
!

i

v!

!

!

Three!Essays!On!Protecting!Biodiversity!In!Developing!Countries!

by!

Daniela!Asenova!Miteva!

Department!of!Environment!

Duke!University!

!

Date:_______________________!

Approved:!

!

___________________________!

Subhrendu!Pattanayak,!Supervisor!

!

___________________________!

Randall!Kramer,!CoHsupervisor!

!

___________________________!

Martin!Smith!

!

___________________________!

Jeffrey!Vincent!

!

___________________________!

Dean!Urban!

!

Dissertation!submitted!in!partial!fulfillment!of!

the!requirements!for!the!degree!of!Doctor!

of!Philosophy!in!Environment!in!the!Graduate!School!

of!Duke!University!

!

2013!

!

!



!

i

v!

!

ABSTRACT!

Three!Essays!On!Protecting!Biodiversity!In!Developing!Countries!

!

by!

Daniela!Asenova!Miteva!

Department!of!Environment!

Duke!University!

!

Date:_______________________!

Approved:!

!

___________________________!

Subhrendu!Pattanayak,!Supervisor!

!

___________________________!

Randall!Kramer,!CoHsupervisor!

!

___________________________!

Martin!Smith!

!

___________________________!

Jeffrey!Vincent!

!

___________________________!

Dean!Urban!

!

An!abstract!of!a!dissertation!submitted!in!partial!

fulfillment!of!the!requirements!for!the!degree!

of!Doctor!of!Philosophy!in!the!Department!of!

Environment!in!the!Graduate!School!of!

Duke!University!

!

2013!

! !



!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

!

Copyright!by!

Daniela!Asenova!Miteva!

2013!

!



!

! iv!

Abstract 

Developing!countries!often!hoard!the!largest!number!of!species,!but!also!

experience!very!high!poverty!levels.!This!dissertation!reviews!the!evidence!of!the!

performance!common!conservation!interventions!and!finds!that!despite!the!billions!of!

dollars!channeled!towards!conservation!efforts!annually,!there!is!still!very!limited!

evidence!whether!or!not!conservation!policies!work.!The!evidence!has!been!limited!to!

exceptional!countries!like!Costa!Rica!and!Thailand!and!outlines!like!deforestation,!

without!considering!ecosystem!function!and!ecosystem!services.!Furthermore,!I!find!that!

the!conservation!impact!evaluation!literature!has!currently!not!outlined!the!channels!

through!which!conservation!policies!effect!change!and!how!the!effectiveness!varies!with!

the!baseline!characteristics!of!the!area.!!

Using!a!microHeconomic!framework,!this!dissertation!aims!to!address!some!of!the!

gaps!in!current!conservation!literature.!Focusing!on!Indonesia!between!2000!and!2006,!I!

evaluate!the!performance!of!protected!areas!in!terms!of!stalling!deforestation!as!well!as!

providing!a!wide!range!of!ecosystem!services!and!benefits!(Chapter!2).!In!Chapter!3!I!

examine!the!role!of!context!in!which!protected!areas!operate!and!show!significant!

heterogeneity!in!their!performance.!In!Chapter!4!I!develop!a!static!spatially!explicit!

model!of!household!fuelwood!extraction!that!allows!me!to!predict!the!location!and!

magnitude!of!spillovers!when!a!protected!area!is!introduced.!I!find!that!depending!on!



!

! v!

the!characteristics!of!the!areas,!it!may!be!optimal!for!households!to!buy!fuelwood!than!

collect!it.!!

!
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1. Introduction 

The focus of this dissertation is terrestrial biodiversity conservation in developing 

countries, which are often very important for biodiversity conservation, but also experience high 

poverty levels (Myers et al, 2000; Barrett et al, 2011). Where poverty incidence and biodiversity 

are highly spatially correlated, ill-designed conservation policy can lead to the collapse of the 

ecosystem and permeate poverty traps (Barrett et al, 2011). A lack of understanding of the link 

between humans and their environment can have catastrophic effects both in terms of 

conservation and social outcomes (Liu et al. 2007). Yet, surprisingly, the economic and 

ecological literature1 has underexplored the implications for conservation in coupled human-

natural systems (Barrett et al, 2011; Liu et al, 2007).  

The primary argument in this section is that the effectiveness of biodiversity 

conservation in developing countries is currently hampered by two factors: (1) competing 

definitions of biodiversity and (2) lack of evidence of what conservation policies work 

and where.   

1.1 Competing definitions of biodiversity in conservation 

Despite the years of work and billions of dollars spent to conserve biodiversity, the term 

“biodiversity” is still a nebulous concept empirically. For example, a common empirical 

definition focuses on the species richness and abundance (Polasky, Costello, & Solow, 2005). 

Because of the strong positive correlation between amount of habitat and species richness and 

diversity (Krebs, 2001; Fahrig, 2003), in cases when species data are not available, biodiversity is 

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
1 There are some notable exceptions of course (e.g. Robinson et al, 2008; Costello & Polasky, 2008; 
Sanchirico & Wilen, 2005; Carpenter and Brock, 2004; Smith & Wilen, 2003), but these are still limited in 
number and tend to focus on developed countries.  
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proxied by the amount of natural habitat (see Fahrig (2003) for a review).2 This definition is 

sensitive to the issues of scale both in determining the amount of habitat available (Fahrig, 2003) 

and in terms of the interactions of species across the micro-, meso- and macro- scales (e.g. Krebs, 

2001, Opdam & Wascher, 2004;). While disturbances at the micro- and the meso-scales can have 

localized impacts, it is changes in the landcover that can alter the flux of mass (e.g., dispersal) 

and energy through the whole ecosystem (Bockstael and Irwin 2000). For this reason a number of 

studies have advocated for the adoption of the amount of habitat at landscape scale as a proxy for 

biodiversity in the absence of fine resolution species data (e.g. Fahrig, 2003; Opdam & Wascher, 

2004) 

Biodiversity has also been proxied by the level of dissimilarity between the compositions 

of two (or more) communities of species (Krebs, 2001;Polasky et al., 2005; Weitzman, 1998).  

This definition places a large emphasis on the phylogenetic dissimilarities among species 

(Polasky et al., 2005). For example, according to this definition a conservation policy that saves a 

small number of species from different locations on a phylogenetic tree is preferred to a policy 

that saves more species, which are taxonomically similar. By focusing on the most genetically 

distinct species, conservationists will minimize the loss of genetic information (Weitzman, 1998). 

The definition adopted by the Food and Agriculture organization (FAO) places emphasis 

on the ecosystem services necessary for the food production and food security (Helm & Hepburn, 

2012). The criticisms of definitions based on ecosystem services are that (1) efforts have focused 

on cases in which biodiversity delivers an ecosystem good that has an easily determined 

economic value (Mace, Norris, & Fitter, 2012), and (2) sometimes the benefits to humans may be 

at odds with the benefits to the ecosystem (Mace, Norris, & Fitter, 2012). For example, using data 

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
2 However, the impacts of fragmentation on biodiversity are heterogeneous; the literature provides 
examples of both positive and negative impacts (Fahrig, 2003).!!
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on 68 developing countries, Venter et al (2009) demonstrate spatial trade-offs between carbon 

sequestration and forest vertebrate protection if payments for the United Nations Collaborative 

Program on Reducing Emissions from Deforestation and Forest Degradation in Developing 

Countries (REDD) are introduced. Yet, the authors establish that the relationship between carbon 

storage and biodiversity protection is highly non-linear. Similarly, Bullock et al (2011) show that 

restoration activities focusing exclusively on species richness may not have an impact on the 

provision of ecosystem services; similarly, a focus on a single ecosystem service may have a 

negligible or negative impact on species richness. This could be a concern for the implementation 

of a Payments Ecosystem Services (PES) program.  

Finally, the definition adopted by the Convention on Biological Diversity (CBD) seems 

to provide the most comprehensive definition reflecting the variability at the genetic, landscape 

and ecosystem levels acknowledging the links between ecosystem structure and function. 

Although such a definition implies that all species should be conserved, in reality there is limited 

funding for biodiversity conservation. Therefore, the challenges conservationists face are to 

choose and maximize the species conserved within a budget constraint. However, while this 

definition encompasses the complexity of ecosystems, it is not clear how it can be translated into 

practice. 

The quick review of the most common definitions of biodiversity suggests that there is no 

uniform definition that can be easily translated into practice. The ambiguity surrounding the term 

raises two practical questions for conservation policy: (1) what we are actually conserving vs. 

what we should be focusing on and, (2) how to allocate scarce conservation funding to 

conservation projects, in order to maximize the conservation impact. Thus, the latter question 

raises the concept of value and the need for economic valuation (see Atkinson et al, 2012 for a 

review of valuation methods employed in the economics literature).    
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1.2 Do conservation policies work? 

Depending on the goal, the conservation policies in developing countries can be broadly 

classified into: (1) targeting ecosystem services (e.g. payments for ecosystem services (PES), 

REDD, Integrated Conservation and Development Projects (ICDP), decentralization measures); 

(2) targeting the conservation of an ecological community or area (protected areas (PAs), as well 

as international legislation aiming to limit the illegal timber production like the FSC certification, 

etc); and (3) measures targeting specific species (Individual Transferrable Quotas, Red Lists, etc). 

Although these policies were designed with different goals in mind (e.g. the protection of a 

certain species vs. the provision of ecosystem services), the distinction may sometimes be blurred 

during implementation. For example, in order to ensure the provision of ecosystem services, PES 

schemes provide funding to farmers to preserve a land parcel in a forest. However, the targeted 

forest is of importance to the provision of an ecosystem service like water purification, but may 

not impact the number of species. Also, protected areas may be established to protect an 

ecosystem or a species, and they attempt to achieve this by imposing restrictions on the extractive 

activities within their boundaries. However, the restrictions on extraction activities depend on the 

goal: preserving entire ecosystems like national parks or allowing limited extraction like multi-

use PAs.  

 

Even though some of these policies were in place at the beginning of the 20th century (or 

earlier), there is still very scant evidence of their performance in developing countries. Miteva et 

al (2012) review the causal evidence for the environmental effectiveness of the most predominant 

conservation policies in the developing world: PES, decentralization measures, PAs, forest 

certification schemes and ICDPs. The articles highlights that (1) there are still very few studies 

and those focus on PAs, decentralization and PES; (2) the evidence predominantly comes from 
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Latin America or Thailand; (3) the outcomes considered are levels of deforestation proxied by 

geospatial data or the availability of non-timber forest products (NTPFs); (4) very little is known 

about their impact varies with the physiographic or socio-economic characteristics of an area and 

(5) we cannot quantify the impact on biodiversity except through the amount of forest habitat 

proxied by remote sensing data. Furthermore, because of the dependence on natural resources in 

developing countries, the article highlights the need for the environmental and socio-economic 

outcomes to be considered jointly. However, very few impact evaluations studies have done so 

(e.g. Ferraro et al, 2011; Ferraro & Hanauer, 2011).  

 

1.3 Addressing the goals of Conservation Evaluation 2.0 

The evidence of the performance of the conservation policies in developing world has 

been limited in terms of the number of studies using rigorous empirical methods and locations 

(Miteva et al, 2012). Recently, a program, Conservation Evaluation 2.0, has been proposed to 

address the current gaps: it calls for evidence from more biodiversity-relevant locations and on 

outcomes proxying for the ecosystem structure and function beyond the traditional geospatial 

metrics of deforestation. In addition, it emphasizes the need to understand the context and 

channels through which a conservation intervention effects change.  

 

Applying micro-economic tools, this dissertation aims to address some of the goals of 

Conservation 2.0 described in Miteva et al (2012). In Chapter 2, I examine the performance of 

Indonesia’s strict protected areas in protecting ecosystems and providing ecosystem services. By 

examining a very rich set of socio-economic and environmental outcomes, I find evidence that 

strict protected areas on average were effective at reducing deforestation between 2000 and 2006 
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and had small but positive impacts on human welfare. In Chapter 3, I examine the channels 

through which protected areas impact deforestation and human welfare in Indonesia. I find 

significant heterogeneity in the performance of protected areas based on (1) the type of 

protection, (2) the baseline village characteristics and (3) political context. In Chapter 4, I address 

spatial patterns of household fuelwood collection and provide a model that helps predict where 

spillovers from the introduction of a protected area are likely to occur under different market 

settings.   

 

! !
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2. The impact of strict protected areas on ecosystem 
services in Indonesia 

 

2.1 Introduction 

Indonesia is a biodiversity hotspot because of its enormous biotic diversity across 

landscapes that are under a significant threat from deforestation driven by domestic and 

international pressures for development (Myers et al, 2000; Giam et al, 2010; Normile, 

2010; Burke & Resosudarmo, 2012). The establishment of protected areas (PAs) is 

widely seen as a primary tool for halting habitat degradation and preserving ecosystems. 

PAs are intended to prevent land with natural (or semi-natural) vegetation from being 

converted to other uses (e.g., agriculture) and limit the extractive activities or human 

presence within their boundaries. Thus, in theory PAs preserve the structure and the 

function of the ecosystem and, hence, help protect species and the ecosystem services the 

system provides. However, PAs are also likely to affect human livelihoods by restricting 

extractive activities within their boundaries and by generating tourist revenue. However, 

we still have a poor understanding of the effectiveness of PAs at protecting ecosystems 

and of their impact on livelihoods (Ferraro and Pattanayak, 2006; Ferraro et al, 2012;  

Miteva, Pattanayak, & Ferraro, 2012).  

The impact of Indonesia’s protected areas on habitat structure and human welfare 

is the focus of this paper. Even though a large number of studies aim to quantify the 

impact of ecosystems on human welfare, very few have provided rigorous evidence on 

the effectiveness of conservation policies to provide ecosystem services (Ferraro et al, 
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2012). For the most part in this paper we adhere to the ecosystem services classification 

in Fisher & Turner (2008), which partitions the welfare gains from protection into 

ecosystem services (processes and functions with human beneficiaries) and ecosystem 

benefits (nature-derived products that benefits people).3 This classification motivates the 

proxies we use in this paper: deforestation and disturbance, which proxy for the 

ecosystem processes and functions, and ecosystem benefits like disease incidence, water 

purification and poverty reduction (for example, through increased revenues from 

tourism). As recognized by previous studies (e.g, Fisher &Turner, 2008; Boyd & 

Banzhaf, 2007), the distinction between ecosystem services and benefits is not always 

immediately clear; also a lot of the outcomes are likely to be interdependent (for 

example, lower disease incidence is likely to translate into lower poverty levels).  

By focusing on Indonesia, we add to the short but growing list of studies that 

employ rigorous statistical methods for evaluation, but we do so in a more globally 

representative setting of a large country facing a multitude of biodiversity threats 

(Hoffman et al, 2010; Edwards & Lawrance, 2011). In contrast to previous studies, we 

evaluate the performance of the conservation policy using a large number of 

environmental and socio-economic indicators that proxy for ecosystem services and 

benefits and biodiversity.  

 

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
3 The term “ecosystem services” implies the processes, function or benefits valuable to people. In contrast, as discussed 
in the introduction, the amount and quality of habitats also proxy for biodiversity, which is usually considered 
separately from ecosystem services, although certain aspects may overlap (for an interesting discussion see Mace et al 
(2012) on the differences between the two terms)!
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The rest of this paper is organized as follows: The next subsections review the 

causal evidence of the performance of protected areas in developing countries. Section II 

presents the data and methods we employ in this study. The results are presented in 

Section III. Section IV concludes.  

 

2.1.1 Are protected areas effective at preserving ecosystems? 

The literature providing the causal impacts of protection on environmental 

outcomes in developing countries is still very thin and comes from a few countries in 

Latin America or Thailand (Miteva et al, 2012).4 Although PAs may be established to 

protect certain species, the few rigorous empirical studies evaluating their performance 

tend to focus on their impact on habitat quantity, which is assumed to be a good proxy for 

their overall impact on ecosystems. The limited evidence in the literature suggests that 

PAs cause modest reductions in deforestation and, thus, may positively affect 

biodiversity and ecosystem services (Miteva et al, 2012). However, most previous studies 

using rigorous impact evaluation techniques to quantify the effect of protected areas are 

drawn from exceptional countries (e.g., Costa Rica and Thailand) that are not fully 

generally representative of the global challenges to deforestation and development 

(Miteva et al, 2012). Despite Indonesia’s importance for global biodiversity conservation 

and climate change mitigation efforts, to our knowledge only three studies have evaluated 

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
4For a comprehensive summary of the studies using rigorous empirical approaches to quantify the impact of protection 
on deforestation, see Miteva et al (2012).!All of the studies focus on deforestation and not forest degradation. To the 
best of our knowledge, only one study considers the causal impacts of protection on the fragmentation of forest patches 
(Sims, 2011); the rest apply inside-outside comparisons, without accounting for the potentially different characteristics 
of the two groups (see Albers & Bu (2009) for a detailed review on recent studies on forest fragmentation).!!
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the performance of its protected areas (Gaveau, 2009; 2012; Ferraro et al, 2013), and they 

focus on one part of this large country - Sumatra. Focusing pixel-level metrics of 

deforestation, most published studies find evidence that protection stalled deforestation. 

Two recent studies find evidence that protected areas may be effective at reducing forest 

fires, with the magnitude of the impacts dependent on the characteristics of the area 

(Nolte & Agrawal, 2013; Nelson & Chomitz, 2011). Only one article focuses on the 

impact of protection in allowing forests to regenerate (Andam et al, 2013 on Costa Rica).  

 

2.1.2 Do protected areas improve human welfare? 

Severely underexplored remains the link between protected areas and human 

welfare. Recently, Ferraro et al (2012) reviewed the small but growing economic 

valuation literature on how tropical forest conservation contributes to human welfare. 

They organize their findings around 6 focal groups: carbon sequestration, pollination, 

ecotourism, non-timber forest products, hydrological flows and human health. They show 

that the studies examining conservation policies like PAs that can generate ecological 

benefits (e.g. reduced deforestation) are largely unconnected to other studies valuing 

concomitant changes in human welfare.  For the rest of the paper we follow the 

classification 
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2.1.2.1!Poverty!reduction!

Constrained by the availability of large-scale data, most rigorous impact 

evaluation studies have focused on the PA impact on poverty.5 A few studies have 

documented poverty alleviation effects associated with the establishment of protected 

areas in Thailand and Costa Rica (Sims, 2010; Robalino & Vilanobos-Fiatt, 2010; Andam 

et al, 2010). For example, using census sub-districts in Thailand, Sims (2010) finds that 

poverty head count ratio decreased by 10.3% and the average household consumption 

increased by 4.5% between 1967 and 2000 for the protected compared to the unprotected 

localities.6 By examining population density, she is able to rule out-migration as a driver 

and ascribe the impact to protected areas.7 The positive impact on poverty has often been 

attributed to tourism: the preserved natural environment due to the establishment of 

protected areas attracts tourists, which results in improved income of the local population. 

For example, in a study of the effect of national parks on wages, Robalino and 

Vilanobos-Fiatt (2010) find that the wage rates increased between 2000 and 2007 for the 

population providing tourist services and living close to the park entrances. In contrast, 

they find no impact for the population living far away from national parks or for the 

agricultural workers, regardless of their location with respect to the park entrances.  

 

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
5 As of October 2012, there are less than 15 such studies.  
6 These are OLS estimates and are likely to underestimate the impact of protected areas. Using the same datasets for 
Thailand and matching methods instead of OLS/IV techniques, Andam et al, 2010 also find that protected areas 
decreased poverty in Costa Rica and Thailand.   
7 More specifically, migration could be an alternative explanation if the same number of wealthier households moved 
into a locale as the poorer households who moved out. Her data do not seem to support this mechanism.  
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2.1.2.2!Ecosystem!benefits!

Few studies using household data collected from a small area examine the impact 

of protection on outcomes like fuelwood collection and fish/shrimp harvesting (McNally 

et al, 2011 focusing on communities around Saadani National Park in Tanzania), safer 

drinking water and household assets like livestock possession and the frequency of 

emergency land sales and land abandonment (Naughton-Treves et al, 2011 using data 

from 254 households around Kibale National Park in Uganda). Despite the handful of 

studies, impact evaluation studies focusing on social outcomes are still rare. Furthermore, 

no prior study has assessed the performance of conservation measures at preserving the 

provision of ecosystem services at a scale larger than a few study sites. The primary 

reason for this has been the lack of large-scale data (Naidoo et al, 2008).  

2.1.2.2!Environmental!disease!incidence!

An emerging field has highlighted the causal link between habitat structure and 

high burden diseases like malaria, diarrhea and acute respiratory infections (ARIs) in 

tropical countries (e.g. Patz et al, 2004; Pattanayak et al, 2006; Smith et al, 1999). The 

causal pathways focuses on disturbance, increasing fragmentation and increasing edge 

effects, which tend to disrupt the ecosystem functions like water filtration and 

purification and change the biophysical factors limiting the distribution of disease carriers 

(e.g. mosquitoes, sand flies which carry leishmaniasis etc) (Patz et al, 2004; Eisenberg et 

al, 2007).  For example, two studies focusing on Indonesia find statistically significant 

negative correlations between malaria incidence and the area of primary forest 

(Pattanayak et al, 2006). Similarly, Desjeux (2001) find that logging and road 
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construction in Latin America have increased the incidence of cutaneous and visceral 

leishmaniasis (Patz et al, 2004). Focusing on Ruteng Park in Indonesia, Pattanayak & 

Wendland (2007) find that protected areas provide increased baseflow, which is 

negatively correlated with diarrhea incidence at the household level. In other words, this 

strain of literature suggests that if protected areas are effective at preserving the habitat 

structure, they should decrease the environmental disease burden. We summarize the 

conceptual relationship between protected areas, habitat structure and human welfare in 

Fig. 1. To the best of our knowledge, no prior study has assessed the impact of protected 

areas on environmental disease incidence at a country-level.  
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Figure 1: Conceptual framework of the impact of protected areas on habitat structure and 
human well-being. Following Fisher & Turner (2008), we consider final ecosystem services 
like the maintenance of hydrological flows and ecosystem benefits like Non-Timber Forest 

Products (NTFP). The chart follows recent advances in the literature outlining the links 
between environmental and socio-economic factors and disease incidence (Eisenberg et al, 
2007; Pattanayak & Wendland, 2007; Ferraro et al, 2012). Owing to the lack of data at the 
village-level, we cannot consider important direct impacts like recycling of nutrients and 
water purification in the empirical analysis. The arrows imply interactions between the 

different outcomes. 

!

In summary, even though protected areas have long been a dominant conservation 

tool in developing countries, still very little is known about their performance in terms of 

environmental or human welfare outcomes (Miteva et al, 2012; Ferraro et al, 2012).  In 

this paper, we respond to recent calls in the conservation literature to evaluate the 
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performance of a conservation intervention like a protected area in protecting ecosystems 

and providing ecosystem benefits (Miteva et al, 2012). To this end, we compile a wide 

range of socio-economic and environmental indicators. Following a recent trend in this 

field (Andam et al, 2008; Pfaff et al, 2009; Andam et al, 2010; Ferraro et al, 2011; Weber 

et al., 2011; Arriagada et al, 2012), we apply the new generation matching methods from 

the impact evaluation literature (Imbens and Wooldridge, 2009) to assess the 

performance of protected areas on providing ecosystem benefits: providing ecosystem 

structure by stalling deforestation and preventing forest fires, and improving the well-

being of local people (reducing poverty and improving health). Using a large spatially-

explicit panel dataset comprising of Indonesia’s villages between 2000 and 2006, we find 

that protected areas decreased deforestation, reduced the dependence on fuelwood, but 

did not have a statistically significant impact on the disease incidence, forest fires or 

water pollution. The strict protected areas did not generate local spillovers.  

 

2.2 Data and Methods 

2.2.1 Study area 

 We use a two-period panel dataset spanning all of Indonesia between 2000 and 

2006. Located in Southeast Asia, Indonesia is one of the most species-rich countries in 

the world hosting 10% of the world’s flowering plants, 12% of the mammals, 17% of the 

reptiles, amphibians and birds (IUCN 2010). However, Indonesia is also one of the 

countries experiencing significant deforestation and the loss of habitats and species 

because of domestic and international pressures for development (Schipper et al, 2008; 
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Edwards & Laurance, 2011; Parikesit, Okubo, Husodo, Takeuchi, & Muhamad, 2012). A 

biodiversity hotspot, Indonesia is one of the countries with the highest number of 

threatened terrestrial and marine vertebrates, with trends exacerbating over time 

(Hoffman et al, 2010).  

 In addition to being a biodiversity hotspot, Indonesia could play a significant role 

in global carbon emission reductions because of the large areas covered in tropical 

rainforests, peat and mangrove forests. Nearly 11% of Indonesia (20 million ha) is 

covered in peatland (Page et al, 2002). It has been estimated that the destruction of 

0.73Mha due to forest fires in 1997 in Central Kalimantan released 0.19-0.23 gigatons of 

carbon stored in the peat soil into the atmosphere; the burning of the above ground 

vegetation contributed 0.5gitagons of carbon (Page et al, 2002). Scaled to all of 

Indonesia, the forest fires in 1997 released 0.81-2.54 gigatons of carbon into the 

atmosphere (Page et al, 2002). Furthermore, Indonesia also has the largest absolute area 

covered by mangroves (about 22% of world’s mangroves) and is one of the most diverse 

in terms of mangrove species (FAO 2007; Giri et al, 2010; Polidoro et al, 2010). In recent 

years there has been significant attention given to the role of mangroves as an important 

sink for atmospheric CO2 (Duke et al, 2007; Murray et al, 2011). The literature has 

suggested that the clearing of 1 typical hectare of mangroves could contribute to three to 

five times more emissions than a typical hectare of tropical forest with non-peat soils 

(Murray et al, 2011). Because of caused by the felling and burning of carbon-rich 

rainforests and peat lands, Indonesia has been reported as the world’s third largest emitter 

of greenhouse gases, (Edwards & Laurance, 2011). 
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 Indonesia is a very important country in terms of biodiversity conservation and 

climate change mitigation, but is also experiencing significant rural poverty rates8 and 

environmental disease burden (Tabor & Sawit, 2001; Suryahadi et al, 2008). Using multi-

period national household survey data spanning 1984-2002, Suryahadi and co-authors 

(2008) find that while growth in the rural agriculture sector can significantly reduce rural 

poverty, policies that enable growth in the services sectors could expedite poverty 

mitigation in Indonesia. Therefore, given the hypothesized role of PAs for restricting 

agricultural expansion and promoting tourism, an important empirical question is whether 

the conservation intervention can be effective at poverty alleviation and, if so, under what 

conditions.  

 

2.2.2 Data 

2.2.2.1!Unit!of!analysis!

We use a village (desa) as our unit of analysis.9 Of the nearly 70,000 villages in 

Indonesia we retained only the ones that we were able to match across the years for 

which we have data.10 We also excluded Aceh province because of the political 

instability and the damage from the tsunami in 2004. The final sample contains 53,296 

villages.  

 

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
8 The 2002 poverty rates were 35.8% and 18.2% for the rural and urban population, respectively, with the largest share 
of poor people in the agriculture sector (Suryahadi et al, 2008).  
9 We anchored the desa to their 2003 boundaries 
10 We excluded villages that fall within protected areas with missing protection category as defined by the IUCN and 
year of establishment. We also dropped villages spanned by protected areas established after 2000.  
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2.2.2.2!Treatment!

 This paper aims to estimate the causal impact of conservation PAs. Consistent 

with previous studies (e.g. see Imbens & Wooldridge (2009) for a general review), we 

employ a binary treatment indicator, equal to 1 if at least 30% of a village area falls under 

a PA and 0 otherwise.11 We obtain the geospatial boundaries of Indonesia’s PAs from the 

World Database on Protected Areas (available here: 

http://www.protectedplanet.net/countries/101). The datasets provide the geospatial 

boundaries of all PAs in Indonesia prior to 2008 as well as information on their 

protection and management category (IUCN categories I-VI) (IUCN 2012: 

http://www.iucn.org/about/work/programmes/gpap_home/gpap_quality/gpap_pacategorie

s/), designation type (designated vs. proposed) and year of establishment. We refined the 

data by focusing on only designated and formally designated terrestrial PAs; in cases 

where either the year of establishment or the IUCN protection category was missing, we 

conducted manual searches to obtain them and dropped the PAs and corresponding 

villages, for which we could not provide this information.  

