk)

∂H 1* / ∂σ

Ambiguous

Increase

∂ 2 H 1* / ∂σ ∂ pL

Ambiguous

Increase

∂H 1* / ∂λ

Increase

Decrease

∂ 2 H 1* / ∂λ ∂ pL

Opposite of expropriation

Decrease (opposite of expropriation risk)

Risk aversion

Loss aversion

risk
Discounting

∂H 1* / ∂ ρ

Increase

Not significant

∂ 2 H 1* / ∂ ρ ∂ pL

Same as expropriation risk

Not significant

Notes: Results for the expropriation risk and its interaction with the preferences are based on the plot level fixed effects models
reported in Table 2. The empirical results of the direct effects of preference variables are based on the descriptive regression of the
baseline year harvest reported in Table 4. Since !! in the theoretical model is the probability of expropriation, the sign of the empirical
estimates of the certification treatment effect is opposite.
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1

Since the duration of the certificates under the reform were mostly good for 70 years, households are likely to
consider this as a one-time reform. Although, we do not have data on households’ expectations for additional waves
of reform, we conjecture that the issuance of the certificates perceived as pivotal and is likely to have a lasting
impact on household behavior and livelihood. That said, if there were any possibility of potential anticipation of
future reforms, the bias would be in the direction of attenuating the results. We thank a referee for this point of view.
2

The model assumes that agents’ only income is from forest harvesting. According to our data, most households in
our sample participate in income generating activities in addition to forestry such as farming and off-farm work.
Therefore, it is possible that the harvesting decision is endogenous to other income generating activities. This factor
would become important if the labor market were constrained, but this is not the case in our study area. Examining
the impact on a whole range of outcomes would be beyond the scope of this paper.
3

We acknowledge that there may be recall bias since six years is not a trivial amount of time. We also acknowledge
the potential of strategic responses bias since the first round of survey in 2006 was conducted after the reform had
started. We took several steps to reduce this bias during data collection. The survey questions were phrased so that
we ask for facts and decisions instead of asking for what was the impact of the reform; we trained the enumerators to
look for any inconsistencies or take note of any irregular responses. The survey was about 90 minutes long, and it
would have been difficult for households to understand that we were analyzing changes in harvesting decisions over
time.

4

From the original 104 households, 17 households were dropped from the regressions: 1 household did not
participate in the risk and time experiments; 3 households had discrepancies in the plots across years; 3 households
did not manage the plots prior to the treatment year; 9 households reported only having an old type of forest
certificate which was different from the one given under the reform in question; 1 household with missing data for
distance variables.

5

We acknowledge that the binary harvest variable is coarse. Ideally, we would want to understand the extent of the
harvest as the referee suggests, but at the time of the survey design the research team found it difficult for rural
farmers to give information with accuracy. Importantly, the average size of the forest plots in our sample is 0.94 ha,
which is very small compared to the average size of privately-owned forests in major forest regions cross the tropics
(191 hectares, Jagger et al. 2014). Under this circumstance, the binary harvest variable may be adequate to capture
harvesting behavior.

6

Prospect theory assumes that people overweight unlikely events, i.e., events with small probabilities (Tversky and
Kahneman 1992).

7

We thank a referee for this suggestion.

8

To clarify, we did not receive precise plot-level information about the timing of the certification relative to the
timing of harvest in 2005. There were two types of certification information: either we were given only the year of
certification or we were given the year and the month of certification. In neither case did we have the 2005 harvest
behavior broken down by the month(s) when it occurred. Some plots were certified at times in late 2004 or in 2006
so we clearly know whether they were certified or not prior to the 2005 harvest, other plots we had year-month data
in 2005 but not the timing that harvest was conducted, and still other plots had only data that they were certified in
2005 but without the month of certification. While potentially some of these data could have been
corrected/recovered after the fact, we found it unlikely that all of it could have been restored so we chose to drop our
2005 data from the analysis.

9

We estimate this equation as a linear probability model in fixed effects form. We choose a linear probability model
over non-linear Probit or Logit models for two reasons. First, plot fixed effects cannot be easily included in nonlinear discrete-choice models in a flexible manner. Fixed plot effects cannot be included in a Probit model due to the
incidental parameters problem, and fixed effects Logit models do not allow for calculation of marginal
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effects since marginal effects are non-linear functions of the un-estimated fixed effects (see Wooldridge 2010, Ch.
15). In contrast, the fixed effect linear probability model is robust to any distributional assumption of the plot effect
– as the plot effect is entirely differenced out of the model. Second, while linear probability models have the obvious
weakness of not constraining probabilities between zero and one, many researchers have shown that they give
almost identical marginal effects at the mean of the data as do non-linear Probit or Logit models with similar
identifying assumptions (see Angrist and Pischke 2009, Ch. 3; Wooldridge 2010, Ch. 15). Since our primary interest
is in estimating marginal effects, we choose the more flexible fixed effects linear probability model for estimation.
10
11

The implied certification effects and the standard errors were computed using lincom in stata.
The results are available from the authors upon request.
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