 We focus on conservation PAs (IUCN categories I-IV, also referred to as “Strict 

Protected Areas” or SPA). Because protected areas created for recreation or the 

“sustainable” use of resources may not be relevant for deforestation,12 we exclude IUCN 

categories V (“Protected landscape/seascape”) and VI (“Protected areas with sustainable 

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
11 We perform robustness checks varying the cutoff value. The results are very consistent.  
12 For example, IUCN category VI permits the non-industrial use of natural systems; category V encompasses areas 
shaped by the prolonged interactions of humans and nature. 
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use of natural resources”).13 In cases where there was overlap between the boundaries of 

SPA and multi-use PAs, so that villages fell under both categories, we dropped the 

observations from the sample.  

 The majority of the strict protected areas in Indonesia were established prior to 

1980; the strictest IUCN category Ia, is the most common. Table 1 provides summary 

statistics for the SPA.  

 The control units in the analysis comprise of all unprotected villages14, which are 

not immediately adjacent to protected ones. We also check for the possibility of 

spillovers from the protection, using the unprotected villages adjacent to the protected 

ones as a treatment and the same pool of control observations.  

2.2.2.3!Covariates!

 For the analysis we employ a large number of biophysical and socio-economic 

characteristics of the villages in our sample: location (average distance to ports by type, 

proximity to big cities, province and district capitals, mills and markets; slope, elevation, 

river length, in urban vs. rural areas), climatic variables (average temperature and 

precipitation, aridity index, organic content and pH levels of the soils); forest levels, 

population density, average village accessibility, forest dependence, area under 

cultivation, and the main source of income. We use the 2000 values of the socio-

economic variables as the baseline for our analysis. Recognizing that these are not true 

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
13 This is consistent with the classification employed by Nelson & Chomitz, 2011, who use IUCN categories I-IV as 
they were designed specifically for nature conservation.  
14 Villages under PAs established after 2000 or such with missing information about the category of protection or year 
of establishment were excluded from the control group.  
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pre-treatment values of the covariates, we discuss the implications of using potentially 

endogenous covariates for the impact estimates in the Results section.  

2.2.2.4!Outcomes!

 In the current analysis we consider the following set of outcomes: (1) habitat 

disturbance (deforestation and the incidence of forest fires), (2) poverty, fuelwood 

dependence, source of drinking water (3) incidence of water pollution, (4) incidence of 

malaria, diarrhea and ARIs (Table 1). Maps of the spatial distributions of the outcomes 

are presented in Appendix G. Below we provide more details on data sources and 

processing.  

 

! !
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Table 1: List of the outcome variables and their standardizations. 
 

Variable name Definition Source 
Deforestation 2000-2006 The difference between the percent tree cover 

in 2000 and 2006. Negative values suggest 
increase in deforestation. This metric allows 
for forest regeneration.  

MODIS VCF 

Deforestation rate 2000-2006 The difference between the percent tree cover 
in 2000 and 2006 divided by the baseline 
forest cover. Negative values suggest increase 
in deforestation. 

MODIS VCF 

Poverty 2000-2006 The difference between the poverty rate in 
2000 and 2006. A negative value indicates 
increase in poverty in 2006. The poverty rate 
is defined as the # poor households as a faction 
of the total 

PODES  

#poverty certificates issued 
in 2006 

Issued to poor households PODES 

Water pollution in 2006 1 if any pollution (by factories or households) PODES 
Drinking water from lake in 
2006 

1 if main source of water comes from a river 
or lake 

PODES 

Biomass fires 2003-2006 1 if at least one occurrence of fires in forests 
or agricultural fields in a village.  

PODES  

Fires 2003-2006 1 if at least one occurrence of fires in a village PODES 
Cumulative #fires (2000-
2006) per unit area  

# fires within a village. The metric does not 
account for temperature/precipitation 
fluctuations like El Nino/La Nina. It does not 
distinguish between forest fires and fires in 
urban areas.  

MODIS Active 
Fires Detector 

Change in fuelwood 
dependence 2000-2006 

Negative values indicate decreasing 
dependence on fuelwood, whereas positive-
increasing dependence. A value of 0 indicates 
no change.  

PODES 

Malaria incidence in 2006 1 if malaria present in the village in 2006 PODES 
ARI incidence in 2006 1 if ARI present in the village in 2006 PODES 
Diarrhea incidence in 2006 1 if diarrhea present in the village in 2006.  PODES 

 

2.2.2.4.1%Deforestation%between%2000%and%2006%
 Similar to the fire incidence data, we calculated the change in the tree cover using 

the MODIS Vegetation Continuous Fields for 2000 and 2006 (DiMiceli, C.M., M.L. 
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Carroll, R.A. Sohlberg, C. Huang, M.C. Hansen, and J.R.G. Townshend (2011), Annual 

Global Automated MODIS Vegetation Continuous Fields (MOD44B) at 250 m Spatial 

Resolution for Data Years Beginning Day 65, 2000 - 2010, Collection 5, Percent Tree 

Cover, University of Maryland, College Park, MD, USA). These datasets provide 

estimates of the percent tree cover within each cell (range 0-100).15 We calculated the 

percent tree cover within a village and dropped the villages with no forests at the 

baseline.   

 

2.2.2.4.2%Cumulative%Forest%Fire%incidence%between%2000%and%2006%
 Disturbed forests are more likely to burn as changes in the canopy cover often 

alter the moisture content and humidity levels (Holdsworth & Uhl, 1997; Siegert et al, 

2001). Previous studies have also highlighted the anthropogenic source of some of the 

fires in Indonesia: fires are used to clear land for agriculture or plantations or ascertain 

property rights over land (Applegate et al, 2001; Nelson & Chomitz, 2011). However, the 

fire occurrence in agricultural fields or forests changes the biophysical characteristics of a 

site, by introducing particulates in the air and reducing the amount of food and nesting 

resources for species, for example. For this reason, we treat the incidence of forest fires 

as another proxy of habitat disturbance, which may be related to deforestation. We use 

data on the fire incidence from PODES, which is a tri-annual village census carried out 

by the Indonesian government. The data distinguish between fires associated with 

burning vegetation (e.g. forest fires) (Pembakaran hutan/ladang/sawah) and those 
!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!

15 While the dataset aims to exclude crop areas and plantations, some agricultural areas and mountain shadows may still 
erroneously be classified as forests.  
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occurring in urban areas (Kebakaran)). We perform robustness checks by using 

geospatial data on fire incidence and frequency using the MODIS Active Fires 

Detector.16 

 

2.2.2.4.3%Poverty%level%changes%between%2000%and%2006%
 Our main poverty outcome variable is defined as difference between the poverty 

in 2000 and poverty in 2006. The poverty variables come from the PODES census data 

collected every three years by the Indonesian Bureau of Statistics. It measures the number 

of households within a village that fall behind the national poverty line17 established by 

the National Family Planning Agency (BKKBN) on the basis of approximately 20 

household welfare indicators (ODI 2006; Tabor & Sawit, 2001). While we recognize our 

poverty dependent variable may not reflect actual household consumption, it provides 

comparable values for household assets for the whole country of Indonesia across years. 

As a robustness check, we also present the results for the number of poverty certificates 

issued by local officials within 2005. This variable reflects local (i.e. non-national) 

criteria to document poverty (Mulya, 2012).  Previous studies evaluating the welfare 

impacts of conservation interventions have used consumption (Bandyopadhyay & 

Tembo, 2010), changes in the wage rates (Robalino & Vilanobos-Fiatt, 2010), income 
!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!

16 NASA FIRMS, 2012. MODIS Active Fire Detections. Data set. Available on-line http://earthdata.nasa.gov/firms. 
While we location of location and intensity of each fire, in the geospatial dataset we currently we do not distinguish 
whether the fire occurred in a forest vs. elsewhere. The reason is the continuous range of forest for each cell. 
Discretizing the continuous forest level data into forests and non-forests and classifying fires occurring on foresting 
will be included in subsequent versions of this paper.  
17 These are the prasejahtera and sejahtera I households, targeted by the national rice distribution program from 1997 
(ODI: http://www.odi.org.uk/resources/download/1071.pdf). Previous studies flag some issues with the way the 
standards were established (national rather than local, giving too much weight to some indicators (e.g., good house), 
but not considering the very few possessions by the households (Olken, 2001: 
http://www.smeru.or.id/report/workpaper/sharewealth/sharewealth.pdf) 
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and wealth (Weber et al, 2011) or poverty metrics based on combination of census and 

household data (Sims, 2010).  

2.2.2.4.4%Fuelwood%collection%
 This variable also comes from PODES and measures the incidence of the villages 

for which fuelwood is the primary source of fuel. We use both the change in fuelwood 

dependence between 2000 and 2006 as the 2006 fuelwood dependence as outcome 

variables.  

2.2.2.4.5%Water%pollution%%
Obtained through the PODES surveys, the variable contains information about the 

incidence of water pollution, regardless of the source of pollution (industrial vs. 

household).  

2.2.2.4.6%Environmental%Disease%Incidence%
These variables measure the incidence of the three diseases at the village level (the 

presence/absence of a disease as recorded in the PODES data). They do not reflect 

morbidity or mortality levels.  

2.2.3 Methods 

2.2.3.1!Matching!

 Despite the large number of studies that focus on the effectiveness of protected 

areas, still very few of them use statistical approaches to account for the non-random 

placement of protected areas.  Using either a geospatial pixel18 or a census boundary as 

their unit of analysis, the studies that do employ rigorous empirical approaches examine 
!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!

18 This is the cell in a Geographic Information Systems (GIS) landcover file.  
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the impact of different IUCN categories of protected areas on poverty (wages) and/or 

deforestation.19 In these studies matching methods seem to be the most common 

approach; a very small number of studies employ an instrumental variable technique (e.g. 

Sims (2010)), with most evaluations focused on particular geographic areas (Latin 

America or Thailand) (see Miteva et al, 2012 for a summary of the quasi-experimental 

methods of causal inference).  

 We define treatment as the villages that have at least 30% of the area falling 

within a strict protected area.20 The control group comprises of all villages that are 

outside the boundaries of protected areas and not immediately adjacent to the protected 

villages. Our goal is to obtain the causal impact of protected areas on the socio-economic 

and environmental outcomes of interest. In contrast to randomized studies where the 

treatment is randomly determined, the villages in our sample are not randomly assigned 

to the treatment group and the control group. Econometrically, the non-random 

placement of conservation interventions is tantamount to a correlation between the policy 

variable (the treatment) and the error term, with the direction and the magnitude of the 

bias depending on the sign of the correlation between them (Greenstone & Gayer, 2008). 

For this reason, the outcomes in the two groups may differ for reasons other than the 

program. This implies that not controlling for the non-random placement of protected 

areas is likely to yield biased results (Caliendo & Kopeinig, 2008; Ravallion, 2009; 

Heckman et al, 1997; Todd, 2009; Greenstone & Gayer, 2008). For example, previous 

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
19 To our knowledge only few of studies have examined the impact of PAs on other outcomes like the degree of forest 
fragmentation (Sims 2011) or the incidence of forest fires as a proxy for land use change (Nelson & Chomitz, 2011; 
Nolte & Agrawal, 2013).  
20 Please see Appendix C for robustness checks with regards the treatment definition 
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studies have suggested that protected areas tend to get established in poor locations that 

are far away from cities and unsuitable for agriculture or urbanization (Ferarro & 

Pattanayak, 2006; Joppa, Loarie et al. 2008; Pfaff 2009; Joppa & Pfaff, 2009; Joppa & 

Pfaff, 2010). The selective placement of protected areas implies that if poverty in village i 

is the outcome of interest, then the estimates from a simple OLS model are likely to be 

positively biased because protected areas tend to be established in much poorer areas. 

Thus, the endogenous placement of protected areas creates challenges for the 

identification of the impact of the conservation intervention.  

 Because of the non-experimental nature of our data, we apply propensity score 

matching (PSM) to isolate a causal effect of a policy intervention (protected areas) on the 

ecological and socio-economic outcomes in Indonesia. In this way, we quantify the 

impact of the conservation intervention by comparing protected villages with 

observationally similar unprotected ones (Andam, Ferraro et al. 2008; Andam, Ferraro et 

al. 2010; Ravallion 2008; Todd 2008; Caliendo & Kopeinig, 2008). In other words, the 

matching methods allow us to answer the question of what the outcome (e.g., 

deforestation) would be for particular locations if the protected areas had not been 

established.  

 Identification of the impact of protected areas using the PSM technique is based 

on two key assumptions: that the outcomes from the “control” (the unprotected 

subdistricts) and “treatment” (the protected subdistricts) groups are based only on their 

observable characteristics and that the observed characteristics in the two groups have a 

common support (Abadie and Imbens 2006; Imbens and Wooldridge 2009). The main 
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advantages of the PSM approach are that (1) it does not rely on a specific functional form 

for the equation for the outcome and therefore is not susceptible to bias arising from 

functional form misspecification; (2) compared to other forms of matching, PSM reduces 

the dimensionality of the problem as the different covariates are captured by a single 

scalar value (Todd 2008). Reducing the dimensionality of the matching has been shown 

to be valid and more appropriate under certain conditions: previous studies have shown 

that when the number of covariates and the sample size are large, PSM may dominate 

covariate matching (Zhao, 2004; Angrist & Hahn, 2004).21 The reason is that with finite 

samples increasing the number of covariates leads to many empty cells, which makes it 

difficult to find a good match on all covariates. Using panel-data type asymptotic 

sequence with fixed cell sizes and increasing the number of cells, Angrist and Hahn 

(2004) show that PSM dominates covariate matching when the cell sizes are small, when 

the explanatory power of the covariates is small and/or when the probability of treatment 

is close to 0/1. Zhao (2004) finds that when the correlations between the covariates and 

the treatment indicator are high and the sample size is relatively large, PSM is a good 

choice.  

 The PSM method is implemented in two stages. First, the probability of a binary 

“treatment” is estimated as a logit or probit function of the observed unit characteristics. 

Treatment in our case is defined as being partially or fully within a protected area. In 

other words, a village is considered protected if at least 30% of its territory falls within a 

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
21 Covariate matching commonly uses a Mahalanobis distance metric of the form (Xi-Xj)diag(D-1) (Xi-Xj), where X is a 
matrix of the covariates and D-1 is the inverse of the variance covariance matrix (Abadie et al, 2004; Zhao 2004).  
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protected area with an IUCN category I-IV. The propensity score is the predicted 

probability of a unit being treated as a function of the unit’s baseline characteristics.  

 This first stage of the PSM estimation necessitates a sufficient number of 

covariates, in order to meet the identification assumptions (Todd 2008; Imbens and 

Wooldridge 2009). Yet, the set of covariates that meets the identification assumptions is 

not necessarily the most inclusive one as using too many covariates may violate the 

common support assumption (Todd 2008). The covariates included in the first stage 

should be unaffected by the treatment (e.g. protection) and should influence both the 

treatment and the outcome (Caliendo & Kopeinig, 2008; Ravallion, 2009). In the current 

analysis we use the baseline covariates justified on theoretical grounds to be predictors of 

where protected areas are placed (e.g. variables that relate to the agricultural suitability of 

the area, proxies for local governance, the proximity to cities and ports etc at the 

baseline).22 The first stage allows us to test the hypothesis of the non-random placement 

of protection and to identify the important covariates determining PA placement. 

 The second stage of the PSM uses the predicted probabilities of treatment to 

match protected units with unprotected units with very close predicted probabilities 

(Caliendo & Kopeinig, 2008). In our analysis matching is done with replacement 

(Ravallion, 2008).23 This stage does not rely on any functional form assumptions 

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
22 See Caliendo & Kopeinig (2008) for other specification guidelines.  
23 The sample size and the number of observations in each subgroup is an important consideration when deciding 
whether to match with or without replacement. Matching with replacement allows for more observations to be matched 
and is especially advantageous when the sample size or the number of control/treated observations is small (Zhao, 
2004). Yet, for large samples matching with replacement may not be optimal: Zhao (2004) shows that only 10-13% of 
the comparison sample observations are used to match with the treated sample, when matching with replacement is 
used; in contrast, matching without replacement employed about 25% of the sample. Using only a fraction of the data 
poses external validity concerns (Zhao, 2004; Ravallion, 2008). 
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(Ravallion 2008). It also allows for outlier observations in the treatment or control 

groups24 to be excluded from the sample (Ravallion2008).  

 The matching procedure allows us to construct the value of the outcome for the 

control group observation i,  , as if it had been treated (Abadie & Imbens, 2006). 

The matching estimator for the average treatment effect on the treated (ATT), τt
M is thus 

given by  

 

 

where N1 is the number of observations in the treatment group, Wi indicates the treatment 

status for observation i, and KM(i)/M is a weight reflecting the number of times a control 

observation has been used to match the treatment observations. In other words, the 

average treated effect on the treated (ATT), which is the causal effect of the protected 

areas on the outcomes of interest, is the average difference between the observed 

treatment outcomes and the imputed control outcomes (Abadie & Imbens, 2006; 

Wooldridge & Imbens, 2009).  

 

2.2.3.2!BiasBadjustments!

 Even though the PSM balances the covariate distributions between the treatment 

and control samples, some bias may still remain due to discrepancies in the covariates in 

the two subsamples. For this reason, post-matching we apply the bias adjustments 

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
24 These are the observations off the common support.  
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employing regression methods (Imbens & Wooldridge, 2009).25 The technique replaces 

the original values for the matched controls with bias-adjusted ones. In other words,  

 

 

 

where Ti is the treatment indicator (Ti =1 if i is treated), j pertains to the id of the control 

observation matched to i, X1 and X0 stand for the subsets of the vector of covariates, X, 

for the treated and control groups, respectively, and stands for the vector of 

estimated coefficients from the regression on the control group only. While not being 

fully efficient, the bias corrected matching estimator is root-N consistent regardless of the 

number of covariates (Abadie & Imbens, 2011).  

 

2.2.3.3!Variance!correction!

 We estimate the variance as , where (Imbens 

& Wooldridge, 2009). This variance formula allows us to adjust for heteroskedasticity 

within each treatment arm and construct valid confidence intervals to compare impact 

estimates within subgroups. This variance estimator has been formally justified for 
!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!

25 In particular, we run a regression using the covariates from the PSM on the control sample only, obtain the predicted 

value ( )( 00

^
xµ ) and use the coefficients from that regression with the values of the covariates for the treated 

observations on the support to obtain the predicted value for the treated sample     ( )( 10

^
xµ ). The estimator is robust 

against misspecifications in the regression function (Abadie & Imbens, 2011). Note that despite the dependent variable 
being bounded by the unit interval, the predicted values from the linear regression adjustments were within the 
permissible range.  
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matching on the covariates and not on the estimated propensity score (Abadie & Imbens, 

2011). In the PSM model we implement it by ignoring the estimation error in the 

propensity score (Abadie & Imbens, 2011).  

 

2.2.3.4!Sensitivity!analysis!

 Protected areas are not randomly placed. For this reason, protected and 

unprotected villages may have different outcomes for reasons other than the presence of 

protected areas. Like other matching methods, the validity of the PSM estimates is based 

on the assumption that all factors affecting jointly the placement of the program and the 

outcomes have been controlled for in the analytical model or than the remaining 

unobserved characteristics are a negligible source of bias.26 Because of the observational 

nature of the data, there remain concerns that an important variable has been omitted. 

Because CIA is untestable, we perform sensitivity analysis by using the Rosenbaum’s 

bounds method (Rosenbaum, 2002; Andam et al, 2008; DiPrete & Gangl, 2004; Caliendo 

& Kopeinig, 2008). Taking into account the sampling variability, this approach allows us 

to assess what the magnitude of the unmeasured covariate (captured by Г) would be to 

alter the conclusions of the analysis (Rosenbaum, 2002). Small values of Г suggest 

results more sensitive to the presence of hidden bias, but not that such unobserved 

covariates necessarily exist (Andam et al, 2010).  

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
26 This is the conditional independence assumption (CIA) 
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 In order to assess the sensitivity of the results to the treatment definition, we vary 

the cutoff of protection. The results for the sample when treatment is defined between 10-

50% are presented in Appendix D.  

 Finally, we compare the results obtained by combining Mahalanobis nearest 

neighbor matching with PSM. The advantages of this approach is additional robustness: 

the PSM is particularly good at minimizing the differences in the predicted probabilities 

of protection and identifying observations that are notably different, whereas the 

Mahalanobis distance matching minimizes the differences between the covariate 

distributions (Sekhon, 2011).  

 

2.3 Results 

The definitions and standardizations of the outcome variables are presented in 

Table 1. Consistent with previous studies, which have highlighted location for 

deforestation (e.g. Andam et al, 2008; Pfaff et al, 2009), we use covariates that proxy for 

the proximity to markets (distance to major city, ports and province capitals as well as 

whether or not a seaport is present in a village), biophysical characteristics like slope, 

elevation and the length of the river network within a village, population density, forest 

levels and the type of property rights. The descriptive statistics for the covariate and 

outcomes are presented there in Tables 2 and 3. The normalized difference values suggest 

that the distributions of many of covariates differ in the two treatment arms.  
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Table 2: Descriptive statistics for the covariates used in the analysis. The 
normalized difference column summarizes the difference in the distributions of the 
covariates for the two groups. As a rule of thumb, absolute values greater than 0.25 

justify the use of matching methods that balance the distributions between the 
treatment and control groups.  
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Table&2:&Descriptive statistics for the covariates used in the analysis. The 
normalized difference column summarizes the difference in the distributions of the 
covariates for the two groups. As a rule of thumb, absolute values greater than 0.25 

justify the use of matching methods that balance the distributions between the 
treatment and control groups.&

 

Table 2. Descriptive statistics for the covariates used in the analysis. The normalized difference column summarizes the difference in the 
distributions of the covariates for the two groups. As a rule of thumb, absolute values greater than 0.25 justify the use of matching 
methods that balance the distributions between the treatment and control groups.  

Covariate)

Control) Treatment)

norm)diff)N) mean) sd) N) mean) sd)

Population)density)in)2000)(sq)root)
transform)) 41289) 4.90) 2.12) 1398) 3.19) 1.82) A0.61)

Average)forest)cover)in)2000,)sq)root)
transform) 41296) 5.21) 1.72) 1398) 6.74) 1.60) 0.65)

Length)of)the)river)network,)sq)root)
transform) 41296) 25.32) 40.50) 1398) 46.58) 65.63) 0.28)

Average)elevation) 41296) 216.76) 319.89) 1398) 716.51) 757.80) 0.61)

Average)slope,)in)degrees,)sq)root)
transform) 41296) 1.81) 1.04) 1398) 3.14) 1.13) 0.87)

Distance)to)province)capital,)sq)root)
transform) 41296) 306.71) 126.54) 1398) 405.04) 153.27) 0.49)

1)if)seaport)present)in)2000) 41293) 0.03) 0.16) 1398) 0.05) 0.21) 0.07)

Fraction)village)land)under)adat)in)2000,)
sq)root)transform) 40189) 0.10) 0.14) 1271) 0.02) 0.06) A0.53)

Distance)to)city) 41296) 18364.30) 22230.70) 1398) 27309.23) 23205.99) 0.28)

Distance)to)ports*depth)at)port,)sq)root)
transform) 40386) 0.40) 0.19) 1376) 0.54) 0.25) 0.45)

1)if)village)in)Kalimantan) 41296) 0.09) 0.29) 1398) 0.07) 0.25) A0.07)

1)if)village)in)Papua) 41296) 0.01) 0.11) 1398) 0.13) 0.34) 0.34)

1)if)village)in)Sumatra) 41296) 0.21) 0.40) 1398) 0.32) 0.47) 0.19)
)
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Table!3:!Descriptive statistics for the outcome variables.!

 

 

The results from the first stage of the PSM appear in Table 4. Consistent with 

previous studies, strict protected areas are located in areas away from major cities and big 

ports, on higher slope and elevation, longer river network and with less population 

density. The results are very consistent regardless of how the treatment is defined.  
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Table&3:&Descriptive statistics for the outcome variables.&
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Table 3. Descriptive statistics for the outcome variables.  

Outcome(
Control( Treatment(

Mean( SD( Mean( SD(
Average'forest'cover'in'2006' 30.22' 19.92' 52.19' 20.97'
Deforestation'200092006' 0.89' 8.66' 91.99' 10.74'
Deforestation'rate'200092006' 90.02' 0.34' 90.13' 0.73'
Poverty'rate'2006' 0.40' 0.32' 0.53' 0.32'
Poverty'difference'200092006' 0.11' 0.36' 0.03' 0.34'
Fuelwood'dependence'change'
200092006' 0.15' 0.43' 0.09' 0.35'
Fuelwood'dependence'in'2006' 0.62' 0.49' 0.80' 0.40'
Diarrhea'incidence'in'2006' 0.13' 0.34' 0.17' 0.38'
ARI'incidence'in'2006' 0.07' 0.25' 0.13' 0.33'
Malaria'incidence'in'2006' 0.11' 0.31' 0.21' 0.41'
Cumulative'fires'200092006'per'unit'
area'(GIS'data)' 0.14' 1.04' 0.22' 1.41'
Incidence'of'fires'200092006'(GIS'
data)' 0.27' 0.44' 0.41' 0.49'
Incidence'of'fires'in'2006'(GIS'data)' 0.15' 0.36' 0.26' 0.44'
Biomass'fire'incidence'200392006'
(PODES'data)' 0.03' 0.18' 0.06' 0.24'
Fires'incidence'200392006'(PODES'
data)' 0.06' 0.23' 0.10' 0.30'
Population'density'change'20009
2006' 9252.21' 1562.65' 9125.66' 1387.49'
' '
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Table!4:!Results from the first stage of the PSM based on a logit (standard 
errors in parentheses). The logit models appear well specified. We choose 30% as 
the cutoff level defining whether or not a pixel is protected and present the results 

for the remaining specification in the appendix.!

 

Covariate)

%)Village)under)a)Strict)Protected)Area)(IUCN)Ia9IV))

10%) 20%) 30%) 40%) 50%)

Population*density*in*2000,*sq*
root*transform*

60.149****

(0.026)*

60.113****

(0.027)*

60.137****

(0.030)*
*

60.122****

(0.031)*

60.075***

(0.032)*

Avg*%*forest*cover*in*2000,*sq*
root*transform*

0.032*

(0.021)*

0.033*

(0.022)*

0.028*

(0.024)*
*

0.016*

(0.025)*

0.001*

(0.002)*

Length*of*the*river*network,*
sq*root*transform*

0.003****

(0.001)*

0.003****

(0.001)*

0.003****

(0.001)*
*

0.002****

(0.001)*

0.002****

(0.001)*

Average*elevation,*in*meters*

0.001****

(0.0001)*

0.001****

(0.0001)*

0.001****

(0.0001)*
*

0.001****

(0.0001)*

0.001****

(0.0001)*

Average*slope,*in*degrees**

sq*root*transform*

0.394****

(0.036)*

0.423****

(0.038)*

0.448****

(0.040)*
*

0.499****

(0.042)*

0.510****

(0.045)*

Distance*to*provincial*capital,*
sq*root*transform*

0.0003*

(0.0002)*

0.0004**

(0.0002)*

0.001***

(0.0002)*
*

0.001****

(0.0003)*

0.001****

(0.0003)*

1*if*sea*port*present*in*2000*

0.766****

(0.130)*

0.726****

(0.140)*

0.727****

(0.149)*
*

0.730****

(0.161)*

0.687****

(0.175)*

Fraction*village*land*under*
adat*in*2000*

64.043****

(0.453)*

64.203****

(0.482)*

64.421****

(0.533)*
*

64.009****

(0.548)*

65.461****

(0.655)*

Distance*to*major*city*or*
district*capital,*in*meters*

2.50E605****

(3.77E606)*

3.07E605****

(4.22E606)*

2.90E6
05****

(4.52E606)*
*

2.28E605****

(4.49E606)*

2.48E605****

(4.90E606)*

Distance*to*major*city/district*
capital*squared*

62.64E610****

(3.92E611)*

63.36E610****

(4.68E611)*

63.32E6
10****

(5.09E611)*
*

62.57E610****

(4.75E611)*

62.79E610****

(5.32E611)*

Distance*to*ports*depth*of*
port,*in*km,*sq*root*transform*

0.617****

(0.155)*

0.697****

(0.164)*

0.891****

(0.172)*
*

1.042****

(0.183)*

1.153****

(0.195)*
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Significance levels: ***1%, **5%, *10% 

 

The results from the second stage of the PSM are summarized in Table 5. They 

suggest that strict protected areas were effective at stalling deforestation (net 

deforestation decreased by 1.26%.27), reduced the average dependence on fuelwood as 

the primary source of fuel, and seem have reduced the poverty rate: on average 6 fewer 

households were issued poverty certificates (surat miskin). Although the difference in 

poverty levels between 2000 and 2006 had a negative sign, suggesting a reduction of 

poverty, the impact was not statically significant. Strict protected areas seem to have 

reduced the dependence on firewood as the primary fuel used by households, but did not 

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!

27!This!estimate!is!the!result!of!the!difference!between!the!net!deforestation!rate!of!the!treated!villages,!which!

experienced!a!net!gain!of!1.91%!forest!between!2000!and!2006!and!their!matched!controls.,!which!

experienced!a!gain!of!0.65%!forest!in!the!same!time!period.!!

1*if*village*in*Kalimantan* 60.528****

(0.124)*

60.478****

(0.132)*

60.578****

(0.144)*

*

60.627****

(0.159)*

60.635****

(0.172)*

1*if*village*in*Papua* 1.977****

(0.277)*

1.851****

(0.290)*

2.056****

(0.299)*

*

2.077****

(0.318)*

2.037****

(0.342)*

1*if*village*in*Sumatra* 0.198****

(0.067)*

0.206****

(0.071)*

0.176***

(0.075)*

*

0.234****

(0.079)*

0.214***

(0.084)*

Papua*Distance*to*

ports*Depth*

62.589****

(0.333)*

62.510****

(0.348)*

62.821****

(0.361)*

*

62.804****

(0.377)*

62.883****

(0.400)*

Constant* 64.780****

(0.232)*

65.248****

(0.245)*

65.394****

(0.262)*

*

65.706****

(0.276)*

66.147****

(0.268)*

n(treated)* 1,649* 1,470* 1,309* 1,166* 1,016*

n(control)* 41,106* 41,105* 41,099* 41,108* 41,108*

!
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have a statistically significant impact on the water quality variable. We also do not find a 

statistically significant impact of protection on the water source for households. 
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Table!5:!Results from the second stage of the PSM (bias-adjusted ATT 
values; standard errors corrected for heteroskedasticity). As a robustness check, we 
present the results from Mahalanobis nearest neighbor matching augmented by the 
propensity score. The standard errors are given in parentheses and Rosenbaum’s 

bounds Г statistic-in square brackets.!
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Table&5: Results from the second stage of the PSM (bias-adjusted ATT 
values; standard errors corrected for heteroskedasticity). The standard errors are 

given in parentheses and Rosenbaum’s bounds Г statistic-in square brackets.&

 
'
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Table(5.(Results from the second stage of the PSM (bias-adjusted ATT values; standard errors 
corrected for heteroskedasticity). The standard errors are given in parentheses and Rosenbaum’s 
bounds Г statistic-in square brackets. (

Treatment:(at(least(30%(village(area(inside(strict(PA(

Outcome(

PSM(( Mahalanobis(&(PSM(

Raw(PSM(
ATT(

Bias(Adj(
PSM(ATT(

n(treated/
controls)( Raw((ATT(

N(treated/cont
rols)(

Deforestation'rate'20009
2006'

90.05**'
(0.02)'
[1.30]'

90.039***'
(0.012)'
[1.40]'

1,244'
41,099'

''

90.05***'
(0.02)'
[1.40]'

1,334'
43,054'

''

Deforestation'200092006'

91.07**'
(0.46)'
[1.40]'

91.264***'
(0.431)'
[1.40]'

1,244'
41,099'

''

91.29**'
(0.51)'
(1.40)'

1,337'
43,288'

''

Forest'cover'in'2006'
0.21'
0.93'

90.208'
0.785'

1,244'
41,099'

1.60'
1.09'

1,337'
43,288'

Fires'200392006'

0.05***'
(0.01)'
[>4]'

0.046***'
(0.016)'
[1.30]'

1,244'
41,099'

''

0.03*'
(0.01)'
[>4]'

1,337'
43,288'

''

Biomass'fires'200392006'
90.01'
(0.01)'

90.006'
(0.016)'

1,244'
41,099'

90.001'
(0.01)'

1,337'
43,288'

Poverty'difference'20009
2006'

90.03*'
(0.02)'
[1.20]'

90.023'
(0.016)'

''

1,185'
39,403'

''

90.03'
(0.02)'

''

1,327'
43,154'

''

Poverty'in'2006'

0.03*'
(0.01)'
[1.20]'

0.024'
(0.016)'

''

1,185'
39,403'

''

0.03**'
(0.02)'
[1.30]'

1,327'
43,155'

''

Fuelwood'change'20009
2006'

90.02'
(0.02)'

''

90.030*'
(0.015)'
[1.30]'

1,192'
39,525'

''

90.02'
(0.02)'

''

1,327'
43,155'

''

Fuelwood'in'2006'
90.023'
(0.017)'

90.014'
(0.016)'

1,192'
39,525'

90.01'
(0.02)'

1,327'
43,155'

Malaria'incidence'in'2006'
0.025'

(0.016)'
0.026'

(0.016)'
1,192'
39,525'

0.02'
(0.02)'

1,327'
43,155'

Diarrhea'incidence'in'2006'
90.021'
(0.015)'

90.023'
(0.016)'

1,192'
39,525'

90.01'
(0.02)'

1,327'
43,155'

ARI'incidence'in'2006'

0.021*'
(0.012)'

[>4]'

0.021'
(0.016)'

''

1,192'
39,525'

''

0.03**'
(0.02)'
[>4]'

1,327'
43,155'

''
Population'difference'20009
2006'

911.53'
(53.63)'

97.118'
(53.657)'

1,324'
39,403'

939.69'
(67.54)'

1,337'
43288'
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While strict protected areas had no statistically significant impact on the fires 

occurring in fields or forests, protection seems to be associated with a higher general 

incidence of fires in the protected villages.  These results are very consistent and robust. 

Given that the impact of protection on ARI depends on both the outdoor air 

quality and the indoor air quality, the opposite signs of the coefficients make it 

unsurprising that the bias-adjusted impact of protection on ARI is statistically 

indistinguishable from 0. The remaining two environmental disease outcomes are 

statistically insignificant as well.  

In order to rule out changes in the population density as the explanation behind 

the observed patterns, we examine the impact of strict protection on the number of people 

living in the sample villages each year. As Table 5 indicates, we do not find statistically 

significant changes in the population density. In other words, the observed impacts on 

deforestation, poverty and fuelwood dependence are not driven by changes in the 

population density unless the same number of wealthier households moved in as the 

number of poor households who moved out of the villages in our sample.  

In order to check for spillovers, we repeated the analysis using whether or not an 

unprotected village is adjacent to a protected one as the treatment group and all 

unprotected non-adjacent villages as controls. We do not find evidence of any spillovers. 

The results from the spillover analysis are presented in Appendix B.  

A few caveats for our analysis remain in place, however. First, despite the really 

detailed multi-period dataset we used in this analysis, we do not have true baseline data 

on our covariates as some of the protected areas were established as early as 1913. The 
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lack of true baselines raises two potential concerns in terms of (1) the similarity in the 

distributions of the covariate characteristics, (2) of different trajectories through time and 

(3) hidden bias. We address the first issue in greater detail in the next few paragraphs. 

With regards to the different time trends, previous studies have pointed out that the 

establishment of PAs can alter the development trajectory of an area, leading to poverty 

traps in the absence of external interventions, for example (e.g. Barrett et al, 2011). To 

remedy the lack of true baseline data, we used in the analysis all covariates that are likely 

to have affected the trajectories, so that we compare observationally similar treatment and 

control units. While this is not a testable assumption, it is almost ubiquitous in the 

standard program evaluation literature (e.g. see Abadie (2005) for a discussion). The third 

issue suggests that because the unprotected units remained forested in 2000 there may be 

unobserved characteristics that are protecting the forests in the absence of the 

conservation intervention. While this is no way (that we are aware of) to test for the 

presence of such covariates we (1) use all covariates that are likely to impact the 

placement of protection and the performance of SPAs and (2) employ Rosenbaum’s 

bounds test, which allows us to assess sensitivity of the results in the presence of hidden 

bias related to different probabilities of protection of the treated and control observations.  

Even though a few studies in the conservation literature use covariates that are 

likely to have been impacted by the treatment (e.g. Gaveau et al, 2009; Nelson & 

Chomitz, 2011; Pfaff et al, 201328), this source of endogeneity has completely been 

ignored. Outside the conservation literature, a few studies analyze the theoretical 
!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!

28 The latter article mentions that some protected areas were established before the reference year for the covariates 
used in the matching.  
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properties of matching estimators in the presence of potential endogeneity engendered by 

the impact of the treatment on the baseline characteristics (e.g. Lechner, 2008; Frangakis 

& Rubin, 2002). Lechner (2008) argues that if the Conditional Independence Assumption 

(CIA) holds, the endogeneity of the baseline covariates does not matter. However, the 

presence of endogeneity related to baseline characteristics impacted by the treatment 

makes the CIA less likely to hold.  

Lechner (2008) provides an expression for the potential bias arising with this 

source of endogeneity, when CIA does not hold:  

bias = E
X|S=1−s

E Y | S = s,X1−s = x( )−E Y | S = s,Xs = x( )"
#

$
% , where Y is the 

outcome, S-designates the treatment (equal to 1 if treated, 0 if control), and X is the set of 

potentially endogenous covariates. The bias arises because the expected conditional 

expectation of the outcome is a function of the counterfactual conditioning variables 

rather than the ones for the treatment group. In other words, because we cannot observe 

X1 for the control group and vice versa, we have to condition on the observed 

characteristics (X1 for the treated and X0 for the controls). The problem arises when the 

distributions of X1 and X0 are very different. As Lechner (2008) points out, however, if 

the two expectations coincide (so that E Y | S = s,X1−s = x( ) = E Y | S = s,Xs = x( ) ), there 

will be no bias regardless of whether or not the baseline characteristics were impacted by 

the treatment. If the two conditional expectations do not match, the estimand is the net 

treatment effect and not the causal impact of protection!(Frangakis & Rubin, 2002). !
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We use the insights from Lechner (2008) to determine the magnitude and the sign 

of the bias. Of the covariates presented in Table X, the forest levels and population 

density in 2000 raise endogeneity concerns. The literature has pointed out that protected 

areas may cause migration from protected villages to other unprotected areas. Lower 

population density is likely to translate into less need for the conversion of forest to 

agricultural land and hence less deforestation. In other words, we expect the impact of 

protection to be biased downwards (i.e. SPAs are more effective). Conversely, SPAs are 

likely to preserve forests, hence the protected villages are likely to have more forest at the 

baseline. This implies higher deforestation rates as the opportunity costs of converting to 

other uses are low, ceteris paribus. In other words, the estimates are likely to be biased 

upward (i.e. SPAs are less effective). Because the two bias go in different directions, they 

may cancel out.  

The endogeneity issue also raises concerns about the common support between 

the treated and control observations. While Table 2 indicates that pre-matching, the 

distributions of the baseline covariates were somewhat different, post-matching they are 

well balanced, with the remaining bias being very small. In other words, the standard 

propensity score technique we employ in this paper allow us to find good matches to the 

treated observation.  

A second issue seems to be the relatively low values of Rosenbaum’s bounds Γ 

statistic for a significant portion of the significant impacts. The statistic indicates the 

magnitude of an unobserved strong confounder has to be, in order to make the observed 

ATT values insignificant; it does not indicate that such a confounder necessarily exists 
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(Andam et al, 2010). Heterogeneity in the placement of SPA29 as well as some of the 

assumptions behind the test (e.g. randomly chosen and independent matches pairs) are 

likely to drive the results. Still, the results should be interpreted with caution.   

Another caveat at present is the assumption of no spatial dependencies between 

the different observations: in the current analysis we have treated all units are 

independent, not accounting for the fact that some villages fall within the same protected 

area or that spatial lags and autocorrelations may bias the estimates. Currently, no 

matching estimators exist to address the issue of spatial dependence. The only study that 

attempts to fill the gap uses Bayesian methods in the first stage of PSM (Chagas et al, 

2012), without accounting for spatial dependence in the outcomes (Anselin, 2002; 

Robalino & Pfaff, 2012). Addressing the issues of spatial dependence in the context of 

matching methods is a fruitful area of future research.    

Finally, the current analysis lumps all conservation PAs into a single category: 

previous studies have shown that the effectiveness of protection often depends on the 

type of PA (e.g. strict vs. multiuse as in Nelson & Chomitz, 2011; federally vs. state 

managed in Pfaff et al, 2011). An emerging strain of the literature suggests that there may 

be significant heterogeneity among conservation PAs as they vary in terms of the 

restrictions imposed, their management needs and their ability to raise money for 

conservation (Emerton et al, 2006). For example, for mangrove conservation marine 

national parks and strict reserves prevented mangrove loss between 2000 and 2006 in 

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
29 Jepson (2001) discusses the history of the protected areas system in Indonesia. He suggests that different types of 
PAs were established by different government entities (e.g. Dutch colonial rule vs. the post-colonial Indonesian 
government) and reflected different values.  
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Indonesia, whereas species management areas had the opposite effect (Miteva et al, 

2012). The financial and management needs as well as the different potential to raise 

money for conservation are tendered as explanation of the different performance. Last but 

not least, the performance of PAs depends on the enforcement of the regulations, which 

in turn depends on the ability and incentives of the local governments and communities 

(Clifton 2003; Hayes 2005). Different types of PAs may create different incentives for 

enforcement.   

2.4 Discussion 

Previous studies have highlighted the need to consider the threat status and 

ecological integrity when evaluating the performance of protected areas (Parrish et al, 

2003). In this paper we use quasi-experimental techniques to control for covariates 

affecting the placement of protected areas, so that the treated and control villages in our 

sample experience similar threat levels.  We address the impact of strict protected areas 

on ecosystem structure and human welfare. We find that in the short time period strict 

protected areas were effective at preventing net deforestation.  The evidence for their 

impact at providing ecosystem services and benefits is less strong, however.  

Our results indicate that strict protected areas may have had a positive impact on 

the development of local communities as proxied by the poverty levels and the 

dependence on fuelwood. One potential explanation for the observed positive impacts is 

tourism (Emerton et al, 2006; also see Chapter 3). We do not find a statistically 

significant impact of strict protection on lakes or rivers being the primary source of water 

as opposed to wells and pumps.  



!

! 45!

Strict protection did not have a statistically significant impact on the water quality 

variable. However, this may be due to the relatively coarse resolution of the data: the 

PODES questionnaire asks whether or not there were instances of water pollution in a 

village, without requesting measurements of the exact levels of pollutants. In other 

words, strict protection may have had an impact on the levels of water pollutants, but 

because of the lack of better data, we could not detect it. In the current analysis we also 

do not distinguish between upstream and downstream villages. It is possible that 

pollution from unprotected upstream villages reaches protected downstream ones.  

Fires are assumed to be a proxy for disturbance. As previous studies have found, 

disturbed forests are more likely to burn as changes in the canopy cover often alter the 

moisture content and humidity levels (Holdsworth & Uhl, 1997; Siegert et al, 2001). 

While we do find a statistically significant incidence of fires within the protected villages, 

the impact of strict protection on biomass fires is negligible. However, the current fire 

data give information about the incidence of fires, but not about the frequency or duration 

of these fires. 

We did not detect statistically significant impacts of strict protection on the 

diseases incidence variables. While these diseases depend on the environment (e.g., water 

pollution, air pollution due to forest and non-forest fires, availability of mosquito habitat 

etc), their incidence within a community is the product of individual-, household- and 

community-specific factors (Pattanayak & Wendland, 2007). Because of the resolution of 

the data in this paper we cannot model individual and household behavior, which are 

important determinants for the morbidity and mortality. For example, preemptive 
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household and community behavior like the usage of insecticide treated nets, availability 

of latrines, clean water and sanitation, and improved cookstoves that decrease the indoor 

particulate matter contributing to ARIs may lower the incidence the three environmental 

diseases within villages regardless of their protection status. Furthermore, individual 

behavior and travel patterns also impact exposure and hence morbidity and mortality. For 

example, the malaria cases within a protected village may be due to individuals visiting 

unprotected villages with high malaria incidence.  

In this chapter we consider changes in the quantity, but not the quality of habitats 

(forest degradation). Previous studies have suggested that disturbance (e.g. the removal of 

biomass) may decrease the amount and quality of ecosystem services and facilitate the 

spread of invasive species that serve as vectors for disease transmission (Chazdon, 2008). 

In this paper, we rely on satellite deforestation data, which likely does not reflect the 

forest degradation patterns on the ground. Similarly, we do have data on the ecosystem 

structure (biodiversity). The identity and the order of species loss (or gain) are of primary 

importance to determining effects on ecosystem function and, hence, ecosystem services 

(Kremen 2005). Furthermore, recent studies have highlighted the role of species richness 

in addition to the identities, densities, biomass and interactions of contributing species 

within a community, the aggregate abundance and the spatial and temporal variation in 

these attributes as determinants of ecosystem function and ecosystem services (Kremen, 

2005). Although we use a very detailed panel dataset spanning all of Indonesia, we do not 

have data on the ecosystem structure beyond levels of deforestation. To the best of our 

knowledge, such data do not exist at scales larger than a few study sites. For this reason, 
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given the mission of protected areas to conserve ecosystem structure and function 

through time, we echo a recent call for the collection and distribution of large-scale long-

term data that more accurately reflect the health of forest ecosystems (Miteva et al, 2012).  

In the ecological literature still little is known about the relationship between 

habitat area and ecosystem service provision; it is likely that the relationship exhibits 

strong non-linearities (Kremen 2005). For this reason it is not a priori clear how large a 

protected area needs to be, in order to be able to provide a service like water purification. 

Understanding the spatial requirements as well as the scales at which ecosystem services 

and benefits occur is of primary importance to designing effective policy.  

Even though some strict protected areas in Indonesia were established as early as 

1913, obtaining long-term comparable environmental or socio-economic data has been a 

challenge. For this reason in this paper we consider only a short-term impact of the 

conservation intervention; in reality, some benefits may need more time to become 

detectable. As more data become available, it will be interesting to compare how the 

impacts of protection change through time.  

Finally, our results emphasize the need to examine the socio-economic and 

environmental channels through which conservation policy affects ecosystems and 

human welfare and identify heterogeneity in the performance across time, space and the 

characteristics of the affected population. In order to improve the performance of the 

conservation intervention, we need to develop theoretical causal models of deforestation, 

poverty reduction and the provision of ecosystem services for Indonesia. Addressing 

these is a fruitful area for future research. 
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3. Forests & context: Is decentralization detrimental to 
conservation in Indonesia? 

 

3.1 Introduction 

Developing countries often shelter disproportionately large numbers of species, 

but also experience very high poverty levels. Because of the populations’ high reliance on 

products from forests, poverty and environmental degradation are often inextricably 

connected (Barrett, Travis & Dasgupta, 2011). Thus, policies explicitly targeting only 

one of the outcomes are likely to impact the other as well. For this reason, it is important 

we consider the joint impact of policies on the environmental and poverty outcomes.  

Protected areas remain the primary conservation intervention in many developing 

countries, where decentralization policies are also common. In order to design, 

implement and evaluate policies and programs, we need to understand the socio-

economic and environmental conditions in which interventions are placed (Ravallion, 

2007; Ferraro et al., 2012; Miteva et al, 2012). Only in this way can we identify the 

channels through which the policies effect change. The current disconnect between 

mechanisms behind interventions like protected areas (PAs) and decentralization 

measures, on one hand, and impact evaluation studies, on the other, presents a significant 

challenge for translating the empirical results directly into policy (Heckman, 2010; 

Deaton, 2010; Ravallion, 2007).  

Recently, the literature has highlighted the need to understand the role of political 

economy factors in determining the performance of PAs (Pfaff & Robalino, 2012). 

However, most rigorous empirical work has focused on either decentralization policies, 
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or on the presence of PAs; only one has considered how decentralization affects the 

performance of the conservation intervention. Pfaff et al (2011) find that federally 

managed PAs prevented more deforestation than state PAs, with the impact varying by 

the type of PA (multi-use vs. conservation).  Although Pfaff et al (2011) present a 

theoretical model for the performance of the conservation intervention, the authors focus 

on the importance of location, rather than the characteristics of the local populations. In 

contrast to previous work, we highlight the socio-economic context through which 

decentralization impacts the performance of the conservation interventions in Indonesia. 

We examine the channels through which decentralization affects conservation in the 

country: through the issuance of logging permits by the district governments and the 

formal recognition of customary land ownership. We find significant heterogeneity in the 

performance of protected areas depending on the type of protection and the community 

characteristics (location, baseline forest and poverty, and the type of property rights). We 

also find evidence of the impacts of direct elections of the district head and the district 

splitting on PA effectiveness.  

Borrowing from the literature on political economy, non-market valuation, 

economic geography, and industrial organization, we develop a conceptual framework 

that highlights the pathways through which decentralization affects the performance of 

Indonesia’s PAs in terms reducing poverty and stalling deforestation. Using a reduced-

form estimator, we test the predictions with a very rich spatially explicit panel dataset 

spanning all of Indonesia between 2000 and 2006. Our results suggest decentralization 

affected the performance of Indonesia’s PAs in different ways, with the impacts 

dependent on the type of PA, the timing of direct district head elections as well as on the 
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baseline characteristics of the villages like electoral participation, proximity to markets, 

baseline forest, poverty levels and the type of property rights. Our paper makes two main 

contributions. First, by presenting a theoretical framework, through which PAs effect 

change, our work addresses a major gap in the impact evaluation literature. Second, we 

provide evidence of heterogeneity in the performance of the conservation intervention 

shaped by context. Currently, very few studies have addressed this question empirically 

(Miteva, Pattanayak, & Ferraro, 2012). Given that Indonesia is one of the top ranked 

countries for biodiversity and carbon emissions, but also experiences very high rural 

poverty rates (Parikesit et al, 2012), our results have significant implications for the 

development, conservation and climate mitigation policies. 

This paper is organized as follows: The next section summarizes the literature on 

evaluating the impacts of protected areas and decentralization efforts in terms of poverty 

and deforestation. Section IIB presents a short summary of the decentralization in 

Indonesia. We present the modeling framework and the empirical specification in 

Sections III and IV, respectively. The results are in Section V. Section VI concludes. 

3.1.1 Previous studies 

Decentralization, which is an administrative but quite often also a political and 

economic process, is a popular intervention that creates a new set of institutional 

arrangements between public institutions and social actors emerging from the top-down 

transfer of responsibilities from the central government, on one hand, and from local 

demands, on the other (Larson & Soto, 2008). It involves a redistribution of power and 

resources. The literature has highlighted that whether or not the decentralization measures 

are effective in practice depends on the local demand, structures of accountability and 
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empowerment (Larson & Soto, 2008; Coleman & Fleishman, 2011). In other words, 

given local governments with sufficient autonomy and resources, communities are more 

likely to channel agency through the local governments and influence the design and 

implementation of policies (Chhatre, 2008). In terms of its impact on forests, previous 

work has indicated that the impact of decentralization varies according to the scope, 

benefits and the rights transferred to local populations (Larson & Soto, 2008; Miteva et 

al., 2012); there is no uniform trend of the causal impact of decentralization on the 

management of forest resources (Miteva et al, 2012).   

 
Heterogeneity is inherent in the PA performance as well. Previous empirical work 

has shown that PAs often have significant and heterogeneous impacts, with their 

performance dependent on the biophysical and socio-economic characteristics of 

locations (Miteva, Pattanayak, & Ferraro, 2012). Because there is very little overlap 

between the literature on PA effectiveness and that on decentralization, we present 

separate summaries of the evidence.   

 

3.1.1.1!Previous!evidence!from!Indonesia!

3.1.1.1.1%PA%effectiveness%
Although Indonesia is one of the most important countries in terms of biodiversity 

conservation and climate change mitigation, very few studies have examined the 

effectiveness of protected areas (PAs) in the country in terms of protecting ecosystem 

structure and function and no prior study in addition to chapter 2 in this dissertation has 

attempted to quantify the causal impact of protection on human welfare in Indonesia. 

Gaveau et al (2009) find that conservation and hydrological PAs in Sumatra reduced 
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deforestation by 24% between 1990 and 2000; they also find significant positive 

spillovers in the adjacent areas. Schwartze and Jurhbandt (2010) find that the Lore-Lindu 

National Park in Sulawesi reduced deforestation by 7-19% between 1983 and 2001. 

Using data for the whole country, chapter 2 in this dissertation showed that conservation 

PAs reduced deforestation by 1.26% on average.  

The literature has suggested significant heterogeneity in the effectiveness of 

protected areas.1 The evidence for the different performance of Indonesia’s protected 

areas depending on the type of protection or the location of protected areas is very 

limited, however. Ferraro et al (2013) find that strict PAs (defined by IUCN categories I-

IV) were more effective in stalling deforestation between 2000 and 2006 than the multi-

use PAs on the island of Sumatra. However, the paper highlights that the strict PAs tend 

to be established on areas with very different characteristics than the multiuse PAs, so the 

differential impact may be due to location and not de jure strictness of protection.  

Focusing on all conservation PAs established prior to 2000, Miteva et al (2013) do not 

find evidence that PAs had the desired effect on the loss of terrestrial forests or 

mangroves on average, but do find evidence for significant heterogeneity in the 

performance in terms of the PA type of -marine PA vs. species management areas for 

mangroves. While strict marine protected areas (IUCN Category Ia and II in Indonesia) 

reduced the loss of mangroves between 2000 and 2006, PA IUCN IV 

(species/management areas) had the opposite impact. Two reasons are tendered as an 

explanation for the observed patterns: First, the species/management areas tend to target a 

specific species different from mangroves, whereas PA IUCN Category I and II span 

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
1 See Miteva et al (2012) for a review of the evidence for heterogeneity in reducing deforestation in developing 
countries.  
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entire ecosystems. In other words, the species/habitat management areas may not span an 

area large enough to protect the mangrove ecosystem. Second, although all of Indonesia’s 

PAs are under the management and funding of the central government, national parks can 

generate significant tourism revenue, the major part of which can be channeled back into 

park management and conservation as is the case with the Bunaken National Park in 

Sulawesi (Emerton, Bishop, & Thomas, 2006). In contrast, while PAs like IUCN 

category IV necessitate active management and hence sustained financing by the 

government, they do not generate tourist revenue.  

In this paper we break down the PA categories and distinguish between the 

different types of protection: strict reserves (IUCN Ia), national parks (IUCN II), species 

management areas (IUCN IV) and sustainable use (multi-use) protected areas (IUCN VI). 

Because protected landscapes (IUCN V) are created to protect a natural monument, they 

often have very little bearing on deforestation. For this reason, we omit them from the 

analysis.  Here we consider how the impact of the different type protection as proxied by 

the four IUCN categories varies as a continuous function of socio-economic, political 

economy and locational covariates, suggested by the theoretical framework we develop in 

this paper. We also examine heterogeneity in PA effectiveness with the introduction of 

direct elections of the district head and the number of district splits.  

 

3.1.1.1.2%Impact%of%decentralization%on%conservation%in%Indonesia%
 

Generally, the literature on estimating the causal impact of decentralization 

policies on natural resources is still very thin, with the magnitude and sign of the impacts 

being context-specific (Miteva et al., 2012a). Even fewer are the studies that consider 
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(and quantify) the impact of political economy factors on conservation. Burgess et al 

(2012) model deforestation in Indonesia between 2001 and 2008 in a Cournot framework 

of competition between districts: they find that an increase in the number of districts 

results in increased deforestation with lower timber prices in the local timber markets.  

They also find evidence that illegal logging (logging within protection or conservation 

forests) increases significantly in the years right before the direct elections of the district 

head. However, one drawback of their model is that they assume away heterogeneity in 

timber production costs and the different endowments of the districts; previous studies 

have suggested tha deforestation is going to be higher in districts with more forests (e.g. 

Lewis and Schlemansee, 1980). Focusing on the impact of the introduction of direct 

elections of the district head in Indonesia, Skoufias et al (2011) find increased spending 

on public works programs before elections as well as an increase in the own revenue 

generation. In a theoretical paper Engel et al (2006) focus on one aspect of 

decentralization in Indonesia, the granting of weak property rights of communities over 

forests, and model the logging as the result from the interaction of logging firms and 

communities. Engel et al (2013) model the effectiveness of a national park in Indonesia 

as a bargaining game between park managers and local communities and examine the 

conditions under which co-management arises. However, their model focuses only on 

deforestation in a relatively small area (one national park in Sulawesi) and a small 

number of observations (50-80 communities) and does not provide causal evidence. The 

model also ignores commercial actors who are the primary cause of deforestation in 

Indonesia as well as the possibility of tourist revenue as an incentive for co-management.   
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Building on these previous studies, we first develop a conceptual framework that 

models the behavior of district governments, logging firms and communities and then 

empirically tests how the causal impact of protection varies with factors introduced by 

the decentralization process in Indonesia. 

 

3.1.2 A brief history on the decentralization in Indonesia!

In response to threats of secession by Riau, Papua and Aceh, the Indonesian 

government carried out a series of rapid political, fiscal and administrative reforms that 

transferred significant powers from the central to the district governments beginning in 

2001 (Larson & Soto, 2008; Resosudarmo, 2005).2 In order to attenuate separatist 

tendencies within provinces, the province governments were circumvented in favor of the 

lower-tier government structures (Bardhan & Mookherjee, 2006).  

The impacts of the “Big Bang” decentralization in Indonesia can be classified into 

four main categories: (1) increase in number of jurisdictional units (i.e. district splitting), 

(2) increase in local government authority especially with respect to natural resource 

management (the issuance of logging permits, imposition and collection of timber 

transportation fees, monitoring and control of illegal logging); (3) increased importance 

of citizen wants, more opportunities for bottom up control; and (4) the transfer of weak 

property rights of forest resources onto communities. With the onset of decentralization, 

the district governments received dramatically increased authority over almost all sectors 

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
2 Note, the major decentralization laws-Law 22 on regional governance and Law 25 on the balance of funds- were 
passed in 1999, but came into effect only in 2001 under President Habibie (Bardhan & Mookherjee, 2006; 
Resosudarmo, 2005). The revised versions (Laws 32 and 33) were passed in 2004 (Bardhan & Mookherjee, 2006).  
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of government3 and a larger share of the natural resource royalties originating from their 

district (Burgess, Hansen, Olken, Potapov, & Sieber, 2012). Thus, decentralization 

encouraged district splitting: the number of districts increased from 292 in 1998 to 483 in 

2008 (Burgess et al., 2012). The local governments became responsible for providing 

health, education, infrastructure and environmental services (Bardhan & Mookherjee, 

2006).  

With the enforcement of the decentralization laws, a new source of revenue 

became timber:4 The ministerial Decree on the Criteria and Standards of the Licensing of 

Forest Products in Natural Production Forests from November 2000 gave the district 

officials the right to issue concession licenses to logging firms for areas smaller than 

50,000ha within the district (Resosudarmo, 2005).5 For example, in 2001 the district head 

of Bulungan district in East Kalimantan gave 618 such permits for 62,940 ha (Fox et al, 

2005). Furthermore, while the central government gives authorization for conversion of 

forest land to other uses within conversion zones, the district office is responsible for the 

implementation; for production forests the district office develops management plans 

with the concession holder (Burgess et al., Forthcoming). That decentralization also gave 

district offices the right to levy taxes on the timber transported through their boundaries 

(Resosudarmo, 2005) implies that no logging is possible without the complicity of the 

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
3 The functions retained by the center include national security and defense, foreign and monetary policy, finance, 
development planning, justice and police (Bardhan & Mookherjee, 2006; Hofman & Kaiser, 2006). Provinces were 
given authority in matters that concerned more than 1 district within the province (Resosudarmo, 2005); the center 
retained control over issues concerning more than one province. The responsibility for the management, financing and 
delineation of PAs lies with the central government, however (Resosudarmo, 2005).  
4 The transfer of authority over the management of forests to district governments has been a contentious issue because 
of the two conflicting laws passed at the same time: The regional autonomy law (Law 22/1999) authorized district 
heads, whereas the revised forestry law of 1999 (Law 41/1999) gave control over forests to the Ministry of Forestry 
(Fox, Adhuri, & Resosudarmo, 2005).    
5 The district governments’ right to issue small-scale permits was technically revoked in 2002, but the central 
government could not enforce the new regulation. As a result most district offices continued to issue logging permits 
(Fox et al, 2005). The permits were of short duration (usually a year), after which they expired and could not be 
renewed (Resosuradmo 2004).  
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district office (Burgess et al., 2012). In other words, decentralization changed the way 

logging activities are carried out and promoted the emergence of local government timber 

licensing schemes (Resosudarmo, 2005). Thus, decentralization made the district office 

the point of control for authorizing and monitoring both legal and illegal logging within 

the district (Burgess et al., 2012).  

Concomitant of the fiscal and administrative decentralization, weak property 

rights over forest resources use were conferred on local populations (Engel, López, & 

Palmer, 2006; Palmer & Engel, 2007; Resosudarmo, 2005). However, because 

communities lack the capital and expertise needed for logging, partnerships between 

logging firms and local communities often emerged (Resosudarmo, 2005). Communities 

participate in those by providing forest areas for logging and receiving compensation 

usually based on the volume of timber harvested (Resosudarmo, 2005). However, with 

the property rights poorly enforced, whether or not communities could claim 

compensation or shares of the revenues from the logging firms depended on the 

community’s ability to self-enforce its rights, which in turn depends on the costs of self-

enforcement, the value of the forests, degree of homogeneity within a village (e.g. the 

religious diversity within a village) , the type of property rights and the availability of 

social capital within the communities (Larson & Soto, 2008).  

Furthermore, decentralization increased the role of the local voters in shaping the 

provision of services. With the passing of the decentralization laws in 2000, the local 

population voted directly to elect the representatives to the district parliament (DPRD), 

which in turn elected the district head from closed party lists. The district heads (bupati in 

rural areas and walikota in urban) have significant powers to set the priorities of the 
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district governments (Skoufias, Narayan, Dasgupta, & Kaiser, 2011). However, they can 

be removed from office if the DPRD rejects twice the annual accountability speech 

(Bardhan & Mookherjee, 2006). In addition, Law 32/2004 the introduced direct elections 

of district heads; they were exogenously timed (Burgess et al, 2012; Skoufias et al, 2011) 

and depend on when the term of the previous district head comes to an end. The reform 

was intended to make the district head more accountable to the local population. In this 

paper we examine how the impact of direct elections of the district head affect PA 

performance.  

Decentralization is viewed as an important element of participatory democracy as 

it allows citizens to communicate their preferences to elected officials who are rendered 

accountable to their performance to citizens. Thus, if decentralization works, local public 

goods should be provided in accordance with the preferences of the local residents 

(Bardhan & Mookherjee, 2006). Thus, decentralization should improve resource 

management by improving the accountability, resource allocation, efficiency and equity 

“by linking the costs and the benefits of public services more closely” (Larson & Soto, 

2008). However, previous studies have pointed out that the impacts of decentralization 

are likely to be heterogeneous (Hofman & Kaiser, 2006), with the outcomes of 

decentralization dependent on the local governments’ ability to raise revenue to support 

themselves as autonomous states (Resosudarmo, 2005) as well as on the characteristics of 

the local population. The preconditions for decentralization to have the desired effects are 

educated and politically aware citizenry, the absence of high inequality in economic or 

social status that prevents the poor from participating, and the prevalence of law and 

order (Bardhan & Mookherjee, 2006; Resosudarmo, 2005).  
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3.1.3 Who is deforesting in Indonesia? 

Commercial firms and, to a smaller extent, communities clearing land for 

agriculture are the primary actors of deforestation and forest degradation in Indonesia. 

However, the underlying causes of deforestation in Indonesia are complex and dynamic: 

they seem to be impacted by markets -both domestic and international, ineffective 

policies and regulations, lack of governance and monitoring capacity (Resosurdarmo et 

al, 2012; Wheeler et al, 2013). The process of deforestation is related to the process of 

selective logging, which creates small-scale openings and changes in the forest structure, 

and to massive clearance for agricultural plantations like oil palm (Fuller 2006). Illegal 

logging has been a serious problem: it has been estimated that it contributed 64% of the 

total timber production in 2000 and 83% in 2001 (Resosurdarmo et al, 2012). Even 

though clear felling is permitted only within permanent production forests, logging, legal 

or illegal, contributes to the removal of large quantities of timber over large areas within 

very short time horizons (Resosurdarmo 2004). For example, Sintang district in West 

Kalimantan issued 409 small-scale timber licenses, which removed 1.2 million cubic 

meters of timber within one year (Resosurdarmo 2004).  

Similar to Burgess et al, (2012) and Engel et al (2006), the theoretical model in 

this paper focuses on the logging, but the intuition and predictions are qualitatively 

similar if we consider oil palm concessions instead of timber concessions.  
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3.2 Modeling framework 

3.2.1 The firm’s profit maximization 

The rapid process of decentralization in the country conferred weak property 

rights over forests to communities, increased their role in policymaking and allowed 

district governments to issue logging permits unilaterally. For this reason we model the 

impact of decentralization on the performance of protected areas as the outcome of the 

interactions among the district governments, communities and logging firms (Fig.2).6 As 

in previous models (e.g. Engel et al, 2006), here we assume that all the logging is done by 

logging firms as communities do not have the necessary capital. Logging companies 

decide how much and where to log. In order to harvest timber, logging firms need to 

obtain permits from the district government office. Because decentralization gave district 

heads the rights to issue permits unilaterally as a way to raise revenue, the literature has 

reported that this right was frequently abused, with logging firms bribing district 

government officials and obtaining permits for land outside the zones designated for 

timber production (Burgess et al, 2012; Resosurdarmo, 2005). However, the possession 

of timber permits does not guarantee timber harvest from a location: Whether or not 

logging actually takes place depends on the interactions between the firms and the local 

communities, who can destroy equipment or block logging roads or grant permission in 

exchange of some payment7 from the logging firms.  

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
6 An implicit assumption here is that timber market prices are exogenous and determined by the global markets; yet, 
different transaction costs may change the effective prices for different market participants. In this paper we abstract 
from modeling the district splitting and the potential competition over timber prices among districts. Exploring the 
possibility of competition between districts is a potential extension of the current paper.  
7 “Payment” is used rather loosely here: the benefits communities can obtain can be monetary or in the form of a new 
school or hospital in the village.! 
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!

Figure!2:!Summary of the conceptual framework employed in this chapter. A 
detailed model appears in Appendix E. We focus on the interactions between district 
governments, firms and communities and ignore the interactions between districts 

operating in the same timber market.  

 

The modeling framework and the ensuing empirical specification in this paper are 

static and focus on intensive margin (how much to log). We assume that all firms have 

already selected the locations that maximize their revenues (or have decided not to log) 

based on the characteristics of the local population and the proximity to markets.8 

Conditional on having chosen to log at time t, firms decide on the logging that maximizes 

their profits subject to certain constraints in a Langrange optimization framework. The 

optimal logging is determined by the timber prices (p), location (slope, proximity to 

markets (r), forest accessibility), the logging technology, the price of the timber permits 

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
8 As an extension to this paper, we consider a vertical sorting model framework would account for the future 
effectiveness of protected areas as well as for the emergence of spillover effects from the policies. This is something I 
am currently working on.  
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(pp) and the bribes (e) that logging companies have to pay, in order to obtain the permits. 

An additional cost is the compensation (CC) to communities for the logged land (L); 

whether and how much the firm pays depends on the characteristics of the communities 

(θ) like their dependence on the forest and their ability to fight the logging firm. In other 

words, conditional on having selected the optimal location for logging, the problem of the 

firm becomes 

Max
L

π = pL −C(L, slope)− L*(e+ pp )− t fc −CC(L;θ )    (Eq.1) 

By assumption, the timber prices, p, are determined exogenously. The cost 

function C(L, slope) is determined by the available logging technology. We assume that 

C’(L)>0 and C’’(L)>0. Details on the determinants of the optimal bribe and the 

compensation to communities appear in Appendix E.  

The FOC imply that the optimal amount of logging, L* is a function of timber 

prices, slope, the price of logging permits and bribes, and the community characteristics.  

The model implies that the different types of protected areas are likely to vary in 

their effectiveness. For example, strict reserves impose costs to local communities by 

restricting extractive activities; at the same time we assume they may not generate large 

benefits either in terms of providing ecosystem services or providing ecosystem benefits 

like generating tourist revenue, for example. For this reason, the framework predicts that 

the introduction of a strict reserve is likely to decrease the bargaining power to 

communities, lower the compensation they can obtain from the firm and lower the firm’s 

costs of fighting communities and hence logging. This translates in strict reserves being 
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less effective in stalling deforestation and improving the communities’ welfare. The other 

strict reserves like species management areas are also likely to be ineffective in terms of 

reducing deforestation and improving welfare. In contrast, national parks, which tend to 

be the largest in area, may generate enough ecosystem services and benefits to offset the 

costs due to limited extraction. Thus, we hypothesize that the introduction of a national 

park is likely to be effective in preventing deforestation and improving welfare. Our 

predictions for performance of multi-use PAs are similar. The predictions of the model 

are summarized in Fig. 3.  

!

Figure!3:!Summary of the predictions from the theoretical framework for PA 
effectiveness in terms of threat levels. The impacts on direct elections are 

incorporated as factors impacting a community’s ability to fight off the firm. The 
conceptual framework of this paper posits that district splits may increase the need 
of district governments to raise revenue by allowing more logging, which translates 

into lower price of logging permits, shifting the line for the firm’s willingness to 
bargain to the right. This implies a larger area over which PAs are likely to be 
ineffective, ceteris paribus. Strict reserves impose costs to local communities by 
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restricting extractive activities; at the same time we assume they do not generate 
large benefits either in terms of providing ecosystem services or generating tourist 
revenue. For this reason, the framework predicts that the introduction of a strict 

reserve is to shift the lines representing the firm’s and the community’s willingness 
to bargain to the right, making the areas in which strict reserves are effective 
smaller.  In contrast, national parks, which tend to be the largest in area, may 

generate enough ecosystem benefits to offset the costs due to limited extraction. 
Thus, we hypothesize that the introduction of a national park will shift the lines for 
the firm’s and the community’s willingness to bargain to the left, making the area 
over which national parks are effective larger, ceteris paribus. The discussion here 

does not include impacts of increased accountability on PA performance. As 
discussed in the theoretical framework, increased accountability implies lower 

corruption, higher price of logging permits and, hence, less deforestation. 

!

3.2.2 The role of direct elections and district splitting 

As discussed in previous studies, the performance of PAs determined by the 

interaction of threat levels to forests and enforcement (e.g. Miteva et al, 2012). We posit 

that the introduction of direct elections and district splitting affects both the threat levels 

and the enforcement incentives for district governments. Thus, the introduction of direct 

elections and district splitting are likely to have a heterogeneous impact on PA 

performance depending on (1) the characteristics of district governments, the local 

population and ecosystems (and the net benefits they generate) and (2) the degree of 

political uncertainty it generates.  

In theory, the introduction of direct elections of the district head should make 

local governments more responsive to the needs to the local people. This means that 

voting behavior is likely to have a greater impact on reducing deforestation and 

improving the performance of protected areas, where they generate sufficient ecosystem 

services and benefits. In other words, we expect to see greater enforcement of protected 

area regulations in areas that have already had direct district head elections.  
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However, the introduction of direct elections may also exacerbate logging: 

because of the uncertainty whether incumbents will remain in office after the elections, 

they may issue more logging permits to maximize their current returns (“depletion 

effect”) (Ferreira & Vincent, 2010; Olson, 1993; Robinson, Torvik, & Verdier, 2006; 

Shleifer & Vishny, 1998). Conversely, previous studies have highlighted the impact of 

political uncertainty on investment (“investment effect”): although logging is not as 

capital intensive as oil extraction, it does necessitate capital and investments therein 

(Ferreira & Vincent, 2010). Previous studies have shown that the presence of uncertainty 

decreases investment in capital, which in turn slows down logging (Farzin, 1984; Ferreira 

& Vincent, 2010).  

The impact of district splitting appears ambiguous a priori as well: (1) the district 

government’s need to raise revenue is likely to exacerbate logging (e.g. because of 

lowered bribes or logging permit fees); (2) it introduces uncertainty, which may reduce 

the firms’ incentives to invest in capital, and can therefore reduce logging; (3) it is likely 

to increase the accountability as it is easier for voters to express their preferences 

(because of the reduced population size, an individual vote counts for more) and (4) after 

it splits, a new district may no longer have the necessary apparatus to enforce regulations 

or control illegal logging. To our knowledge, only one study has attempted to quantify 

the impact of district splitting on deforestation. Burgess et al (2012) find that subdividing 

a province by adding a new district results in an 8.2% increase in legal and illegal 

deforestation within the province. This implies that forested areas, regardless of whether 

they are protected or not, are likely to face higher threats from deforestation. Even though 

local oil and natural gas rents may be short-term substitutes, the effect is dissipated in the 
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medium-run and after the introduction of direct elections (Burgess et al, 2012).  

The empirical evidence on the role of uncertainty on logging and deforestation is 

mixed. Previous studies have pointed out that illegal logging increases right before the 

direct elections of the district head (Burgess et al, 2012). These suggest that the timing of 

elections is likely to impact the optimal bribe charged by district governments: in districts 

which have not had direct elections of the district head, the bribes are likely to be lower, 

leading to more deforestation. In other words, the threat levels to conservation in districts 

that have not had elections are likely to be higher. Using panel data on timber extraction 

and governance indicators9 for developing countries, Ferreira & Vincent (2010) find that 

the decrease in logging consistent with the investment effect when the governance is low 

and with the depletion effect when the level of governance is high. This means that 

forests face lower threats when the governance is low, suggesting smaller PA 

effectiveness; a reverse pattern holds when the governance is high. In this paper, we 

empirically examine the heterogeneity of Indonesia’s PA performance in terms of stalling 

deforestation and reducing poverty, given differences in the timing of direct elections and 

the district splitting.  

3.2.3 Summary of the model 

In this paper we focus on the firms’ decisions on the intensive margin (i.e. how 

much to log), under the assumption that they have already chosen the optimal location for 

logging. The different PA types generate different benefits and impose different costs on 

communities by restricting extractive activities. These in turn affect the bargaining power 

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
9 The country-level government indicators considered in their paper are corruption bureaucracy quality, law and order, 
government stability, and democratic accountability 
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of communities and influence whether and how much logging takes place within a 

village. Ceteris paribus, our model predicts that protection will be most effective in areas 

where the benefits from the standing forest are greatest. Because national parks (IUCN II) 

and sustainable use PAs (IUCN VI) generate the greatest net benefits either in terms of 

forest products or tourist revenue, we expect that they will have the greatest impact on 

reducing poverty and deforestation. In contrast, strict reserves and species management 

areas impose costs but do not generate significant benefits for the communities, in which 

they are located, we expect that these PA categories will not be as effective.  

The effectiveness of protected areas is determined by (a) the enforcement of 

regulations and (b) the deforestation threat levels an area experiences. For the 

conservation intervention to be effective, the forests should experience threats from 

conversions to other uses. Protected areas are less effective in avoiding deforestation if 

they are on lands that are not threatened from agriculture or development or if the 

regulations are not enforced on lands that face threat from development. We consider 

both factors-threat and enforcement when we generate the predictions for PA 

effectiveness and interpret the results.  

Our model posits that variables that affect the costs of logging to firms and the 

benefits from forests to communities are (1) proximity to markets, (2) community 

characteristics like the baseline poverty and the type of property rights as they affect the 

community’s costs of fighting, (3) baseline forests: more forests at the baseline suggest a 

lower bribe firms have to pay, (4) electoral participation, which also affects the price of 

bribes. The impact of these variables on the PA performance depends on the types of 
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PAs. We also consider the role of the timing of direct elections of the district head and 

the number of times a district split.  

(1) Proximity,to,markets. Areas closer to large cities are likely to experience higher 

threat levels because of the lower transportation costs. Ceteris paribus, this is 

likely to decrease the effectiveness of protected areas because of the lower costs 

to logging firms. However, if PA regulations are properly enforced, the avoided 

deforestation near large cities will be greater. For national parks, increased 

proximity to major markets is likely to translate into higher tourist revenue, as 

more tourists will be able to access the parks. For this reason, for the national park 

category we expect to have the conservation effectiveness increase with the 

proximity to cities, ceteris paribus. For the other PA categories we expect to see 

no impact of protection.  

(2) Baseline,poverty. The predictions of the model are that high levels of this variable 

increase the community’s costs of fighting logging firms. This suggests that the 

impact of protection on deforestation and poverty will decrease with increasing 

baseline poverty.  

(3) Baseline, forests. A large forested area suggests that logging will be less 

noticeable, translating into lower bribes and lower proportional costs to logging 

firms. This suggests that the effectiveness of protection is likely to decrease with 

an increase in the baseline forest area, ceteris paribus, as the land is less 

threatened.  

(4) Baseline, electoral, participation. Our model predicts that the effectiveness of 

protection is likely to vary with the degree of electoral participation and the 
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ability to enforce regulations. Since national parks (IUCN II) and sustainable use 

PAs (IUCN VI) should generate significant benefits to communities, we expect 

that higher electoral participation in those villages translates into greater 

effectiveness of the conservation measure in terms of poverty and logging 

reduction, ceteris paribus. In contrast, because of the significant costs associated 

with strict reserves and species management areas, we hypothesize that protection 

is undesirable to communities and so higher electoral participation is likely to 

decrease the effectiveness of protection in those villages. 

(5) Type, of, property, rights. Well-defined land property rights lower the costs of 

fighting for communities. In other words, we hypothesize that more private land 

within a village leads to greater PA effectiveness.  With the recognition of 

customary ownership, we anticipate that more adat land will have the same 

impacts.  

(6) Direct, elections. The introduction of direct elections is likely to improve the 

enforcement of PA regulations and, hence improve their effectiveness. On the 

other hand, it may lower the threat levels and decrease the PA effectiveness. A 

priori it is hard for us to predict which effect predominates.  

(7) District,splits.  Similar to direct elections, the effect of district splits is ambiguous. 

On one hand, district splits increase accountability but may also increase the 

threats levels forests face and, therefore, are expected to increase the effectiveness 

of protected areas, when the regulations are enforced.  On the hand, district splits 

introduce uncertainty, which may lower deforestation threats and hence PA 

effectiveness.  
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Finally, our model highlights the link between logging and poverty reduction in 

Indonesia: changes in the poverty levels are attributed to the interactions between logging 

firms and communities and are a direct result of logging. For this reason, in the ensuing 

empirical section we consider both deforestation (logging) and changes in the poverty 

levels as our outcome variables. We expect that impact of protection on poverty mirror 

those for deforestation, where the baseline poverty and forests are relatively low.  

 

3.3 Empirical strategy 

3.3.1 Specification 

The discussion in the previous section suggests that logging firms solve the profit 

maximization problem by choosing the optimal level of logging and the location that 

allows for the lowest costs of fighting and compensation to communities. In this paper we 

assume the firms have already decided where to locate based on the socio-economic 

characteristics of the local population and the proximity of the forests to markets. In the 

empirical section of the paper we model the amount logging that takes place.  

Max
L

π = pL −C(L, slope)−[e(L
_
,Z )+ pp)]L − t fc−[B(L

_
,PAi )−B(L

_
− L,PAi )+ R(L

_
,PAi,d,a)− R(L

_
− L,PAi,d,a);θ ]  

      (Eq.4) 

where θ accounts for community characteristics (e.g., baseline poverty, degree of 

community homogeneity, forest dependence) that affect the change in benefits from the 

forests and the costs of fighting in cases of conflict.  The first term is the revenue from 

the sale of timber, the next two are proportional costs associated with the technology of 

harvesting and the costs of obtaining logging permits. The tfc term represents fixed 
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transaction costs associated with building a road to access the forests or markets. The 

term in the square brackets is the amount of compensation that the logging firm pays to 

the community.           

In other words, the optimal logging that takes place within a community is given 

by 

L*= argmax pL −C(L, slope)−[e(L
_
,Z )+ pp ]L − t fc−[B(L

_
)−B(L

_
− L)+ R(L

_
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      (Eq. 5) 

To summarize, Eq. 5 implies that the amount of timber logged at time t is a 

function of the accessibility of an area (slope, availability of roads, proximity to ports, 

local markets, timber mills, large cities), the baseline forest area, characteristics of the 

community (degree of forest dependence, poverty, community ethnic and religious 

composition at the baseline), the number of voters, timber prices, the type and proximity 

of the PA to large cities.  

Based on Equations 4 and 5, we use a reduced form to estimate the amount of 

logging that took place between 2000 and 2003 in village j as  

Lj*=α1 * slopej +α2 *Lj

_
+α3 *Z j +α4 *dj +α5 *aj +α6 *θ j +α7(θ j )*PAiij +α8 *ks +ε j        

    (Eq. 6) 

where Lj

_
is the baseline forest area in a village j, Zj is the electoral participation at the 

baseline, dj captures the proximity to markets, aj is the baseline village accessibility, θj is 

a vector of baseline community characteristics like poverty, types of property rights, 

degree of village development, the presence of crime, dependence on the forest, ks are 
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fixed effects for island s,  and ε j  is the error term. The causal impact of protection on 

logging in village j is represented by the coefficient of protected areas of type i, α7(θ j ) . It 

is modeled as a function of the community characteristics θj (voting behavior, type of 

property rights, baseline poverty and forest levels, proximity to cities, presence of direct 

elections and the number of district splits).  

Because the amount of logging that takes place in community j also determines 

how much compensation communities receive from logging firms, we model the changes 

in the poverty levels10 by: !

Δpovertyj =α1 * slopej +α2 *Lj

_
+α3 *Z j +α4 *dj +α5 *aj +α6 *θ j +α7(θ j )*PAiij +α8 *ks +ε j  

           (Eq. 7)! 

To recap: our focus in this paper is the impact of decentralization on the 

performance of protected areas, as the primary conservation intervention in Indonesia. 

There are four channels through which decentralization could have affected the 

performance of the conservation intervention: (1) through the logging permits issued by 

the district governments; (2) through the increased accountability of the elected district 

officials and the increased empowerment of the local population; (3) through the 

recognition of the customary land rights held by communities all over the country—

because of those communities can bargain with or fight logging firms attempting to log 

their forests; and (4) through district splitting. The ensuing empirical section tests how 

the effectiveness of the conservation intervention in Indonesia was impacted by the 

baseline electoral participation and the community characteristics like poverty and forest 

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
10 As a robustness check, we also look at the changes in community facilities like schools and hospitals that may have 
been given as a compensation for logging.  
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levels, forest dependence, proximity to markets, accessibility that affect the costs and the 

type of property rights (customary vs. private property). Recognizing that these factors 

may have a different impact depending on the type of protection, we examine their 

impacts on each type of Indonesia’s protected area.  

 

3.3.2 Estimation  

Our goal is to test the effectiveness of protected areas and examine how the 

impact varies according to the baseline poverty and forest levels, electoral participation, 

religious homogeneity, and the proximity to major cities and ports. In other words, our 

goal is to recover α7(θ j )  in Equations 6 and 7 for each outcome.11
!Our estimation 

approach consists of matching methods and post-matching semi- and non-parametric 

regressions on the matched sample.  

3.3.2.1!Matching!

As previous studies have pointed out, the placement of protected areas is 

endogenous: the conservation intervention tends to be placed in locations that are far 

away from population centers and in areas unfavorable for agriculture (Pfaff et al, 2009; 

Miteva et al, 2012). Such locations experience fewer threats even in the absence of 

protection. Therefore, not controlling for the endogenous location is likely to give us 

upward-biased estimates, making PAs look more effective than they actually are (Joppa 

& Pfaff, 2009; Miteva et al, 2012).  

In order to assess the causal impact of PAs on changes in logging and poverty 

levels, we must establish what would have happened in the protected villages if they had 

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
11 We do not restrict the impacts to be the same in the two equations.  
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not been protected, i.e. establish the counterfactual outcome in the absence of the 

conservation policy. To address the endogeneity concerns, we apply difference-in-

difference propensity score matching (PSM), which allows us to infer what the amount of 

timber logged would have been for particular locations, if the protected areas had not 

been introduced (Imbens & Wooldridge, 2009). In the first stage, the PSM technique 

collapses all the characteristics of the community and the location into a single score, the 

probability that a village falls under a protected area. In the second stage, protected and 

unprotected villages are matched based on the probability of protection. Under the 

assumption that similarities in the observed village characteristics translate into 

similarities into the unobserved characteristics, PSM allows us to identify the unprotected 

villages which are the most similar to the protected ones, i.e. establish the counterfactuals 

and, hence, quantify the causal impacts of protection. The difference-in-difference 

addition to the PSM allows us to control for unobserved time-invariant characteristics 

(Todd, 2008). Because we do not have data on timber prices or permits, we use island 

fixed effect for the four largest islands (Sumatra, Kalimantan, Sulawesi and Papua). The 

implicit assumption is that although timber prices may vary between islands, they are 

constant within an island. We apply the PSM technique to each type of protected area. As 

a robustness check, we implement Mahalanobis nearest neighbor matching augmented 

with the propensity score. This is approach is good at minimizing the differences between 

the treated and control covariates along the propensity score and the covariates and often 

yields much better covariate balance (Sekhon, 20111).  

The implicit assumption behind PSM and other matching techniques is that 

similarities in the observed characteristics translate into similarities in the unobserved 
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characteristics that are correlated with the outcome and the placement of the conservation 

intervention or that these characteristics are a negligible source of bias (Imbens & 

Wooldridge, 2009). Because this assumption is not testable, post-matching we apply 

Rosenbaum’s bounds test, a type of sensitivity analysis that allows us to assess what the 

magnitude of the unobserved covariate should be, in order to drive the impact of 

protection to 0 (DiPrete & Gangle, 2004; Andam et al, 2010).  

 Even though all of the covariate distributions in the PSM specifications are 

balanced, some differences in the covariates of the treated and control villages may still 

remain. Therefore, post-matching, we apply bias and variance correction techniques 

(Imbens & Wooldridge, 2009). These allow us to control for any remaining differences in 

the covariate distributions and heteroskedasticity between treatment arms (Imbens & 

Wooldridge, 2009). The technique replaces the original values for the matched controls 

with bias-adjusted ones. In other words,  

 

 

 

where Ti is the treatment indicator (Ti =1 if i is treated), j pertains to the id of the control 

observation matched to i, X1 and X0 stand for the subsets of the vector of covariates, X, 

for the treated and control groups, respectively, and stands for the vector of 

estimated coefficients from the regression on the control group only. While not being 

fully efficient, the bias corrected matching estimator is root-N consistent regardless of the 

number of covariates (Abadie & Imbens, 2011). 
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 The literature has suggested that the standard errors of the matching estimator 

based on a fixed number of nearest neighbor matches with replacement do not meet the 

efficiency bound established by Hahn (1986) (Abadie & Imbens, 2006). For this we 

apply the adjustment suggested by Abadie & Imbens (2006). We estimate the variance as 

, where (Imbens & Wooldridge, 2009). This 

variance formula allows us to adjust for heteroskedasticity within each treatment arm and 

construct valid confidence intervals to compare impact estimates within subgroups. This 

variance estimator has been formally justified for matching on the covariates and not on 

the estimated propensity score (Abadie & Imbens, 2011). In the PSM model we 

implement it by ignoring the estimation error in the propensity score (Abadie & Imbens, 

2011). We present the results with and without the post-matching corrections in Table 4 

in the main text.  

3.3.2.2!PostBmatching!semiB!and!nonBparametric!regressions!

 While a large number of studies have focused on providing point estimates for the 

ATT, the literature has recognized the impact of an intervention is likely to vary 

according to the characteristics of the area or the population (Ravallion 2008; Todd, 

2007; Ferraro et al, 2011). For example, Ravallion (2008) discusses how a poverty 

reduction intervention may have varying results depending on the degree of baseline 

poverty, with the intervention having the greatest impact for the households with the 

lowest income per capita. In order to address the heterogeneity of the impacts, multiple 

other studies have divided the sample into groups based on some baseline characteristic 

and have estimated the average treatment effects on the treated within each subgroup 

2

1

2
^^
)(

iT

N

i
iV σλτ ∑

=

=
( )

2
)(

2
2 li

iT
YYX

i

−
=σ



!

! 77!

(e.g. Ferraro & Hanauer, 2011; Pattanayak et al, 2010). In this chapter, we analyze how 

the treatment effect on the treated (TT) varies as a function of continuous baseline 

covariates (Ferraro et al, 2011). The covariates included in the specifications include the 

baseline poverty and forest levels, the proximity to ports, district and province capitals, 

the baseline electoral participation and the type of property rights within a village as well 

as a binary covariate whether there were direct elections prior in 2005 and whether (how 

many times) a district split.  

To address the possibility of heterogeneity in the PA impacts in Indonesia, post-

matching we apply nonparametric and semi-parametric local linear least squares models 

with data-driven bandwidth selection in addition to OLS. 12  The post-matching 

regressions allow us to estimate the impacts of protected areas as a continuous function of 

a baseline village and protected area characteristics while holding constant potentially 

confounding variables (e.g. Yatchew 1998; Ferraro, Hanauer et al. 2011).13 For the non- 

and semi-parametric models we choose a local linear least squares estimator because it 

automatically adapts to the design, providing less weight to sparse data (Parmeter, 2011; 

Racine, 2008). The approach in this paper boils down to computing the differences in the 

outcome for each matched pair (TTi) and examining how baseline characteristics explain 

the distribution of the differences. The non- and a semi-parametric partial linear models  

The non-parametric models (NPM) do not specific an a priori functional form for 

the relationship between the dependent and independent variables; instead, the 

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
12 In Tables 7-9 we present the specification that best fit the data. The non-parametric analysis we perform in R 2.15 
using the np package (Tristen Hayfield and Jeffrey S. Racine (2008). Nonparametric Econometrics: The np Package. 
Journal of Statistical Software 27(5).URL http://www.jstatsoft.org/v27/i05/.) 
13 Similarly to the articles by Heckman et al (1998), Ferraro et al (2011) and Ferraro & Hanauer (2011) and Weber et al 
(2011), I use bias-adjusted values for the counterfactual outcomes. The bias adjustment relies on imputing the outcome 
values for the untreated units, in order to establish what the outcome for the untreated unit would have been, had they 
been treated. In this case, the bias adjustments were done within each bandwidth.  
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relationship is obtained from the data themselves (Yatchew 1997; Yatchew 1998).14 In 

the partial linear model (PLM) some covariates enter linearly, while some are allowed to 

have a flexible functional form. This reduces the dimensionality of the estimation 

problem as compared to purely non-parametric methods (Yatchew 1998). The literature 

has suggested two approaches to estimating the PLM. Assuming additive separability 

between the linear and non-linear components of the model, Yatchew (1997) suggests 

estimating it in two stages. In the first stage, the taking the m-th order difference between 

the ordered data points allows us to recover the coefficients of the variables entering 

linearly: as the sample size increases the differences in the covariates entering through 

the nonparametric functions shrink in a way to cancel the effect of the latter (Yatchew 

1997). Once the linear coefficients have been estimated, a locally weighted scatter plot 

smoothing (loess) can recover the fitted functions for the variables that exert a non-

constant impact on the outcome variable (Cleveland 1979; Cleveland and Devlin 1988; 

Lokshin 2006; Ferraro, Hanauer et al. 2011). The efficiency of the estimators depends on 

the order of differencing: the higher, the more efficient the estimator (Yatchew 1997; 

Lokshin 2006). While this approach has been shown to be valid when the number of non-

parametric variables does not exceed 3, in practice most software packages will estimate 

it only for 1 non-linear variable.15  

 In contrast, Robinson’s (1988) approach does not pose restrictions to the number 

of non-linear variables but is more computationally intensive (Yatchew, 1997). Instead of 

differencing the non-parametric part to recover the coefficients for the linear variables, it 

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
14 Some minimal assumptions are often made for the functional form of the nonparametric terms. These usually include 
smoothness and additive separability of the nonparametric variables (Yatchew 1998).  
15 Lokshin’s plreg command in Stata works when the non-linear variable is only 1. Similarly, M. Hanauer has coded 
the PLM procedure in R using Yatchew’s weights, but again the code allows for only 1 non-parametric variable.  
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requires separate nonparametric regressions for each parametric variable and the 

dependent variable (Yatchew 1997; Robinson, 1988). The computational speed and 

consistency of the estimators can be improved by assumptions pertaining to additive 

separability and smoothness (Yatchew, 1998). Because our data suggest that more than 

one variable exerts a non-linear impact on the outcomes of interest, we use Robinson’s 

approach coded in the np package in R.  

 A defining characteristic of the non-parametric methods is that they do not impose 

a functional form. Rather they estimate the value of the regression function at a point by 

performing multiple regressions using the neighboring points (Yatchew, 1998). The 

bandwidth parameter specifies how many points should be included in each regression; 

including more points the variance at the cost of increasing the bias (Yatchew, 1998). For 

this reason, the choice of bandwidth is important. Yet, the literature on program 

evaluation does not provide a clear answer how to select the bandwidth. Heckman et al 

(1998) select a bandwidth of 0.06 that is constant for the semi-parametric estimations for 

the treated and control samples; they results appear robust to changes in the bandwidth 

within the interval [0.04-0.08]. Ferraro et al (2011) use an exogenous bandwidth of 0.75. 

While they claim that this is the bandwidth that captures “important underlying 

variability with relatively little noise” and that allows them to be consistent across 

analyses, no formal justification is presented. The review by Imbens and Wooldridge 

(2009) summarizes that outside the non-parametric literature there is no consistent well 

established approach to choose the bandwidth parameter. In this paper, we apply 

techniques from the non-parametric literature, the Kullback-Leibler improved AIC 

criterion and a cross-validation technique, in order to select a data-driven bandwidth that 
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optimizes the tradeoff between variance and bias (Parmeter, 2011). The improved AICc 

cross-validation technique uses global weights and does not compromise the smoothness 

of the function in the presence of sparse data (Parmeter, 2011; Racine, 2008). The data-

driven rather than imposed bandwidth selection gives us the optimal balance between the 

bias and the variance of the estimates, given a particular dataset. As in Ferraro et al 

(2011), we perform the bias-adjustments within the selected bandwidths, in order to 

control for remaining differences in the covariate distributions.  

 

3.3.3 Data 

We use a village (desa) as the unit of analysis. Our sample of over 54,000 villages 

includes only those with positive forest area in 2000. Because of the political instability 

causing significant migration, we exclude Aceh province from our analysis (Czaika & 

Kis-Katos, 2009; Miller & Bunnell, 2010). To establish the counterfactual and construct 

control groups, we employ a large number of biophysical characteristics of our sample 

villages: location (distance to ports by type, proximity to capitals and major cities; slope, 

elevation, river length within a village), climatic variables (average temperature and 

precipitation, aridity index, organic content and pH levels of the soils), socio-economic 

(poverty rate, village accessibility, crime rate, main fuel type used, main source of 

income, degree of religious homogeneity within a village, forest dependence, type of 

property rights, electoral participation proxied by the number of eligible voters who voted 

at the baseline). The socio-economic village data come from Village Potential Statistics 

(PODES) database, which contains village-level census data collected every 3 years by 
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the Indonesian government. The environmental village data were compiled from various 

geospatial datasets from multiple sources.  

3.3.3.1!Treatment!

In this paper we focus on the performance of protected areas between 2000 and 

2006. This is the period after the decentralization laws were enacted. The treatment 

variable is whether or not a village lies, fully or partially, within one of the four 

categories of protected areas, established prior to 2000: IUCN Ia (strict reserves), II 

(national parks), IV (species management areas), and VI (sustainable use16), established 

prior to 2000.17 No were no wilderness areas (IUCN Ib) designated prior to 2000. 

Because there were very few observations falling under IUCN III (natural monuments) 

established prior to 2000, we excluded this category and the villages falling under it from 

the analysis. Because Category IUCN V (protected landscapes) has little bearing on 

deforestation, we exclude villages under this type of PA from the analysis. We also 

exclude from the control group observations immediately adjacent to protected ones for 

fear that some of deforestation or poverty effects may have spilled over to these areas. In 

addition, we exclude from the analysis any protected area (and the villages therein) with 

missing IUCN category or year of establishment as well as those established after 2000.  

The IUCN categories distinguish between the goals and the management needs of 

the protected areas (IUCN 2012). While the PAs in IUCN categories I-IV most often 

allow human presence, all extractive activities are prohibited within their boundaries. In 

contrast, IUCN V and VI allow communities use the forests in sustainable ways (IUCN 

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
16 We use the term sustainable use and multi-use PAs interchangeably to refer to category IUCN VI.  
17 We used a 5% cutoff to define treatment. In other words, a village is protected if at least 5% of its area falls within 
the boundaries of a protected area established before 2000. This cutoff point minimizes the possibility of geospatial 
referencing errors. The villages that had between 0.000001% and 5% of their area under protection were excluded from 
both the control and the treatment groups.  
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2012).18 Implicit in the IUCN categories are also the funding requirements for the PAs 

and potential to raise revenue or obtain donor funding (Emerton et al., 2006). Formally, 

all PAs are under the aegis of the central government (Jepson 2001 Ch.9; Sumardja, 

2003). However, lack of funding and enforcement capabilities of the central governments 

pose significant challenges for the effectiveness of protected areas (Emerton et al., 2006). 

In some cases, however, tourist revenue generates sufficient incentives for the emergence 

of public-private partnerships for the management of the parks for tourism, with a 

fraction of the revenue channeled into the conservation of the area (Emerton et al., 2006). 

Thus, national parks that are popular tourist destinations may also be very effective in 

protecting ecosystems and habitats. 

Descriptive statistics of the protected areas and the protected villages in our 

sample are presented in Tables 6-8. Overall, national parks tend to be the largest in area 

and the relatively most recent PA type (Table 6). However, the villages within each type 

seem to have the similar areas under protection (Table 7); the exception are strict 

reserves—they seem to have the least area under protection. Compared to the control 

group, the protected villages tend to be smaller. There seem to be differences in 

characteristics of the different protected areas and the unprotected control group (Table 

8). For example, the protected villages seem to be less densely populated, farther from 

ports and major cities, on larger slope and elevation. Overall, the four types of protected 

areas seem to be similar in their characteristics: the only exception are the strict reserves, 

which have the highest population density.  

!

!

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
18IUCN 2012: http://www.iucn.org/about/work/programmes/pa/pa_products/wcpa_categories/ 
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Table!6:!Descriptive statistics for the protected areas in our sample. IUCN II 
(national parks) tend to have the largest areas; IUCN VI tend to be the oldest 

established. 

 

Table!7:!Descriptive statistics for the villages in our sample (standard 
deviations are given in parentheses). The protected areas in Aceh have been 

excluded from the analysis!
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PAs are under the aegis of the central government (Jepson 2001 Ch.9; Sumardja, 2003). 

However, lack of funding and enforcement capabilities of the central governments pose 

significant challenges for the effectiveness of protected areas (Emerton et al., 2006). In 

cases, however, tourist revenue generates sufficient incentives for the emergence of 

public-private partnerships for the management of the parks for tourism, with a fraction of 

the revenue channeled into the conservation of the area (Emerton et al., 2006). Thus, 

national parks that are popular tourist destinations may also be very effective in protecting 

ecosystems and habitats. 

Descriptive statistics of the protected areas and the protected villages in our sample 

are presented in Tables 9 and 10.  

&

Table&6: Descriptive statistics for the protected areas in our sample. IUCN II 
(national parks) tend to have the largest areas; IUCN VI tend to be the oldest 

established.&

 

Daniela'A.'Miteva''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''daniela.miteva@duke.edu' ''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''
'
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Table'1.'Descriptive statistics for the protected areas in our sample. IUCN II (national parks) 
tend to have the largest areas; IUCN VI tend to be the oldest established.  

' '

PA'Type' Description' Average'area'(in'sq'
km)'

#PAs' Average'year'
established'

IUCN'Ia'
''

Strict'reserves' 213.63'
(509.41)'

95' 1973'

IUCN'II'
''

National'parks' 3530.18'
(5309.65)'

32' 1985'

IUCN'IV'
''

Species'
management'
areas'

660.47'
(1604.18)'

39' 1979'

IUCN'V'
''

Protected'
landscapes'

150.21'
(257.40)'

28' 1978'

IUCN'VI'
''

Multi9use'PAs' 787.91'
(2278.21)'

29' 1951'

44"
"

 

Table!2. Descriptive statistics for the villages in our sample (standard deviations are given in 
parentheses). The protected areas in Aceh have been excluded from the analysis 

PA!type!
Average!
year!est!

Average!
village!area!

Average!
fraction!
of!
village!
within!
PA! N!

IUCN"Ia"
""

1973"
""

49.76"
(98.97)"

0.51"
(0.32)" "422"

IUCN"II"
""

1985"
""

80.09"
(211.50)"

0.66"
(0.33)" "1,072"

IUCN"IV"
""

1979"
""

79.13"
(161.08)"

0.58"
(0.33)" "286"

IUCN"VI"
""

1951"
""

72.11"
(281.35)"

0.62"
(0.32)"

"
"305"

Controls" "
41.37"

(122.09)" " 40,055"
'
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Table!8:!Descriptive statistics for each treatment group (standard deviations 
in parentheses).!

 

3.3.3.2!Outcomes!

Previous studies have suggested that logging is highly correlated with 

deforestation in Indonesia for our time period (B. Resosurdarmo 2011; I. Resosurdarmo, 

2005; Burgess et al,2012; Geist & Lambin, 2002).19 The deforestation data for 2000-2006 

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
19!The model is qualitatively similar for oil palm concessions and mining.  

45"
"

Table 3. Descriptive statistics for each treatment group (standard deviations in parentheses).  

Covariate! Controls! IUCN!IA! IUCN!II! IUCN!IV! IUCN!VI!

Average"elevation"
206.54"
(311.37)"

411.41"
(453.42)"

775.87"
(753.23)"

442.35"
(402.40)"

812.14"
(566.63)"

Average"slope"
4.16"
(4.78)"

8.10"
(6.51)"

11.81"
(5.98)"

9.04"
(6.06)"

13.21"
(5.39)"

Distance"to"ports"
64381.20"
(48468.49)"

45086.40"
(38412.08)"

82157.80"
(58118.47)"

69322.20"
(51527.84)"

82442.60"
(43104.81)"

Distance"to"city"
18425.81"
(22658.38)"

20720.98"
(16905.06)"

28872.51"
(21511.42)"

30823.59"
(33608.87)"

37081.64"
(34411.91)"

Distance"to"
provincial"capital"

108833.80"
(88232.74)"

147500.40"
(151518.50)"

167039.30"
(89801.90)"

185327.10"
(132134.90)"

242529.40"
(143892.30)"

Distance"to"
permanent"market"
in"2000"

8.05"
(15.20)"

14.50"
(23.55)"

15.84"
(22.98)"

21.10"
(29.40)"

22.71"
(27.74)"

Average"forest"
cover"in"2000"

29.47"
(18.92)"

41.19"
(21.45)"

49.19"
(18.30)"

48.81"
(18.59)"

54.77"
(16.89)"

1"if"village"
developed"

0.13"
(0.34)"

0.24"
(0.43)"

0.35"
(0.48)"

0.17"
(0.37)"

0.19"
(0.40)"

Population"density"
in"2000"

1574.71"
(4683.11)"

3326.80"
(12798.41)"

160.72"
(252.58)"

136.94"
(264.39)"

109.44"
(248.54)"

1"if"crime"present"
in"2000"

0.17"
(0.37)"

0.18"
(0.39)"

0.16"
(0.37)"

0.11"
(0.31)"

0.12"
(0.32)"

1"if"in"Sumatra"
0.20"
(0.40)"

0.13"
(0.33)"

0.38"
(0.48)"

0.53"
(0.50)"

0.41"
(0.49)"

1"if"in"Sulawesi"
0.09"
(0.29)"

0.11"
(0.31)"

0.13"
(0.34)"

0.32"
(0.47)"

0.19"
(0.39)"

Poverty"rate"in"
2000"

0.51"
(0.28)"

0.47"
(0.31)"

0.57"
(0.31)"

0.48"
(0.28)"

0.46"
(0.27)"

1"if"in"Kalimantan"
0.09"
(0.29)"

0.14"
(0.34)"

0.06"
(0.24)"

0.07"
(0.25)"

0.27"
(0.44)"

N" 40,309" 422" 1072" 286" 305"
"
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come from the MODIS VCF datasets (DiMiceli, C.M., M.L. Carroll, R.A. Sohlberg, C. 

Huang, M.C. Hansen, and J.R.G. Townshend (2011), Annual Global Automated MODIS 

Vegetation Continuous Fields (MOD44B) at 250 m Spatial Resolution for Data Years 

Beginning Day 65, 2000 - 2010, Collection 5, Percent Tree Cover, University of 

Maryland, College Park, MD, USA). These data indicate the percent forest cover, as 

defined by the light penetration to the ground within a landscape cell of size 250m by 

250m. This definition of deforestation allows us to capture changes in the light 

penetration due to logging. As in Sims (2010), we standardize the forest area lost within a 

village by the total village area. Figure 1 presents the spatial distribution of the 

deforestation variable.  

The poverty variable measures the number of households within a village that fall 

below the national poverty line20 established by the National Family Planning Agency 

(BKKBN) on the basis of approximately 20 household welfare indicators (ODI 2006; 

Tabor & Sawit, 2001). While we recognize our poverty dependent variable may not 

reflect actual household consumption, it provides comparable values for household assets 

for the whole country of Indonesia across years.  Previous studies evaluating the welfare 

impacts of conservation interventions have used consumption (Bandyopadhyay & 

Tembo, 2010), changes in the wage rates (Robalino & Vilanobos-Fiatt, 2010), income 

and wealth (Weber et al, 2011) or poverty metrics based on combination of census and 

household data (Sims, 2010). We standardize the poverty outcome by the number of 

households living in the village within a given year. Figure 2 presents the spatial 

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
20 These are the prasejahtera and sejahtera I households, targeted by the national rice distribution program from 1997 
(ODI: http://www.odi.org.uk/resources/download/1071.pdf). Previous studies flag some issues with the way the 
standards were established (national rather than local, giving too much weight to some indicators (e.g., good house), 
but not considering the very few possessions by the households (Olken, 2001: 
http://www.smeru.or.id/report/workpaper/sharewealth/sharewealth.pdf) 
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distribution of the poverty variable (negative values indicate a reduction in poverty). 

Please note that in this paper we focus only on the nationally comparable estimates based 

on the number of assets and not on the local measures of poverty proxied by the number 

of poverty certificates issued within a given year (see Chapter 2 for a more detailed 

discussion on the two metrics).  

 

3.4  Results  

3.4.1 Summary of impacts 

Table 9 summarizes the normalized differences in the covariate distributions 

between the treated and control subgroups. As a rule of thumb, absolute values greater 

than 0.25 suggest that without techniques accounting for the non-random placement of 

protection, the results would be very sensitive to the specification (Imbens & 

Wooldridge, 2009). The values greater than 0.25 have been highlighted in red in Table 9. 

In other words, the table provides empirical justification for matching.  
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Table!9:!Normalized differences between the control and protected groups. 
Previous studies have suggested |0.25| as the rule of thumb value: normalized 

differences greater than that lend support to the use of matching methods that 
control for the endogenous placement of protection (Imbens & Wooldridge, 2009).  

Such values appear in red in the table below.!

 

 

The results from the first stage of the PSM models are presented in Table 10.  

Consistent with the expectations from Table 9, the results from the first stage of the PSM 

suggest that the location of the PAs in Indonesia is not random. Specifically, PAs tend to 

be established in areas with higher slopes, smaller population density, close to ports and 

in areas with higher crime levels and less development. The location of the different PA 

types is associated with different characteristics: villages spanned by strict reserves 

(IUCN Ia) tend to in more densely population areas. National parks (IUCN II) tend to be 

closer to province capitals, whereas the opposite holds true for species management areas 

and multi-use PAs.  

46"
"

Table 4. Normalized differences between the control and protected groups. Previous studies 
have suggested |0.25| as the rule of thumb value: normalized differences greater than that lend 
support to the use of matching methods that control for the endogenous placement of protection 
(Imbens & Wooldridge, 2009).  Such values appear in red in the table below.  

Covariate" IUCN"Ia" IUCN"II" IUCN"IV" IUCN"VI"
Average"elevation" 0.37" 0.70" 0.46" 0.94"
Average"slope" 0.49" 1.00" 0.63" 1.26"
Distance"to"ports" T0.31" 0.23" 0.07" 0.28"
Distance"to"city" 0.08" 0.33" 0.31" 0.45"
Distance"to"provincial"capital" 0.22" 0.46" 0.48" 0.79"
Distance"to"permanent"market"
in"2000" 0.23" 0.28" 0.39" 0.46"
Average"forest"cover"in"2000" 0.41" 0.75" 0.73" 1.00"
1"if"village"developed" 0.20" 0.39" 0.08" 0.12"
Population"density"in"2000" 0.13" T0.30" T0.31" T0.31"
1"if"crime"present"in"2000" 0.03" T0.01" T0.12" T0.10"
1"if"in"Sumatra" T0.15" 0.27" 0.51" 0.32"
1"if"in"Sulawesi" 0.03" 0.09" 0.41" 0.20"
Poverty"rate"in"2000" T0.09" 0.14" T0.06" T0.13"
1"if"in"Kalimantan" 0.09" T0.08" T0.07" 0.33"
! '
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Table 10: Results from the first stage of the PSM (logit), using the 2000 
characteristics of the villages (standard errors given in parentheses). All of the 
models have balanced covariate distributions (presented in the Appendix D) 

 

 47"
"

Table'5.!Results!from!the!first!stage!of!the!PSM!(logit),!using!the!2000!characteristics!of!the!
villages!(standard!errors!given!in!parentheses).!All!of!the!models!have!balanced!covariate!
distributions!(presented!in!the!Appendix!A)!

Variable!
Strict!reserves!
(IUCN!IA)!

National!
Parks!
(IUCN!II)!

Species!
management!
areas!(IUCN!
IV)!

MultiNuse!
PAs!
(IUCN!VI)!

Average"elevation,"in"
m"

3.28ET03***"
(3.04ET04)"

1.06ET03***"
(1.87ET04)"

8.35ET05"
(1.95ET04)"

1.47ET03***"
(1.49ET04)"

Elevation"squared"
T8.59ET07***"
(1.71ET07)"

2.13ET07***"
(8.07ET08)"

""
""

""
""

Distance"to"ports,"in"
m"

T2.36ET05***"
(1.60ET06)"

""
""

T8.84ET06***"
(1.55ET06)"

T8.35ET06***"
(1.42ET06)"

Sq"root"distance"to"
ports"

1.82ET03**"
(9.13ET04)"

0.01***"
(1.75ET03)"

""
""

1.76ET03*"
(9.39ET04)"

Distance"to"city,"in"m"
""
""

T1.36ET05***"
(4.14ET06)"

T5.02ET06"
(3.30ET06)"

""
""

Organic"content"in"
the"topsoil,"sq"rt"

""
""

""
""

0.16***"
(0.06)"

0.24***"
(0.06)"

Average"slope,"in"
degrees"

""
""

0.08***"
(0.01)"

0.08***"
(0.02)"

0.14***"
(0.01)"

Distance"to"province"
capital,"sq"root""

T1.12ET03***"
(3.77ET04)"

""
""

""
""

""
""

Distance"to"province"
capital,"in"m"

""
""

T2.40ET06***"
(4.04ET07)"

6.94ET07"
(6.82ET07)"

3.50ET06"
(5.96ET07)"

Distance"to"
permanent"markets"
in"2000,"in"km"

0.01***"
(2.78ET03)"

T3.50ET03*"
(1.82ET03)"

0.02***"
(2.73ET03)"

4.01ET03"
(2.68ET03)"

Average"forest"cover"
in"2000"

0.01***"
(3.08ET03)"

""
""

""
""

""
""

Sq"root"average"
forest"cover"in"2000"

""
""

0.13***"
(0.03)"

0.03"
(0.05)"

T0.03"
(0.05)"

1"if"village"developed"
in"2000"

T0.49***"
(0.12)"

""
""

""
""

""
""

1"if"village"less"
developed"in"2000"

""
""

0.73***"
(0.08)"

T0.77***"
(0.19)"

T0.73***"
(0.19)"

1"if"village"medium"
developed"in"2000"

""
""

""
""

T0.77***"
(0.14)"

T0.63***"
(0.15)"

Fraction"voters"in"
2000"

""
""

""
""

1.22***"
(0.46)"

""
""

Population"density"in"
2000"

4.04ET05***"
(5.40ET06)"

T1.82ET03***"
(4.18ET04)"

""
""

""
""

Sq"root"population"
density"in"2000"

""
""

T0.05***"
(0.01)"

T0.11***"
(0.01)"

T0.06***"
(0.01)"

1"if"crime"present"in"
2000"

0.22"
(0.14)"

0.43***"
(0.09)"

""
""

""
""
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The raw and bias adjusted average point estimates from the second stage of the 

PSM for the four types of PAs are presented in Table 11 and Figures 4-5. Matching 

balanced all covariate distributions (the results from the covariate tests for each treatment 

are presented in Appendix D). The results indicate on average the four protected area 

categories were effective at stalling deforestation, with the magnitude dependent on the 

type of protection. The multi-use PA have the largest coefficient suggesting the greatest 

impact on stalling deforestation. However, the overlapping CIs in Fig 4 suggest that the 

differences between the effectiveness of the different types of PAs are not statistically 

significant. None of the PA categories had a statistically significant impact on reducing 

poverty within our study period (Fig. 5).   

48"
"

1"if"in"Sumatra"
T0.62***"
(0.17)"

T0.34***"
(0.11)"

2.80***"
(0.22)"

1.62***"
(0.29)"

1"if"in"Papua"
3.35***"
(0.20)"

T2.82***"
(0.28)"

0.56"
(0.57)"

""
""

1"if"in"Sulawesi"
T0.24"
(0.18)"

T1.00***"
(0.12)"

""
""

""
""

Poverty"levels"in"
2000"

""
""

""
""

""
""

T1.38***"
(0.30)"

Sq"root"poverty"
levels"in"2000"

T1.42***"
(0.22)"

""
""

""
""

""
""

1"if"in"Kalimantan"
1.34***"
(0.19)"

T1.24***"
(0.17)"

""
""

2.64***"
(0.25)"

Sumatra*Population"
density"in"2000"

""
""

1.89ET03***"
(3.06ET04)"

""
""

""
""

Sumatra*"Poverty"
levels"in"2000"

""
""

""
""

T1.43***"
(0.34)"

0.49"
(0.49)"

Sulawesi*"Poverty"
levels"in"2000"

""
""

""
""

2.69***"
(0.26)"

2.17***"
(0.33)"

Constant"
T3.75***"
(0.23)"

T4.94***"
(0.29)"

T5.53***"
(0.54)"

T6.53***"
(0.48)"

!
 Significance levels ***1%, **5%, *10% 

"

"
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!

Figure 4: Average treatment effect for deforestation for the strict reserves, 
national parks, species management areas, protected landscapes and multi-use PAs, 

respectively. The negative values indicate a decrease in deforestation (the vertical 
axis is the percentage avoided deforestation between 2000 and 2006). The vertical 
bars represent the CI (90% CI for the strict reserves and national parks; 99% CI 

for the remaining two groups). An impact is statistically significant of the CIs do not 
cross the horizontal axis.  The overlapping CIs suggest that the differences in the 

effectiveness of the four types of PAs are not statistically significant. 

DEFORESTATION: PA EFFECTIVENESS 
DEPENDS ON THE PA TYPE 

-8
-6

-4
-2

0
AT

T

Strict reserves Nat. parks Sp. management areas Multiuse PA

-1.24%* 

-0.88%* 

-2.64*** 

-4.09*** Significance levels: ***1%, **5%, *10% 
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Figure!5:!Average causal impact of protection on poverty reduction (ATT) by 
types of protection (bias-adjusted values). Negative values indicate decrease in 
poverty due to protection; positive values-increase in poverty (the vertical axis 

represents the fraction change in poverty levels). The vertical bars represent 90% 
confidence intervals (CI). An impact is statistically significant if the CIs do not cross 
the horizontal axis. In this case, all of the estimates are statistically indistinguishable 

from 0.  

POVERTY: NO SIGNIFICANT 
IMPACTS 
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0

.05
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Table!11:!Point estimates for the causal impact of PA (the standard errors are 
given in parentheses and Rosenbaum’s bounds test Г-statistic in square brackets). 
The negative values for deforestation suggest avoided deforestation; similarly, for 

the poverty variable negative values for the coefficients suggest poverty reductions. 
The results suggest that on average PA have different environmental and socio-

economic impacts. The relatively low Г for the bias adjusted results indicates that 
the estimates may be sensitive to the presence of unobserved bias, but not that such 

bias necessarily exists (Andam et al, 2010).!

!

 

Post-matching, we perform non- and semi-parametric regressions on the matched 

sample, in order to analyze how the effectiveness of protection varies according to the 

baseline characteristics of the villages. In this paper, we consider the impact of (1) the 

proximity to markets, proxied by the distance to major cities, (2) the baseline poverty and 

forest levels, (3) the electoral participation, (4) the type of property rights, (5) the timing 

of elections and (6) number of district splits. We selected these variables based on the 

predictions of our theoretical model and previous studies (e.g., Larson & Soto, 2008). We 

use data-driven non-parametric techniques to obtain bias adjustments of the effectiveness 

variable (ATT) within each bandwidth.  

49#
#

Table&6.&Point estimates for the causal impact of PA (the standard errors are given in parentheses and Rosenbaum’s bounds test Г-statistic in 
square brackets). The negative values for deforestation suggest avoided deforestation; similarly, for the poverty variable negative values for 
the coefficients suggest poverty reductions. The results suggest that on average PA have different environmental and socio-economic 
impacts. The relatively low Г for the bias adjusted results indicates that the estimates may be sensitive to the presence of unobserved bias, 
but not that such bias necessarily exists (Andam et al, 2010) 

Deforestation&200032006& Poverty&200032006&

Treatme
mt&

PSM&
PSM&&&
Mahalanobis&& PSM&& PSM&&&Mahalanobis&&

Raw&
ATT&&

Bias&Adj.&
ATT&

n&
&(treated&
/controls)&

Raw&
ATT&&

n&
(treated/
controls)&

Raw&
ATT&&

Bias&
Adjust
ed&ATT&

n&
&(treated/&
controls)& Raw&ATT&&

n&
&
(treated/c
ontrols)&

Strict#
reserves##
IUCN#IA#

11.46**#
(0.71)#
[1.40]#

11.24*#
(0.72)#
[1.30]#

367/#
39998#

##

10.79#
(0.74)#

##

381/#
44445#

##

10.02#
(0.03)#
##

10.01#
(0.03)#

##

364/#
39880#

##

10.04#
(0.03)#

##

378/#
44314#

##
Nat.#
parks#
IUCN#II#

11.02**#
(0.49)#
[1.30]#

10.88*#
(0.47)#
[1.30]#

999/#
40097#

##

10.99*#
(0.54)#
[1.30]#

1180/#
44536#

##

10.001#
(0.02)#
##

0.002#
(0.02)#

##

995/#
39887#

##

10.01#
(0.02)#

##

1,172/#
44401#

##
Sp.#

Manage
ment##
areas#
IUCN#IV#

12.59**#
(1.06)#
[1.40]#

12.64***#
(0.99)#
[1.50]#

257/#
40044#

##

11.49#
(1.18)#

##

251/#
43472#

##

10.03#
(0.03)#
##

10.03#
(0.03)#

##

250/#
39925#

##

10.03#
(0.04)#

##

244/#
43,342#

##
Multi1
use#PAs#
IUCN#VI#

11.98*#
(1.17)#
[1.30]#

14.09***#
(1.28)#
[1.80]#

290/#
39750#

##

12.04*#
(1.08)#
[1.30]#

314/#
44172#

##

0.02#
(0.03)#
##

10.004#
(0.03)#

##

289/#
39632#

##

0.02#
(0.04)#

##

313/#
44041#

##
Significance&levels:&***1%,&**5%,&*10%&
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The results for the deforestation outcome are summarized in Fig. 6-9 and Tables 

12 and 14. Tables 12 summarizes the results from OLS using quadratic forms for the non-

linear variables for the deforestation and poverty outcomes, respectively; Table 14 

presents a summary of the partial linear models. Similarly, the results from the OLS and 

partial linear models for the poverty outcome appear in Tables 13 and 14 and Figures 10-

14. For both outcomes, we find that the two estimation approaches provide very 

consistent results. The results indicate that that a lot of the covariates we consider enter 

linearly; the common exceptions are the fraction of private land in the village in 2000 and 

the average village area covered with forest at the baseline.  
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Table!12:!Summary of the OLS post-matching tests for the deforestation 
outcome (standard errors given in parentheses). The results of this specification are 

very consistent with the partially linear models in Table 14.!
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Table 7. Summary of the OLS post-matching tests for the deforestation outcome (standard errors 
given in parentheses). The results of this specification are very consistent with the partially linear 
models in Table 9. #

Covariate) IUCN)Ia) IUCN)II) IUCN)IV) IUCN)VI)

Intercept#
+4.03#
(3.83)#

+11.45***#
(3.73)#

+10.20#
(7.53)#

+33.69***#
(10.34)#

Distance#to#city,#in#m#
+1.31E+04**#
(5.41E+05)#

1.02E+04***#
(2.84E+05)#

4.86E+06#
(6.12E+05)#

+2.06E+05#
(4.18E+05)#

Distance#to#city#squared#
4.37E+10**#
(1.71E+10)#

0.04#
(0.14)#

0.64***#
(0.23)#

2.17***#
(0.30)#

Fraction#forest#cover#in#2000#
0.02#
(0.04)#

0.001#
(0.001)#

+0.005**#
(0.002)#

+0.02***#
(0.003)#

Fraction#voters#in#2000#
11.29**#
(4.46)#

6.32**#
(2.89)#

+10.97#
(8.20)#

+21.16**#
(8.32)#

Fraction#private#land#in#2000#
10.01#
(7.04)#

+0.75#
(1.26)#

18.58#
(11.96)#

+7.60#
(11.75)#

Fraction#private#land#in#2000#
squared#

+12.89*#
(7.03)#

+32.20**#
(14.80)#

+26.41**#
(12.29)#

13.71#
(12.03)#

Fraction#adat#in#2000#
+2.82#
(12.03)#

1.19#
(1.77)#

3.62#
(24.27)#

78.79#
(554.60)#

Poverty#levels#in#2000#
2.97#
(2.19)#

2.75**#
(1.16)#

+1.27#
(4.39)#

+36.79**#
(15.65)#

1#if#elections#in#2005#
+5.23***#
(1.50)#

+4.08**#
(1.82)#

+8.47***#
(2.59)#

29.88**#
(14.97)#

1#if#district#split#once#2000+2007#
0.94#
(1.71)#

+3.26**#
(1.49)#

2.14#
(2.82)#

+1.80#
(2.76)#

1#if#district#split#twice#2000+2007#
+1.83#
(2.12)#

+4.25#
(2.63)#

+2.51#
(3.06)#

+10.26***#
(2.94)#

1#if#district#split#3#times#2000+2007#
##
##

##
##

3.25#
(8.12)#

+13.83***#
(3.12)#

1#if#district#split#4#times#2000+2007#
##
##

##
##

11.66#
(10.71)#

+9.08#
(9.21)#

1#if#district#split#5#times#2000+2007#
##
##

##
##

##
##

+22.47#
(17.14)#

Protected#area,#in#sq#km#
+0.01#
(0.01)#

+0.0005#
(0.0012)#

0.02#
(0.02)#

0.0046#
(0.0040)#

R2#
df#
F+stat#
P"val#

0.11#
302#
3.21#
0.00#

0.06#
896#
4.41#
0.00#

0.13#
218#
2.41#
0.00#

0.27#
265#
6.24#
0.00#

Significance#levels:#***+1%,#**+5%,#*+10%#

#

#

#
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Table!13:!Summary of the OLS post-matching tests for the poverty outcome 
(standard errors given in parentheses). The results of this specification are very 

consistent with the partially linear models in Table 14.!
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Table 8. Summary of the OLS post-matching tests for the poverty outcome (standard errors 
given in parentheses). The results of this specification are very consistent with the partially linear 
models in Table 9. 

Covariate) IUCN)Ia) IUCN)II) IUCN)IV) IUCN)VI)

Intercept#
+0.437***#
(0.146)#

+0.541***#
(0.126)#

+0.382#
(0.287)#

+0.641**#
(0.283)#

Distance#to#city,#in#m#
8.48E+08#
(6.07E+07)#

+2.20E+06#
(2.18E+06)#

+4.46E+06**#
(1.72E+06)#

1.07E+06#
(1.14E+06)#

Distance#to#city#squared#
#

+3.45E+12#
(2.49E+11)#

# #

Average#forest#cover#in#2000#
0.004***#
(0.001)#

+0.005#
(0.004)#

+0.016**#
(0.006)#

+0.009#
(0.008)#

Average#forest#cover#in#2000#
squared#

#

9.81E+05**#
(4.65E+05)#

1.79E+04***#
(6.36E+05)#

1.00E+04#
(7.17E+05)#

Fraction#voters#in#2000#
+0.109#
(0.174)#

0.181*#
(0.095)#

0.747#
(0.847)#

0.646***#
(0.227)#

Fraction#voters#in#2000#squared#
# #

+0.423#
(0.771)#

#

Fraction#private#land#in#2000#
+0.057#
(0.070)#

+0.076*#
(0.042)#

+0.751**#
(0.335)#

0.954***#
(0.321)#

Fraction#private#land#squared#
# #

0.630*#
(0.344)#

+0.979***#
(0.329)#

Fraction#adat#in#2000#
+0.483#
(0.460)#

0.432#
(0.489)#

0.636#
(0.681)#

+19.700#
(15.160)#

Poverty#levels#in#2000#
0.568***#
(0.085)#

0.641***#
(0.059)#

0.948***#
(0.125)#

0.169#
(0.428)#

Poverty#levels#in#2000#squared#
# # #

0.593#
(0.409)#

1#if#elections#in#2005#
+0.008#
(0.059)#

0.063*#
(0.039)#

+0.025#
(0.073)#

+0.071#
(0.075)#

1#if#district#split#once#2000+2007#
+0.190***#
(0.066)#

0.043#
(0.060)#

0.020#
(0.079)#

+0.149#
(0.080)#

1#if#district#split#twice#2000+
2007#

0.104#
(0.082)#

0.093*#
(0.049)#

0.269***#
(0.086)#

+0.126#
(0.085)#

1#if#district#split#3#times#2000+
2007#

#

+0.077#
(0.087)#

0.410*#
(0.227)#

+0.287#
(0.252)#

1#if#district#split#4#times#2000+
2007#

# #

0.585*#
(0.300)#

0.161#
(0.469)#

Protected#area,#in#sq#m#
+3.26E+04#
(4.55E+04)#

+3.76E+05#
(3.91E+05)#

+6.33E+04#
(6.59E+04)#

1.80E+05#
(1.09E+04)#

R2#
df#
f+STAT#
P+value#

0.204#
304#
7.793#
0#

0.138#
895#
11.000#
0#

0.300#
217#
6.201#
0#

0.213#
265#
4.767#
0#

Significance#levels:#***+1%,#**+5%,#*+10%#



!

! 96!

Table!14:!Results from the PLM analysis. The coefficients for the linear of 
variables and their standard errors are presented in the table. The specification for 

IUCN Ia (strict reserves) did not have nonlinear covariates and so the results are 
identical to those in Tables 12 and 13.!
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Table 9.Results from the PLM analysis. The coefficients for the linear of variables and their 
standard errors are presented in the table. The specification for IUCN Ia (strict reserves) did not 
have nonlinear covariates and so the results are identical to those in Table 6. #

Covariate)
Deforestation) Poverty)

IUCN)Ia) IUCN)II) IUCN)IV) IUCN)VI) IUCN)Ia) IUCN)II) IUCN)IV) IUCN)VI)

Distance#to#
cities,#in#m#

#

9.32E+
05***#
(2.52E+
05)#

+3.05E+
05#
(6.40E+
05)#

+5.26E+05#
(5.23E+
05)#

8.48E+08#
(6.07E+07)# +1.55E+

06*#
(9.24E+07)#

+4.69E+
06*#
(2.56E+
06)#

+6.28E+07#
(1.29E+
06)#

Avg#forest#cover#
in#2000#

0.019#
(0.037)#

##
##

##
##

#

0.004***#
(0.001)#

##
##

##
##

##
##

Fraction#voters#
in#2000#

14.113*
**#
(4.733)#

5.552**#
(2.752)#

+9.386#
(7.635)#

+
19.809**
*#
(7.790)#

+0.109#
(0.174)#

##
##

##
##

0.602***#
(0.191)#

Fraction#private#
land#in#2000#

#

+0.506#
(1.238)#

##
##

#

+0.057#
(0.070)#

##
##

##
##

##
##

Fraction#adat#in#
2000#

+6.672#
(11.640)#

+
31.449**#
(14.766)#

13.366#
(23.575)#

241.765#
(544.423)#

+0.483#
(0.460)# 0.379#

(0.489)#
0.245#
(1.268)#

+11.802#
(13.382)#

Poverty#rate#in#
2000#

2.612#
(2.161)#

1.465#
(1.694)#

+0.767#
(4.137)#

#

0.568***#
(0.085)#

0.605***#
(0.060)#

0.876***#
(0.125)#

##
##

1#if#elections#in#
2005#

+
5.559**
*#
(1.632)#

2.451**#
(1.120)#

+
7.049**
*#
(2.407)#

+1.184#
(2.607)#

+0.008#
(0.059)#

0.062#
(0.040)#

+0.120#
(0.083)#

+0.056#
(0.064)#

1#if#district#split#
at#least#once#in#
2000+2007#

+0.742#
(1.054)#

+
1.601***#
(0.559)#

0.263#
(1.356)#

+
5.994***#
(1.825)#

0.190***#
(0.066)# 0.017#

(0.020)#
0.166***#
(0.044)#

+0.089**#
(0.045)#

Protected#area,#
in#sq.#km#

+0.006#
(0.012)#

+0.001#
(0.001)#

0.036#
(0.023)#

0.004#
(0.004)#

+3.26E+04#
(4.55E+04)# +3.90E+05#

(3.90E+05)#
+0.001#
(0.001)#

2.94E+05#
(9.18E+
05)#

Significance#level:#***+1%,#**+5%,#*+10%
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Figure!6:!The relationship between the fraction private land in 2000 and 
avoided deforestation between 2000 and 2006. Negative values for the treatment 

effects on the treated indicate greater effectiveness in reducing deforestation Except 
for the multi-use PAs, protected areas seem effective at preventing deforestation 

when the fraction of private land within a  village increases. A reverse pattern holds 
for the multi-use PAs. The vertical bars represent 95% CI. The impacts are 

statistically significant of the 95% CI do not cross the horizontal axis. 

34"
"

"

Figure 5. The relationship between the fraction private land in 2000 and reducing deforestation 
outcome between 2000 and 2006. . Negative values for the ATT indicate greater effectiveness in 
reducing deforestation Except for the multi-use PAs, protected areas seem effective at preventing 
deforestation when the fraction of private land within a  village increases. A reverse pattern holds 
for the multi-use PAs. The vertical bars represent 95% CI. The impacts are statistically 
significant of the 95% CI do not cross the horizontal axis.  
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Figure 7: Relationship between avoided deforestation and the proximity to 
cities for the strict reserves. Negative values for the treatment effects on the treated 
indicate greater effectiveness in reducing deforestation. The graph indicates that as 
the proximity to cities increases, the PA becomes very ineffective. The vertical bars 

represent 95% CI. The impacts are statistically significant of the 95% CI do not 
cross the horizontal axis. 
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Figure 7.Relationship between ATT and baseline poverty for multi-use PAs. Negative values for the ATT 
indicate greater effectiveness in reducing deforestation!The graph indicates that protection becomes more 
effective when the poverty levels increase. One explanation is that people are more dependent on the goods 
and services from forests and thus have an incentive to enforce regulations within PAs. The vertical bars 
represent 95% CI. The impacts are statistically significant of the 95% CI do not cross the horizontal axis. !  
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indicate greater effectiveness in reducing deforestation!The graph indicates that 
protection becomes more effective when the poverty levels increase. One 

explanation is that people are more dependent on the goods and services from 
forests and thus have an incentive to enforce regulations within PAs. The vertical 
bars represent 95% CI. The impacts are statistically significant of the 95% CI do 

not cross the horizontal axis. 
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Figure!9:!Relationship between baseline forest and avoided deforestation for 
the national parks, species management areas and multi-use PAs. Negative values 
for the treatment effect on the treated indicate greater effectiveness in reducing 
deforestation. The graphs suggest that generally the PAs effectiveness in stalling 
deforestation decreases with the baseline forest area. These graphs are consistent 

36"
"

!

Figure 8. Relationship between baseline forest and avoided deforestation for national parks, species 
management areas and multi-use PAs. Negative values for the ATT indicate greater effectiveness in reducing 
deforestation. The graphs suggest that generally the PAs effectiveness in stalling deforestation decreases with 
the baseline forest area. These graphs are consistent with our prior expectations. The vertical bars represent 
95% CI. The impacts are statistically significant of the 95% CI do not cross the horizontal axis. 
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with our prior expectations. The vertical bars represent 95% CI. The impacts are 
statistically significant of the 95% CI do not cross the horizontal axis. 
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Figure!10:!Relationship between poverty reduction due to protection and the 
fraction of voters at the baseline for the species management areas (IUCN IV). 

Negative values for the treatment effect on the treated indicate greater effectiveness 
in reducing poverty. The figure indicates greater effectiveness, when the electoral 

participation is lower. The vertical bars represent 95% CI. The impacts are 
statistically significant of the 95% CI do not cross the horizontal axis. 
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Figure 9. Relationship between poverty reduction due to protection and the fraction of voters at the baseline 
for species management areas (IUCN IV). Negative values for the ATT indicate greater effectiveness in 
reducing poverty. The figure indicates greater effectiveness, when the electoral participation is lower. The 
vertical bars represent 95% CI. The impacts are statistically significant of the 95% CI do not cross the 
horizontal axis. 
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Figure 10. Relationship between poverty reduction due to protection and proximity to cities. Negative values 
for the ATT indicate greater effectiveness in reducing poverty. The vertical bars represent 95% CI. The 
impacts are statistically significant of the 95% CI do not cross the horizontal axis. The figure suggests greater 
poverty reduction closer to cities. This is consistent with previous studies (e.g. Pfaff et al, 2013).  
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Figure!11:!Relationship between poverty reduction and the proximity to cities 
for national parks. Negative values for the ATT indicate greater effectiveness in 

reducing poverty. The vertical bars represent 95% CI. The impacts are statistically 
significant of the 95% CI do not cross the horizontal axis. The figure suggests 

greater poverty reduction closer to cities. This is consistent with previous studies 
(e.g. Pfaff et al, 2013).  
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Figure!12:!Relationship between poverty reduction due to multi-use 
protection and the baseline poverty levels. Negative values for the ATT indicate 

greater effectiveness in reducing poverty. The vertical bars represent 95% CI. The 
impacts are statistically significant of the 95% CI do not cross the horizontal axis. 
The figure suggests that multi-use PAs were effective at reducing poverty when the 

baseline levels were low, but may have had the reverse impact when the baseline 
poverty levels are high.  
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Figure 11. Relationship between poverty reduction due to multi-use protection and the baseline poverty 
levels. Negative values for the ATT indicate greater effectiveness in reducing poverty. The vertical bars 
represent 95% CI. The impacts are statistically significant of the 95% CI do not cross the horizontal axis. The 
figure suggests that multi-use PAs were effective at reducing poverty when the baseline levels were low, but 
may have had the reverse impact when the baseline poverty levels are high.  
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Figure!13:!Relationship between poverty reduction due to protection and the 
baseline forest cover.!Negative values for the treatment effect on the treated indicate 
greater effectiveness in reducing poverty. The vertical bars represent 95% CI. The 
impacts are statistically significant of the 95% CI do not cross the horizontal axis. 39"
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Figure 12. Relationship between poverty reduction due to protection and the baseline forest cover.!Negative 
values for the ATT indicate greater effectiveness in reducing poverty. The vertical bars represent 95% CI. 
The impacts are statistically significant of the 95% CI do not cross the horizontal axis. The graphs suggest 
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The graphs suggest that PAs were effective at reducing poverty when the baseline 
forest levels were not very high (about 60% of the village area).!

,
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Figure!14:!Relationship between the fraction of private land at the baseline 
and the effectiveness of reducing poverty. Negative values for the treatment effect 
on the treated indicate greater effectiveness in reducing poverty. The vertical bars 
represent 95% CI. The impacts are statistically significant of the 95% CI do not 
cross the horizontal axis. While species management areas seem to have reduced 
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Figure 13.Relationship between the fraction of private land at the baseline and the effecetiveness of reducing 
poverty. Negative values for the ATT indicate greater effectiveness in reducing poverty. The vertical bars 
represent 95% CI. The impacts are statistically significant of the 95% CI do not cross the horizontal axis. 
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poverty regardless of the values of the covariate, for the multi-use PAs it seems that 
more private land translates into greater effectiveness in poverty reduction.!

,

The,role,of,property,rights,

We find that a fraction of private property translates into greater PA effectiveness 

generally (Fig.6/Table 14). However, the impacts differ by PA type: for PAs to be 

effective at reducing deforestation, the fraction of private property should be close to 1 

for strict reserves and species management areas. For multi-use PAs, it seems that both 

lower and higher levels of private property lower deforestation (Fig.6). Although the 

impact of private property on deforestation within national parks is insignificant, the 

higher fractions of adat lands there increases the effectiveness of protection. For the 

poverty reduction outcome, it seems that more land under private property increases the 

effectiveness of species management areas and multi-use PAs to reduce poverty (Fig.14).  

 

The,role,of,baseline,forests,

As predicted, we find that generally lower baseline forest areas translate into 

greater reduction in deforestation (Fig. 9). Except for strict reserves, we find that the 

relationship has a very distinct shape: effectiveness increases until some critical forest 

area value (60-80%), then decreases and increases for very high values of baseline forest 

cover. The impact of the baseline forest cover on preventing deforestation for strict 

reserves was not statistically significant.  

The impacts of baseline forest levels on poverty reduction indicate 

complementarities: protected seem effective in reducing poverty when there are lower 
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values of forest cover (Fig. 13). The only exceptions to this pattern are strict reserves: 

baseline forest cover had no impact on the PA effectiveness there.  

The,role,of,baseline,poverty,,

Except for multi-use PAs, the baseline poverty did not impact the performance of 

protected areas in terms of reducing deforestation (Table 8). Similarly, except for the 

multi-use PAs, high baseline poverty levels also seem to increase the poverty levels. For 

the most part, the multi-use PAs seem to generate trade-offs between the two outcomes: 

protection seems to reduce deforestation when the poverty levels are relatively high (Fig. 

8), but exacerbate poverty (Fig.12). It seems that poverty alleviation and avoided 

deforestation are only possible is when the baseline poverty levels are between 0.4 and 

0.6.  

The,role,of,proximity,to,major,cities,

The results indicate no consistent pattern for the role of proximity to major cities; 

the impacts seem to flip from one category of protection to another. Strict reserves seem 

to be marginally effective, when close to major cities and become very ineffective when 

far (Fig. 7). The impact of distance to major cities on poverty for the strict reserve 

category is not statistically significant (Table 11). It doesn’t have a statistically 

significant impact on the multi-use PAs category as well.  

However, it seems to generate trade-offs in the performance of national parks: as 

predicted they are effective at reducing deforestation when close to major cities, but have 

positive welfare impacts when far (Table 14). That the poverty reduction impacts occur 

when the protected village is away from major cities holds true for species management 

areas as well.  
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The,role,of,increased,accountability,

Higher electoral participation at the baseline translated into greater effectiveness 

in terms of reducing deforestation only for multi-use PAs and species management areas 

(although the impact is not statistically significant for the latter). For national parks and 

strict reserves, it had the reverse impact. It seemed to exacerbate poverty for species 

management areas (Fig. 10) and multi-use PAs.  

The introduction of direct elections did not have any statistically significant 

impacts on poverty reduction. The impacts on avoided deforestation depend on the type 

of PA: for strict reserves and species management areas, it reduced the loss of forests. 

This is in contrast to the impact on national parks. It did not have a statistically 

significant impact on deforestation in multi-use PAs.  

The,role,of,district,splits,

District splitting seems to have resulted in greater avoided deforestation for 

national parks and multi-use PAs. It seems to have reduced poverty in strict reserves and 

multi-use PAs, but increase poverty in species management areas.  

,

3.4.2 What have we learnt about the performance of protected areas 
in Indonesia between 2000 and 2006? 

Our results indicate decentralization impacted the threat levels forests face as well 

as the enforcement of conservation policies. For example, strict reserves were more 

effective in the presence of direct elections, yet their effectiveness decreased with 

electoral participation. This lends support to decentralization increasing threat levels 

(through the presence of elections), but decreasing the enforcement. In contrast, both 

lower enforcement and increasing threat levels seem to explain the very small average 
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impact of national parks. For the multi-use PAs higher electoral participation reduced 

deforestation, while the impact of elections was not statistically significant. This pattern 

is consistent with fewer threats, but increased enforcement, resulting in a greater average 

impact on deforestation.  

Despite the rapid changes in the political, fiscal and administrative structure of the 

country, we find evidence that protected areas reduced deforestation on average, but did 

not have a statistically significant impact on poverty reduction on average in that time 

period. However, we do detect significant heterogeneity associated with the baseline 

community characteristics and the type of PAs and identify areas where trade-offs and 

complementarities in the two outcomes occur. In aggregate, it seems that multi-use PAs 

outperform strict protected areas like strict reserves and national parks in terms of the 

magnitude of the avoided deforestation impact (the difference is not statistically 

significant, however). However, as previous studies have pointed out, given the very 

different characteristics of the villages in which the strict and multi-use PAs are located, 

it may be differences in the locational characteristics rather than strictness of protection 

per se that drives this conclusion (Ferraro et al, 2013).  

The results appear consistent with our expectations, derived by the theoretical 

model: National parks seem effective at reducing deforestation when close to major 

cities; lower baseline forests improve the performance of PAs in terms of reducing 

deforestation and poverty and more private (or adat for national parks) land reduces 

deforestation. However, the accountability variables (baseline voting behavior and the 

introduction of direct district head elections), however, suggest other processes going on: 

voting behavior reduced the effectiveness of national parks and strict reserves, suggesting 
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that conservation may not generate sufficient benefits to the villagers to enable them to 

fight off logging firms, ceteris paribus.  These patterns raise questions about the 

distribution of the benefits from conservation (e.g. tourist revenue). Previous studies have 

suggested that national parks that are likely to generate substantial tourist revenue, but 

how it is distributed varies greatly. For example, in Komodo National Park tourism 

concession is granted to a local NGO joint venture, which manages the park and provides 

funding for conservation (Emerton et al, 2006).  

A few caveats in the analysis in this paper are in order. First, despite the very rich 

spatially-explicit data set spanning all of Indonesia and the detailed data on the protected 

areas, we do not have true pre-intervention baseline characteristics. Concerns remain that 

not formally protected forested villages in 2000 may be protected by unobserved 

characteristics. Previous studies have highlighted that a conservation intervention may 

affect the way the human-natural system evolves over time, creating poverty traps and 

ecosystem collapse, for example (Barrett et al, 2011; Carpenter et al, 2009). While we 

attempt to control for all characteristics that are assumed to have affected the trends in the 

outcomes (similar to Andam et al, 2010), without true baseline data some concerns may 

still remain. The concerns regarding the lack of true baseline data are addressed in more 

detail in Chapter 2. A second limitation is the short time horizon: we consider the 

performance of protected areas in the first five years after the decentralization policies 

were enacted.21 Yet, despite the short horizons, we are still able to detect statistically 

significant trends. Third, our empirical specification is space-less: in the current analysis 

we have assumed away potential spatial dependencies. How to deal with those is 

something we plan to address in the future.  
!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!

21 Currently, we are examining the medium-run performance of Indonesia’s protected areas.  
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One explanation why we may not be detecting PA impacts on poverty reduction is 

the measurement of the dependent variable: it reflects the number of households who are 

below the poverty line based on an index of 20 household assets. While this metric is 

consistent for all of Indonesia, it may not reflect the actual purchasing power of the 

household because it may not be capturing actual consumption. Also, households may 

need time to acquire new assets, so the 6-year time period we consider may not be 

sufficient. Despite the issues with the poverty metric, we find this to be best outcome 

variable that consistently measures poverty levels across the whole country. Other 

candidates we have considered include variables used by welfare programs (e.g. 

ASKESKIN, which provides health insurance to the poor22). The issue with these is that 

they are relatively recent programs that are currently being rolled out. In the future we 

hope that better poverty data will become available for the whole country.  

We examine the performance of each type of PAs on stalling deforestation and 

reducing poverty. We find that average impacts mask a significant amount of 

heterogeneity in the characteristics and the performance of the protected areas. Although 

we examine the heterogeneity across the four types of protected areas, we do not attempt 

to quantify the effectiveness of one type over another. Should that be the case, we need to 

control for the fact that each type of protection faces different threats and, hence, 

covariate distributions (Ferraro et al, 2013).   

Finally, we treat all villages in our sample are independent, even though they may 

be adjacent in reality. While we recognize the potential biases causal by spatial 

dependence between observations, currently there are no matching methods that allow us 

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
22!http://www.ilo.org/public/english/region/asro/bangkok/events/sis/download/paper25.pdf!
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to correct for this. Addressing the spatial issues in the context of quasi-experimental 

research designs is one very interesting and useful area of future research.  

 

3.5 Conclusions  

This paper develops a theoretical model of logging in Indonesia and present results that 

are consistent with it. To the best of our knowledge, this is the first effort in the 

conservation impact evaluation literature to extend beyond the traditional locational 

variables and model the socio-economic context in which the conservation policies exist. 

The main take-home message is that the local characteristics, like the dependence on the 

local population on products and revenue generated by protected areas and the ability of 

the villagers (proxied by the baseline poverty levels, type of land tenure regime and 

electoral participation) to enforce property rights on their land, shape the effectiveness of 

conservation policies in terms of reducing deforestation and poverty. Our evidence 

supports previous findings that decentralization is effective when there is local demand 

for it, with its impact on the performance of protected areas dependent on the costs and 

benefits conservation imposed on the local population. By highlighting which factors 

shape the effectiveness of protected areas in reducing deforestation and poverty, our work 

has important policy implications for conservation and development alike. 

 

 

!
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4. A spatial model of household fuelwood extraction in 
northern Uganda 

!

4.1 Introduction 

In the bio-economic field recent studies have modeled changes in the landscape 

along two dimensions: time and space. These studies posit that the optimal shadow price 

of biomass varies over space and time (Smith, Sanchirico et al. 2009). Depending on the 

proximity of the households to the forest resources, some patches are going to be more 

heavily exploited than others (López-Feldman and Wilen 2008; Smith, Sanchirico et al. 

2009). For conservation policy, it matters which patches become degraded. Therefore, 

given the area and connectivity requirements of many natural systems (e.g. importance 

for meta-population dynamics), ignoring the spatial aspect of the problem can lead to 

biased and inconsistent estimators and, in more practical terms, to ineffective and 

detrimental conservation and poverty alleviation policies (Pattanayak and Butry 2005; 

Alix-Garcia 2007; López-Feldman and Wilen 2008).  

This paper develops a static model for fuelwood extraction as a function of the 

households’ location with respect to markets and forests as well as the forest quality. As 

previous studies have suggested, market failures are household- rather than commodity- 

specific, with the household location and socio-economic characteristics being the 

determinants of whether or not the household will participate in the market (de Janvry, 

Fafchamps et al. 1991; Key, Sadoulet et al. 2000). Whether or not a household 

participates in the market as a buyer or a seller depends on the household’s location with 

respect to the market and the transaction costs it incurs. The lack of infrastructure and 
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limited information increase the transaction costs (de Janvry, Fafchamps et al. 1991; Key, 

Sadoulet et al. 2000). Similarly, the household’s decision whether or not to produce a 

commodity like fuelwood depends on the household location relative to the forest and the 

forest quality at the site (e.g., Robinson, Williams et al. 2002; Pattanayak, Sills et al. 

2004). If the distance to the forest is too great or the forest has been significantly 

degraded, it may be optimal for the household to purchase fuelwood from the market 

rather than to collect it. In sum, the extractive behavior of a household is determined by 

both proportional transaction costs (e.g. search costs) associated with the forest quality, 

which determines the ease of harvesting fuelwood, and fixed transaction costs associated 

with travelling to the market and to the forest. We predict that households sort in space, 

with the autarkic households being closest to the forest, the buyer households-closest to 

the market and the seller households located at intermediate distances from the forest and 

the market, ceteris paribus. Differences in the households’ income and education affect 

the critical distances that make households switch from one market participation regime 

to another (de Janvry & Sadoulet, 2006). 

In this chapter we extend the static household production model in Key et al 

(2000) to fuelwood collection in a developing country. We add to previous studies 

considering transaction costs as determinants of household fuelwood collection behavior 

(e.g., Fafchamps & Hill, 2004; Robinson et al, 2002; Pattanayak, Sills et al. 2004; Kohlin 

& Parks, 2001; MacDonald et al, 2001 and the review by Albers & Robinson, 2012) by 

explicitly modeling the role of household-specific location with respect to both markets 

and forests. We allow households to be scattered in space; whether and how much 

fuelwood a household will collect is determined by the presence of both proportional and 
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fixed tranaction costs. Similar to MacDonald et al (2001), we treat space comprised of 

discrete forest patchs which may or may not be adjacent to each other.  

The presence of fixed transaction costs introduces discontinuities in the model: 

the household has to choose the market participation regime that yields the highest utility 

and, conditional on that, how much fuelwood, if any, to produce. In other words, here we 

consider fuelwood collection on both the intensive and extensive margins. Previous 

studies have tended to focus on the intensive margin (how much fuelwood to collect as a 

function of the proximity to the forest or which patch to collect fuelwood from), without 

considering that at some point it may be optimal for the household to buy fuelwood than 

to produce it or sell fuelwood (Albers & Robinson, 2012). Here we explicitly consider the 

role of location in determining the market participation regime of the household. Using 

the predictions of the static model and cross-sectional spatially-explicit survey data 

collected in northern Uganda in 2009, we test hypotheses about the importance of the 

household location in space. We find statistically significant spatial patterns in 

accordance with the predictions from our model: (1) buyers tend to be located in cities 

away from forest patches; (2) sellers are at intermediate distances between forests and 

markets; they collect more fuelwood than self-sufficient households; (3) autarkic 

households are located farthest from markets and close to cities. To our knowledge, no 

prior study in the development literature has addressed a similar issue of households 

sorting in space by market participation regime, determined by location.  

Another contribution of this paper to the literature is that here we examine the role 

of partial vs. general equilibrium assumptions. In other words, we compare the model 

predictions when we allow the prices of fuelwood at a market to be determined by the 
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number of participating households in that time period. We find that under general 

equilibrium the critical distances for switching between one market participation regime 

to another are changed in favor of creating more self-sufficient households; otherwise, 

the qualitative predictions of the model with regards to the sorting of households across 

space remain unchanged. By examining the spatial patterns of sellers and buyers in our 

sample, we conclude that partial equilibrium is a reasonable assumption for our data. 

Even though many studies consider the implications of incomplete markets in the 

household production framework, to our knowledge only one prior study (Robinson et al, 

2002) considers changes in predictions of their theoretical model when general 

equilibrium is imposed. 23 

The remainder of this paper is divided into 6 sections. Section I.1 develops the 

household fuelwood production model with proportional and fixed transaction costs and 

makes predictions about the spatial distributions of the buyers, sellers and self-sufficient 

households under partial equilibrium. Section I.2 extends the model to the general 

equilibrium case. Section I.3 presents the assumptions behind the theoretical model and 

estimation approaches and Section I.4 presents the estimation techniques and data used 

for the empirical analysis. Section I.5 presents the results and the last section concludes.   

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!

23!Although the study also examines the role of the proximity to markets, it differs from ours in several important ways: 
(1) space is represented as a continuum, with villagers clustered in the same location; in contrast, our paper allows for 
forest patches and households to be scattered in space; (2) households are allowed to go to buy and produce fuelwood 
at the same time; in contrast, in our model, travelling to the market and the forest imposes costs, so a utility maximizing 
household will choose either being a buyer or being a producer; (3) the opportunity cost of time is exogenous and fixed; 
in our model we allow to vary depending on the household characteristics and the price of the agricultural commodity.!
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4.2 The static household production model with transaction 
costs under partial equilibrium  

The model presented in this paper uses the household production framework from 

the development economics literature (see Singh et al, 1986; Singh, Strauss and Squire, 

1986; de Janvry & Sadoulet, 2006 for reviews). The household production models 

incorporate the three roles of the household: the household as a consumer, the household 

as a producer and the household as the supplier of labor. The producer, consumer and 

labor supply decisions are interdependent. In truly subsistent households these decisions 

are made simultaneously as a household can consume only what it produces and must 

rely on own labor (Singh et al, 1986). In contrast, if a household is a price taker in all 

commodity markets (or faces a virtual price for a commodity it consumes but does not 

produce and vice versa), the optimal household production can be determined 

independently of consumption and leisure. Thus, the optima can be found recursively: in 

the first stage the household maximizes its profit from the production function, the values 

from which can be used for the maximization of utility. This implies that the farm 

technology, prices of inputs and outputs and the quantities of fixed inputs affect 

consumption decisions, but the household preferences, income and the prices of 

consumption commodities do not affect the production function. The household 

production model in this chapter allows households to switch from being autarkic (self-

sufficient) to buyers or sellers in the market and vice versa depending on the transaction 

costs.  

As in any other sub-Saharan African countries, many rural households in northern 

Uganda depend on fuelwood collection for part of their subsistence. These activities are 
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significant drivers for forest degradation and, in certain cases, for deforestation and hence 

pose a severe threat to habitats and ecosystems in the area (Angelsen and Kaimowitz 

1999). The more fuelwood households in a village collect from a given forest patch, the 

greater the forest degradation and the higher the transaction costs associated with 

searching for fuelwood in a forest patch. The state of the forest imposes transaction 

(search) costs, , which are a function of the state of the forest, S, and are proportional 

to the amount of fuelwood collected. In this case, the presence of the proportional 

transaction costs in essence lowers the price sellers obtain per unit of fuelwood sold on 

the market. Additionally, a household faces fixed transaction costs associated with going 

to the market,  and to the forest, . These are lump-sum costs that do not vary with 

the amount of fuelwood collected or sold on the market; instead, they are a function of 

the observed distance to the market, dm, and the distance to the forest, df, in each period.  

As pointed out by Key et al. (2000), the presence of fixed transaction costs creates 

discontinuities in the Lagrangian function used to derive the first order conditions in the 

traditional household production model. For this reason, in the presence of fixed 

transaction costs the optimal solution is found in two stages: the first stage obtains the 

optimal levels of consumption and production conditional on market participation, 

whereas the second stage derives the conditions for market participation and autarky 

(Key, Sadoulet et al. 2000). The first stage household utility maximization problem and 

its first order conditions (FOC) are presented below. The variable descriptions are 

presented in Table 13.  

  
 
!
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Table!15:!Parameters in the household production model. Throughout the paper, 
goods (fuelwood or a generic agricultural good are indexed by i, households-by j and 

forest patches-by k. The household subscripts have been suppressed in this table. 

 
 

The gist of the household production model is that households maximize utility 

given income and production constraints. The model assumes that households consume 

and produce only 2 commodities: fuelwood (indexed by subscript fu) and an agricultural 

good (indexed by subscript ag). Only households collecting fuelwood face proportional 

transaction costs; buyers on the market do not. Autarkic households incur fixed 

transaction costs associated with going to the forest. In addition to the proportional 

transaction costs associated with fuelwood extraction in a forest patch, sellers face fixed 

transactions costs associated with the distance to the market and the distance to the forest. 

5"
"

first stage household utility maximization problem and its first order conditions (FOC) are 
presented below. The variable descriptions are presented in Table 1.  

Table 1. Parameters in the household production model. Throughout the paper, goods 
(fuelwood or a generic agricultural good are indexed by i, households-by j and forest patches-
by k. The household subscripts have been suppressed in this table.  

qi Amount of good i produced 
ci Amount of good i consumed 

mi 
Amount of good i bought/sold on the market, with mi>0 indicating a sale and mi<0 
indicating a purchase of good I; mi=0 indicates autarkic (self-sufficient households).  

z A vector of household characteristics 

δi
m  

1 of the household participated in a market exchange (i.e. went to the market) and 0 
otherwise 

f
iδ  1 of the household collected fuelwood (went to the forest) and 0 otherwise 

tpc(Sk)
 Proportional transaction costs associated with searching for fuelwood at patch k.  

m
fct  Fixed transaction costs associated with reaching the market, varies by household 
f
fct  Fixed transaction costs associated with reaching the forest patch, varies by household 

dm Distance to the market from a household; varies by household 

df Distance to the forest patch; varies by household 

Sm Forest quality at a given patch m 

xi Inputs (e.g. labor, capital) 

T Household endowment 
 
 
The gist of the household production model is that households maximize utility given income 
and production constraints. The model assumes that households consume and produce only 2 
commodities: fuelwood (indexed by subscript fu) and an agricultural good (indexed by 
subscript ag). Only households collecting fuelwood face proportional transaction costs; buyers 
on the market do not. Autarkic households incur fixed transaction costs associated with going 
to the forest. In addition to the proportional transaction costs associated with fuelwood 
extraction in a forest patch, sellers face fixed transactions costs associated with the distance to 
the market and the distance to the forest. The generic household production model with 
transaction costs is given below. The vector xi designates the inputs (labor, capital) used in the 
production functions. The model currently assumes that that land is not a decision variable in 
the model.  
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The generic household production model with transaction costs is given below. The 

vector xi designates the inputs (labor, capital) used in the production functions. The 

model currently assumes that that land is not a decision variable in the model.  

 

4.2.1 Deciding how much fuelwood to produce, conditional on a 
market participation regime 

The household utility maximization problem, conditional on having chosen a 

market participation regime, is summarized below. The household maximizes the 

objective function, i.e. the household utility, represented by U(), by deciding on how 

much to produce, consume and trade on the market.  

Model  1: Generic household production model with transaction costs for 2 
commodities and partial equilibrium.  

 

The first constraint specifies that a household cannot consume more than it 

produces or buys on the market (resource constraint). The second constraint is given by 

the production function for output qi. The third constraint represents the cash constraint: 

it specifies that a household cannot spend more than it has.  

The Lagrangian becomes!

!!

Maxci ,qi ,miU(ci;z)
s.t.
(1) qi −mi = ci
(2) G(qi, xi;zq ) = 0

(3) δi
mmi pi −δ

f tpc (S)( )+T − (δ f t
fc

f +δmt
fc

m ) = 0

(4) ci, xi,qi ≥ 0

Λ =U(ci;z)+µi (qi −mi − ci )+φiG(qi, xi;zq )+ψ(δi
mmi pi −δ

f tpc (S)( )+T − (δ f t
fc

f +δmt
fc

m ))
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As in Key et al (2000), the FOC of the generic model are given by!

 

The shadow price for fuelwood collection from (3) is given by  

 

Note, that it indirectly depends on the household characteristics.  

The set of FOC allows us to implicitly derive a supply and a demand function for 

fuelwood. The particular expressions of the demand and supply equations are not 

possible without assuming a specific functional form for the utility and production 

functions. Still, the FOC imply that  

, where qs is the quantity produced by household j and qd is the 

quantity demanded by household j for good i. Under the assumption that fuelwood is a 

normal good, the quantity demanded increases with income, y (measured at the decision 

price). The amount of good i marketed by household j, mij, is the difference between the 

two, i.e. a function of pi, S, px and dependent on the household characteristics zq The 

FOC also suggest that the fuelwood supply will decrease with a lower environmental 

quality.  

(1) ∂Λ
∂ci

=
∂U
∂ci

−µi = 0

(2) ∂Λ
∂qi

= µi +φi
∂Gi

∂qi
= 0

(3) −µi +ψ δi
m pi −δ

f tpc (S)( )( ) = 0

ψ
µ

δ i
pc

f
i Stpp =−= )(

~

qsji = f (pi,S, px;zq )
qdji = f (pi, yi;zu )
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4.2.2 Deciding on a market participation regime 

While the household production model from the previous section allows us to 

derive the optimal amount of fuelwood to be produced and consumed, conditional on 

market participation, the following analysis provides an analytical description of when a 

household is going to participate in the market either as a buyer or a seller. The 

household decision is based on comparing the indirect utilities from each choice (being 

autarkic, buying or selling on the market) (e.g. as in Key, Sadoulet et al. 2000).  

The presence of fixed transaction costs delays the entry to the market, but once 

the household has reached the market, only the proportional transaction costs imposed by 

searching for fuelwood in a forest patch affect how much fuelwood the household is 

going to produce (Key et al, 2000; de Janvry et al, 1991, de Janvry & Sadoulet, 2006). 

The presence of proportional transaction costs modifies the prices buyers and sellers face 

in the market. Let the decision price a household faces be defined as  

for autarkic, seller and buyer households, 

respectively. Let y0 be the income before any transaction costs are incurred. In other 

words, . A household buying fuelwood on the market has income 

y= y0- . A household selling fuelwood on the market has income 

pfu
m* =

p
~
=
µ fu

ψ
if mfu = 0

pfu
m − tpc (S) if mfu < 0

pfu
m if mfu > 0

"

#

$
$
$

%

$
$
$

Txqpy ii
i

i +−=∑ )(0

m
fct
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. Lastly, the income for an autarkic household is given by 

.  

The indirect utilities for the buyer, seller and autarkic households are given by:  

   (Equation 15)

 

 
A comparison of the indirect utilities, which are a function of some critical 

distance to forest and the distance to market as well as prices, should indicate whether a 

household is autarkic, a buyer or a seller on the market.  The next two subsections 

illustrate the sorting in more detail.  

 

4.2.3 Sorting along prices 

As Key et al (2000) demonstrated, households compare the indirect utilities from 

each type of market participation. The household indirect utility is increasing in prices for 

the sellers and decreasing in prices for the buyer households, while the indirect utility for 

the self-sufficient households is independent of the market price. The sorting of 

household indirect utilities as a function of the market price is given in Fig. 1 (this is also 

Fig. 1 from Key et al, 2000). As Key et al (2000) pointed out, the presence of fixed costs 

delays entry into the market for sellers and induces earlier exit from the market from 

buyers; graphically, these transaction costs represent discrete shifts of the indirect utility 

curves as shown in Fig. 10. 

 

)())((0
f
fc

m
fcpc

m
fu ttStpyy +−−=

y = y0 p
~!
"
#
$
%
&− t fc

f

V buyer =V (pfu
m , y0 (pfu

m )− t fc
m;z)

V seller =V (pfu
m − tpc (S), y0 (pfu

m − tpc (S))− (t fc
m + t fc

f );z)

V autarky =V (p
~
, y0 (p

~
)− t fc

f ;z)
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Figure 15:  Households sorting according to market prices (figure 
modified from Fig.1 in Key et al, 2000). In contrast to Key et al (2000), in this 

paper we assume that buyers do not incur proportional transaction costs 
when they purchase fuelwood on the market. The household production 

model suggests that if the market price is sufficiently low, it may be optimal 
for households to purchase fuelwood on the market, ceteris paribus. When 

the price increases sufficiently, households switch to becoming self-sufficient 
or sellers of fuelwood. The presence of fixed transaction costs shifts the 

indirect utility curves, making the price range over which households remain 
self-sufficient larger (Key et al, 2000). This implies that fixed transaction 

costs like the distance to forests or markets increase, the region under 
autarky in the graph increases, ceteris paribus. 

 

4.2.4 Sorting in space 

The presence of fixed transaction costs implies discontinuities in the indirect 

utility function: depending on the household location with respect to the forest and the 

market, they choose whether to participate on the market as a buyer or a seller or become 

autarkic. In other words, the presence of fixed transaction costs implies a sorting pattern 

of households of space according to their proximity to the markets and the forest.  

 

8"
"

The indirect utilities for the buyer, seller and autarkic households are given by:  

V buyer =V (pfu
m , y0 (pfu

m )− t fc
m;z)

V seller =V (pfu
m − tpc (S), y0 (pfu

m − tpc (S))− (t fc
m + t fc

f );z)

V autarky =V (p
~
, y0 (p

~
)− t fc

f ;z)      (Equation 15)

 

A comparison of the indirect utilities, which are a function of some critical distance to forest 
and the distance to market as well as prices, should indicate whether a household is autarkic, a 
buyer or a seller on the market.  The next two subsections illustrate the sorting in more detail.  

 

I.1c: Sorting along prices 

As Key et al (2000) demonstrated, households compare the indirect utilities from each type of 
market participation. The household indirect utility is increasing in prices for the sellers and 
decreasing in prices for the buyer households, while the indirect utility for the self-sufficient 
households is independent of the market price. The sorting of household indirect utilities as a 
function of the market price is given in Fig. 1 (this is also Fig. 1 from Key et al, 2000). As Key 
et al (2000) pointed out, the presence of fixed costs delays entry into the market for sellers and 
induces earlier exit from the market from buyers; graphically, these transaction costs represent 
discrete shifts of the indirect utility curves as shown in Fig. 1.  

"

Figure 1. Households sorting according to market prices (figure modified from Fig.1 in 
Key et al, 2000). In contrast to Key et al (2000), in this paper we assume that buyers do 
not incur proportional transaction costs when they purchase fuelwood on the market. 
The household production model suggests that if the market price is sufficiently low, it 
may be optimal for households to purchase fuelwood on the market, ceteris paribus. 
When the price increases sufficiently, households switch to becoming self-sufficient or 
sellers of fuelwood. The presence of fixed transaction costs shifts the indirect utility 
curves, making the price range over which households remain self-sufficient larger 
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Lemma 1: The presence of transaction costs suggests a pattern of households 

sorting through space, with the autarkic households being closest to the forest and the 

buyer households being closest to the market and seller households located at 

intermediate distances (Fig. 11). The ordering in space holds true when the households 

are not aligned on a single line.  

Proof 

Let dm designate the household distance to market and df-the household distance 

to the forest. The presence of transaction costs lowers the income. For this reason, 

because the indirect function is increasing in income, the indirect utility function is 

decreasing in the fixed transaction costs. To maximize the indirect utility given certain 

prices for fuelwood, an autarkic household will choose the shortest distance to the forest; 

similarly, a buyer household will choose the distance closest to the market. Because both 

df and dm are included in the indirect function for sellers, the indirect utility will decrease 

going away from the market, but will increase approaching the forest. Given the tradeoff, 

the seller household will locate at intermediate distance from the forest and the market.  

 

!

Figure 16: Sorting of households in space. The indirect utility is decreasing 
with the distance to the forest and the markets. This ordering in space holds for 

households not located on a single line. 

Forest' Market'

Autarkic' Seller' Buyer'

Distance'to'forest'

Distance'to'market''
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The lemma suggests that for each household j there is a critical distance to the 

market, cmj*, that makes household j indifferent between being a buyer and a seller on 

the market. Similarly, a critical distance to the forests, cffj*, exists such that the 

household is indifferent between being sellers and being self-sufficient. An indirect 

expression for these distances can be obtained by equating the indirect utilities for each 

type of market participation. The specific expressions for these critical distances depend 

on the functional forms for the indirect utilities.  

 Lemma 2: For an equilibrium sorting to exist, the indirect utilities can cross only 

once. For buyers, sellers and self-sufficient households to co-exist in the market, the 

points of intersection should not coincide.  

 Proof:  

 This is the standard single crossing property in sorting models. The idea is that if 

the indirect utilities cross more than once, households will violate the transitivity of 

preferences assumption.  

 The co-existence of the three types of market participation regimes is important 

for the model of fuelwood extraction under a general equilibrium setting.  

 Expressions for critical distances, cm* and cff*, can be derived if we assume a 

specific functional form for the indirect utilities. These expressions will be a function of 

both prices and household income and, hence, will vary by household.  
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4.3 Household model with transaction costs under General 
Equilibrium (GE) 

The version of the household fuelwood production model with transaction costs is 

similar when the assumption of a PE is relaxed. The new feature is the additional 

constrain that stipulates that the total demand summed over all participating households 

in the market must equal all the supply of the households in the market at a given period t 

(i.e. the market clearing assumption). It is incorporated in the household production 

model as constraint (5).  

Maxci ,qi ,miU(ci;z)
s.t.
(1) qi −mi = ci
(2) G(qi, xi;zq ) = 0

(3) δi
mmi (pi −δ

f tpc (S))+T − (δ
f t fc

f +δmt fc
m ) = 0

(4) ci, xi,qi ≥ 0

(5) mijj

J
∑ = 0⇔mij + milj≠l

J
∑ = 0

 

 

As in the previous section, the subscript i pertains to the commodity, AG or FU. J 

is the total number of households in a market. The implicit assumption is that the GE 

pertains only to the market for fuelwood.  

The FOC from the modified household model are similar to the PE case, with the 

exception of the one with respect to the amount of fuelwood traded, mfu, which becomes:  

 −µ fu +ψ pfu(mfu )+mfu

∂pfu mj + ml
l≠ j

J−1

∑
%

&
''

(

)
**

∂mfu

− tpc (S)δ
f

+

,

-
-
-
-
-

.

/

0
0
0
0
0

= 0
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This FOC is identical to FOC (3) in the PE household model except for the extra 

term  

,!which is negative for buyers and positive for sellers as 

fuelwood is assumed to be a normal good. This means that the GE case will increase the 

price for which selling households enter the market and decrease the price, which induces 

buyer households to exit the market, in affect making the autarky area larger in price-

indirect utility space. The intuition behind this result is that households impose 

externalities on themselves when they participate in the market. For example, bringing an 

additional unit of fuelwood to sell on the market is likely to lower the price of fuelwood, 

making it suboptimal for the household to sell given the new lower price. The magnitude 

of these shifts depends on the elasticity of demand for fuelwood.  

GE has a similar effect when we consider the sorting of households in dm/df 

space: it moves (1) away to the forest the critical distance cff* that makes a household 

being indifferent between being autarkic and being a seller, and (2) closer to the market 

the critical distance cm* that make a household indifferent and between being a seller and 

being a buyer. In other words, GE makes the autarky area bigger. The intuition for this 

result is based on the indirect utility being an increasing function of income and a 

decreasing function of the distance to the forest and the distance to the market. Please 

note, because of GE, the market prices change, causing discrete shifts in the indirect 

utility functions that lower the indirect utility. The ensuing discussion about the impact of 

prices on the utility function pertains to these discrete shifts that delay market entry and 

mfu

∂pfu mj + ml
l≠ j

J−1

∑
%

&
''

(

)
**

∂mfu
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not to the movement along the indirect utility curve, once the household has entered 

the market.  

GE lowers (increases) the prices, which induce buyers (sellers) to exit (enter) the 

market, in effect delaying entry. Given the expression of income as a function of prices in 

Section I.1, under GE a lower exit market price means lower income and, hence, lower 

utility for buyers, ceteris paribus (Fig. 12). Therefore, continuing to be a buyer under the 

new exit price will be optimal if the distance to the market decreases, ceteris paribus. The 

shorter critical distance to the market, cm*, implies that a higher indirect utility for 

sellers, which implies the critical distance to the forest can increase and leave the 

household as well off as before.  

!

Figure 17. The impact of GE on the prices determining household 
participation in the market. In effect, the impact of GE is akin to increasing fixed 
transaction costs: decreasing the exit prices for buyers and increasing the entry 

prices for sellers, thus expanding the area under autarky. The shifts in the utility 
functions induced by the new market prices imply lower indirect utility levels, 

ceteris paribus. To see that, compare the indirect utilities for buyers at the new price 
pb1. The initial utility function for buyers yields Vb0 at price pb1, whereas the new 
utility function-only VA, which is less. Similarly, at price ps1 for sellers, the utility 
level corresponding to the initial indirect utility function is VS0, which is less than 
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VA. Note, the discussion above does not pertain to the relationship between prices 
and indirect utility for households, who have already entered the market. 

 

Proof 

The formal proof is based on the implicit function theorem. At the critical 

distance, cm*, let the indirect utility for a buyer household be given by:  

 

Even though by definition the indirect utility function is non-decreasing in prices 

for households participating in the market, GE lowers the price that induces households 

to exit the market and, thus, shifts downward the indirect utility for buyers, ceteris 

paribus. Thus, the numerator is negative. Because the distance to the market lowers the 

income and, hence, the indirect utility, the denominator is also negative. In other words, 

the left hand side expression is negative, suggesting that the distance to markets for 

buyers decreases when the exit prices decrease.  

The shorter critical distance to the market implies that the household can increase 

the distance it travels to the forest and remain as well off as before. This implies that the 

critical distance to the forest will increase, creating a larger area under autarky.  

In sum, even though the GE setting increases the area under autarky in p-V and 

dm-df space, it does not qualitatively change the predictions of our model.  

!

V B (p,dm) = const = c

∂dm
∂p

= −

∂V
∂p
∂V
∂dm
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4.4 Assumptions  

The static household model is based on a few assumptions. First, although the 

households are (boundedly) rational utility maximizers, they do not exhibit any strategic 

behavior through time and space. In other words, the presented models assume that 

households do not compete for resources, allocating more than the optimal static effort to 

more distant forest patches, for fear that the other households in the village are going to 

exploit the resources at the more distant patch. Assuming that households are myopic also 

implies that they do not optimize their consumption through time; rather households 

make decisions about how much fuelwood to extract only based on the current period. 

This assumption is equivalent to an open access framework, which seems like a 

reasonable assumption for our study area, where property rights are not well defined.  

The!models!assume!no!investment!in!forests!(i.e.!no!one!plants!more!indigenous!

trees).!In!our!study!area,!some!households!plant!exotic!tree!species!consisting!mostly!of!

pine!and!eucalyptus!that!contribute!to!the!depletion!of!aquifers!and!therefore!can!impact!

the!microclimate!and!biodiversity!in!a!given!area.!These!trees,!however,!are!harvested!

for!timber!when!they!reach!a!certain!age.!For!this!reason,!they!cannot!be!considered!

substitutes!to!forests!consisting!of!indigenous!trees.!A!related!assumption!is!that!

fuelwood!is!gathered!exclusively!from!forests.!This!may!not!be!the!case!since!some!of!

our!focus!group!participants!indicated!that!they!gather!fuelwood!from!the!fields!they!

clear!for!agriculture.!Yet,!while!fuelwood!is!consumed!daily,!clearing!land!for!

agriculture!occurs!before!the!start!of!each!growing!season!and!therefore!cannot!provide!

a!constant!supply!of!fuelwood.!!
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The!model!also!assumes!that!intrahousehold!distributional!issues!are!

unimportant!for!determining!labor!allocation.!Instead,!they!treat!the!household!as!a!

unitary!Pareto!efficient!unit.!This!assumption!implies!an!even!distribution!of!labor!(e.g.!

that!all!land!is!farmed!with!equal!intensity).!The!model!developed!in!this!paper!also!

assumes!that!all!labor!is!homogeneous!and!is!traded!in!a!perfectly!competitive!labor!

market:!in!other!words,!men!and!women!possess!the!same!agricultural!skills!and!family!

and!hired!labor!are!perfect!substitutes.!!

Lastly, this paper assumes a deterministic setting for agricultural output. Focus 

group participants indicated that changing weather patterns pose significant difficulties 

for farmers in our study area. Recent studies have also criticized the traditional 

assumption of temporal independence of household activities (Fafchamps 1993; Saha 

1994; Zwane 2007). In other words, the traditional models of household labor allocation 

in developing countries assume a static risk-free setting, in which there is no insurance 

and consumption smoothing opportunities. In contrast, a few studies have suggested that 

even though there are underdeveloped labor markets and no formal insurance 

mechanisms for agricultural households, in reality a rural household may be able to 

insure itself to some extent from fluctuations in weather or prices by choosing different 

levels of investment (Pope and Just 1991; Rosenzweig and Binswanger 1993; Zwane 

2007). For example, households are likely to shift more resources to fuelwood production 

than the optimal levels according to the static household model for one period and use the 

additional income to finance consumption/investments in the subsequent periods (Zwane 

2007). These studies suggest that the type of preferences with regards to risk determine 

household choices (Pope and Just 1991) and ignoring them may introduce a substantial 
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bias in the econometric model (Saha 1994). Relaxing the deterministic setting of the 

spatial production model is the subject of future work.  

The current version of the model assumes complete functioning markets for labor. 

If labor markets are not complete, the households’ ability to respond to price increases in 

other markets may be hampered (Singh et al, 1986; de Janvry & Sadoulet, 2006). We also 

abstract from seasonality in the fuelwood extraction patterns. In this paper we focus on 

the dry season only, because the wet season, which is when all the agricultural work takes 

place, may introduce labor market failures.  

Throughout this paper we assume that the household location is exogenous. Based 

on interviews with people in our study area, who are returning to the lands they used to 

occupy before the war, this seems like a reasonable assumption.  

Finally, we assume households make decisions whether to participate in the 

market and how much to produce simultaneously. Whether households make market 

participation and crop production decisions sequentially or simultaneously is the focus of 

Bellemare & Barrett (2006). The authors contrast the traditional (bivariate) probit 

followed by a continuous model (e.g a tobit) of the amount crops produced with 

sequential market participation, modeled by an ordered tobit. Even though their data 

support the sequential decision-making, qualitatively there is very little difference 

between the two models. Therefore, in this paper, we abstract from the issue of sequential 

vs. simultaneous decision-making.  
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4.5 Empirical estimation of a household production model with 
transaction costs 

The theoretical model suggests that the distance to the market distinguishes the 

sellers from the autarkic households, facing the same distance to the forest and forest 

quality: for some distance to the forest, a household is better off being a seller than being 

self-sufficient. Similarly, when the distance to the forest increases beyond the threshold 

value, a household is better off being a buyer than collecting fuelwood from the forest. 

Thus, the model provides useful insights for the spatial distribution of fuelwood 

collection and generates testable hypotheses.  

In this section, we test empirically the predictions of the model:   

(1) Distance to the forest determines production decisions (i.e. produce or not)  

(2) Conditional on producing fuelwood, market participation is determined by the 

proximity to markets, ceteris paribus  

The empirical literature on fuelwood extraction has modeled the intensive margin: 

how much fuelwood to collect, given certain household characteristics and proximity to 

forests (see the review by Albers & Robinson, 2012). Some studies acknowledge that 

households’ choice whether to collect fuelwood from forests or produce an alternative 

fuel introduces sample selection issues (e.g. as in Pattanayak et al, 2004; Köhlin & Parks, 

2001). While these studies account for the sample selection using Heckman’s correction 

method (Heckman, 1979), they do not consider the option of households buying and 

fuelwood on the market or remaining self-sufficient. 
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The role of proximity to markets is featured in multiple studies focusing on the 

role of transaction costs for market participation of rural households, producing 

marketable crops (for a review on recent East Africa studies, see Barrett (2008)). Even 

though by focusing on agricultural crops, these studies do not include the proximity to 

forests, they model the household production both on the extensive and intensive 

margins. These studies tend to estimate the probability that a household is going to be a 

producer or a supplier and, conditional on that, the amount supplied (e.g. Goetz, 1992; 

Ouma et al, 2010). In order to account for the sample selection in the second stage, these 

studies apply a version of Heckman’s procedure, which most often includes calculating a 

(bivariate) probit of market participation, generating the inverse Mills ratio, which is then 

used as a covariate in the model of continuous crop production. All of these studies rely 

on cross-sectional household survey data.  

Even though theoretical work has emphasized the importance of the choice of 

location (i.e. forest patch) where households collect fuelwood (e.g. Robinson et al, 2008), 

only one study outside the fisheries literature has modeled the site choice for fuelwood 

collection. In MacDonald et al (2001), household fuelwood collection behavior is 

modeled in a Random Utility Model (RUM) framework, which includes proximity to 

forests and detailed set of characteristics for three sites in addition to household 

characteristics.  In contrast to the other studies on household fuelwood collection, their 

paper employs repeated household choices over time.  

In this paper we adopt the approaches from the market participation literature: 

estimating a probit model of the decision to produce fuelwood, generating the inverse 

Mills ratio, which we use in a regression model of the amount of fuelwood produced, 
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which also depends on whether or a not a household decides to sell the collected 

fuelwood on the market. One difference with previous studies is that while we have data 

on the quantity of fuelwood produced, we do not have data on the demand for fuelwood.  

 

4.5.1 Study area and data  

Our study area spans Gulu and Oyam districts, northern Uganda. It located close 

to the Albertine Rift (a biodiversity hotspot), Murchison Falls National Park, Kidepo 

Valley National Park and Southern Sudan. Although northern Uganda does not host as 

many species as its neighboring regions, the vegetation in this area is very different from 

the ecosystems in the other parts of the country (WCS 2005). For this reason, the area 

contains species that are not found anywhere else in Uganda. Many of the isolated 

mountains in northern Uganda also contain species endemic to the Eastern Afromontane 

hotspot (WSC 2005). However, because of the prolonged military conflicts in the area, 

there have been very few biodiversity surveys in the area and much uncertainty remains 

about the species diversity and richness (WCS 2005).  

For the empirical tests, we use geo-referenced survey data collected in 2009 

(Brown, 2011). We conducted 6 focus groups with men and women separately on health 

and security, biodiversity and land use, and risk behavior and perception in Gulu District 

in June 2009. Based on the focus groups and interviews with key informants, we 

designed a questionnaire that was administered to 612 households in Gulu and Oyam 

Districts in October and November 2009 (Fig.7 shows a map of the respondents). The 

households were selected through a multistage sampling approach. Using projected 

population numbers for Gulu and Oyam Districts from the Uganda Bureau of Statistics 
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(UBOS), the sample was first stratified between Gulu and Oyam districts; the second 

stage employed a cluster sampling procedure to select parishes, villages and households 

to be surveyed. In particular, we randomly selected 9 parishes in Gulu District and 6 

parishes in Oyam with probability proportional to the population sizes projected by the 

UBOS. Within each parish a village was selected at random; from each village 40 

households were drawn at random using the household rosters maintained by the village-

level local administrative official. Where the rosters were out of date, we worked with the 

local officials and their assistants to update the lists.  

The final draft of the questionnaire was 24 pages long and took approximately 

one hour to complete. It included sections on the demographic characteristics of the 

household members (age, sex, marital status, education, skills, and malaria history); the 

malaria knowledge, experience, subjective risk assessment, and treatment; choice 

experiments regarding different malaria intervention programs; household subsistence 

methods; land access and perceived tenure security; and sources of income and the value 

of assets other than land. Eight interviewers (three Langi and five Acholi) administered 

the survey to the male or female head of the selected households. The interviews were 

conducted in either Acholi or Langi depending on the primary dialect spoken by the 

household with the interviewers translating from an English copy of the survey. During 

interviewer training, four bilingual research assistants listened to each interviewer 

verbally translate the questionnaire and ensured that the translations are consistent with 

the original. The survey data contain detailed information about the household 

characteristics and composition, different measures of wealth and income, labor 
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allocation patterns, the amount of fuelwood produced in addition to some land tenure 

characteristics. 

Of the 612 completed questionnaires, for this analysis we excluded 10 as they did 

not have valid GPS coordinates. Combining the GPS coordinates of the surveyed 

households with GIS data on the administrative boundaries, land use and infrastructure 

for our study area allowed us to calculate important variables pertaining to the location of 

the households: the proximity of the household to IDP (Internally Displaced Persons) 

camps, roads, towns and the trading centers where markets are located. As indicated 

during the field visits, many households trade fuelwood and charcoal along roads. For 

this reason, we use the distance to the nearest road as a proxy for the distance to a local 

market. The distance to IDP camps in Gulu district is a proxy for the forest quality: 

because of the prolonged military activities in the area, prior to the end of the war 

households collected fuelwood only from patches close to the camps. In other words, the 

forest quality is likely to increase with the distance from the IDP camps in Gulu district. 

For Oyam district we used an interaction term of the households’ distance to towns and 

the distance to roads, in order to proxy for environmental degradation. Our expectation is 

that the forest quality improves as the distance to towns and roads increases. Using the 

EU GlobCover landcover data for 2009, we calculated household-specific Euclidean 

distances to forest patches.  
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Figure 18: Map of study area. Households are considered to be in the war 
area if they are within 10 km from the nearest IDP camp. 
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4.5.2. Estimation  

The descriptive statistics for our sample, adjusted for the multi-stage survey data 

collection, appear in Table 14. Our sample consists of 102 buyers, 45 sellers and 451 

autarkic households. The data suggest that the buyer households are significantly 

different from the households producing fuelwood: the former have fewer children, but 

more adults living in the household; they are also more educated on average. The buyer 

households also tend to be wealthier based on the self-reported value of a list of 34 

household items and average annual income, as well as in terms of the type of housing 

(with more windows, fewer thatched roofs and houses made of mud bricks). These 

differences are significant at the 5% level. The autarkic and seller households appear 

homogenous in their socio-economic and demographic characteristics.  

As predicted by the static model, the buyer households are located closest to the 

market and farthest from the forest (Table 14). Conversely, self-sufficient households are 

located closest to the forest and farthest from the market, with seller households located 

at intermediate distances. Surprisingly, almost all of the buyer households (96/102) are 

located in Gulu district immediately adjacent to Gulu TC (93/96 -in the villages of Awere 

Road, Gulu Prisons and Iriaga Central) (Fig5, Table 2). In terms of fuelwood production 

during the dry season, seller household produce slightly more, but the results are not 

statistically significant. There seems to be a clear spatial pattern of the quantity of 

fuelwood produced, however: the households in close proximity to roads around Gulu TC 

produce significantly more than the rest of the households in our sample (Fig. 13). This 

pattern is consistent with our predictions about seller households.  

The spatial distribution of the households in our sample also indicates that there 

are villages with only autarkic and seller households, but no buyers, or villages with only 
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autarkic households (Table 15). These results weakly support the partial equilibrium 

assumption. Of course another potential reason for the observed patterns is that the buyer 

households are few, so without stratifying by distance from trading center, we may have 

missed them.  
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Table!16:!Descriptive statistics for the variables used in the econometric static 
household model. These have been corrected for the multi-stage survey design. 
*designates the variables that were significantly different for the buyer group 

compared to the sellers and self-sufficient households.!

20"
"

Table 1. Descriptive statistics for the variables used in the econometric static household model. 
These have been corrected for the multi-stage survey design. *designates the variables that 
were significantly different for the buyer group compared to the sellers and self-sufficient 
households.  

Demographic,characteristics,

Covariate"
Autarkic" Sellers" Buyers"

Mean" Std."Err." Mean" Std."Err." Mean" Std."Err."
#kids" 3.21" 0.07" 3.49" 0.09" 1.86*" 0.22"
#adults" 11.79" 0.07" 11.51" 0.09" 13.14*" 0.22"
Age"of"the"HH"head"(in"years)" 44.04" 1.00" 39.24" 0.90" 36.23" 1.51"
%females"in"the"HH" 0.48" 0.01" 0.48" 0.02" 0.49" 0.01"
1"if"HH"head"has"no"education" 0.12" 0.02" 0.13" 0.03" 0.04*" 0.01"

Socio0economic,characteristics,

Covariate"
Autarkic" Sellers" Buyers"

Mean" Std."Err." Mean" Std."Err." Mean" Std."Err."
Fraction"HH"who"own"a"bike" 0.65" 0.03" 0.70" 0.08" 0.49" 0.07"
Fraction"HHs"w/"mediumTsize"
home" 0.49" 0.07" 0.46" 0.05" 0.53" 0.06"
Fraction"HH"w/"no"windows" 0.81" 0.05" 0.78" 0.08" 0.24*" 0.13"
Fraction"HH"w/"thatch"roof" 0.88" 0.05" 0.91" 0.09" 0.28*" 0.18"
Fraction"HH"w/"mud"bricks" 0.88" 0.04" 0.91" 0.09" 0.31*" 0.15"
Wealth"(selfTreported"value"of"
possessions,"log"transformed)" 11.78" 0.22" 11.66" 0.27" 13.51*" 0.11"
Average"annual"income"(logT
transformed)" 10.75" 0.15" 10.64" 0.11" 12.02" 0.07"

Locational,characteristics,&,fuelwood,production,

Covariate"
Autarkic" Sellers" Buyers"

Mean" Std."Err." Mean" Std."Err." Mean" Std."Err."
Distance"to"forest,"in"meters" 2633.76" 762.99" 2432.44" 626.84" 6654.73" 178.64"
Distance"to"trading"center,"in"
meters" 17387.02" 2531.53" 17039.63" 2189.53" 1722.50" 652.36"
Distance"to"roads,"in"meters" 1078.72" 278.16" 879.96" 106.80" 178.34" 77.24"
Distance"to"shrubland,"in"
meters" 186.05" 64.58" 262.48" 63.84" 559.05" 95.14"
Distance"to"towns,"in"meters" 5454.40" 1258.77" 4731.33" 1445.82" 6460.31" 193.98"
Distance"to"IDP,"in"meters" 7911.86" 2222.46" 5012.22" 1046.72" 6092.22" 270.95"
Fraction"HH"in"Gulu"district" 0.59" 0.08" 0.85" 0.09" 0.97" 0.02"
Bundles"of"fuelwood"
produced"per"typical"week" 4.63" 0.20" 4.81" 0.16" NA" NA"
N" 451" 45" 102"
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Figure!19:!This figure shows the spatial distribution of the sellers, buyers and 
autarkic households in our sample. The light grey lines represent roads. Note that 
almost all of the buyer and most of the seller households are located around Gulu 
TC. Our sample contains only 6 buyer and 13 seller households for Oyam district. 

!
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Figure 5. This figure shows the spatial distribution of the sellers, buyers and autarkic 
households in our sample. The light grey lines represent roads. Note that almost all of the 
buyer and most of the seller households are located around Gulu TC. Our sample contains only 
6 buyer and 13 seller households for Oyam district.  

, "

Gulu"TC"

Oyam"TC"
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Figure!20:!Spatial distribution of the amount of fuelwood collected by seller 
and autarkic households. Each dot represents a household in our sample. The dark 
red dots represent households that collect amounts that are statistically larger than 
the average; conversely, the blue dots represent households who collect significantly 
less than the average for the area. The colours represent significance levels (darkest 
red or blue translate into significance at the 1% level). The statistically insignificant 

values appear in yellow. The light grey lines are roads. Note the statistically 
significant clustering of very low values in Gulu town and the very high values 

around it. The same pattern holds true when the market is defined to encompass all 
households in our sample. A similar analysis for Oyam district did not indicate any 
statistically significant clustering of values, however. These results are based on the 

Getis-Ord hotspot G statistic (Getis & Ord, 1995). Please note that we didn’t 
standardize the fuelwood collected to account for the difference household sizes. The 
forest cover data are of 300 m resolution and pertain to the same year the household 

survey data were collected. 
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Figure 6. Spatial distribution of the amount of fuelwood collected by seller and autarkic 
households. Each dot represents a household in our sample. The dark red dots represent 
households that collect amounts that are statistically larger than the average; conversely, the 
blue dots represent households who collect significantly less than the average for the area. The 
colours represent significance levels (darkest red or blue translate into significance at the 1% 
level). The statistically insignificant values appear in yellow. The light grey lines are roads. 
Note the statistically significant clustering of very low values in Gulu town and the very high 
values around it. The same pattern holds true when the market is defined to encompass all 
households in our sample. A similar analysis for Oyam district did not indicate any statistically 
significant clustering of values, however. These results are based on the Getis-Ord hotspot G 
statistic (Getis & Ord, 1995). Please note that we didn’t standardize the fuelwood collected to 
account for the difference household sizes. The forest cover data are of 300 m resolution and 
pertain to the same year the household survey data were collected.  
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Table!17:!Distributions of the three types of market participation regime 
(buyer, seller or autarkic) by village. Note, that there are some villages where only 
two of the types occur. Also, there appears to be a positive correlation between the 
fraction of buyer households in a village and the proximity to trading centers (TC). 

This is in support of our model and predictions.!

!

 

The ensuing empirical tests and specifications are driven by the static household 

model. As discussed above, the optimal market participation regime for a household 

depends on the fixed (the distance to the market and the distance to the forest) and 

proportional (forest quality) transaction costs, whereas the decision how much to produce 

23"
"

Table 2. Distributions of the three types of market participation regime (buyer, seller or 
autarkic) by village. Note, that there are some villages where only two of the types occur. Also, 
there appears to be a positive correlation between the fraction of buyer households in a village 
and the proximity to trading centers (TC). This is in support of our model and predictions.  

Gulu"District"

Village" Autarkic" Buyers" Sellers"
Total"cluster"

size"

Average"
distance"to"
TC"(m)"

Average"
distance"to"
forest"(m)"

Awere"Road" 11" 29" 2" 42" 1,085.41" 6,626.81"
Peya" 24" 0" 15" 39" 18,891.83" 1,722.53"
Gulu"PTC" 35" 3" 2" 40" 4,762.36" 3,307.29"
Gulu"Prisons" 4" 37" 0" 41" 2,614.72" 7,192.17"
Iriaga"Central" 16" 24" 1" 41" 970.16" 6,941.77"
Keto" 35" 1" 2" 38" 21,330.49" 1,261.19"
Lapnyoloyo" 36" 1" 1" 38" 7,662.59" 734.32"
Oturuoloya" 38" 0" 4" 42" 5,790.49" 5,367.46"
Romkituku" 29" 1" 5" 35" 35,747.93" 1,451.97"
Total,for,district, 231, 96, 32, 359, 10,495.80, 3,955.83,

Oyam"District"

Village" Autarkic" Buyers" Sellers"
Total"cluster"

size"

Average"
distance"to"
TC"(m)"

Average"
distance"to"
forest"(m)"

Abanya" 33" 2" 4" 39" 1,844.67" 3,097.63"
Acampii" 39" 0" 2" 41" 12,119.31" 8,129.13"
Amwa"TC" 35" 1" 2" 37" 15,924.64" 542.14"
Apurungo" 39" 0" 1" 40" 27,355.04" 1,167.72"
Odebe" 36" 3" 3" 42" 26,745.78" 2,535.56"
Otaga" 41" 0" 1" 42" 28,753.24" 886.03"
Total,for,district, 220, 6, 13, 239, 18,992.00, 2,739.35,
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depends only on the proportional transaction costs associated with the forest quality and 

the distance to the forest. In this paper we proxy the proximity to markets with the 

proximity to trading centers (Gulu TC and Oyam TC for our sample) , the proximity to 

towns and the proximity to roads, either dirt or paved. The proximity to IDP camps 

proxies for the degree of forest degradation in Gulu district: Because of the prolonged 

military conflict in the area, households were not allowed to go far from IDP camps; for 

this reason, given the recent time of return of the population, forest areas away from IDP 

camps in Gulu district are likely to be less degraded. For Oyam district we use the 

interaction of the household’s proximity to towns and forest as a proxy for forest 

degradation. While we have data on the amounts of fuelwood produced by sellers and 

self-sufficient households, we do not have data on the amounts of fuelwood purchased by 

the buyer households. For this reason, we estimate the following system of equations:  

(1) Probability of fuelwood production for household j as a function of the household 

characteristics, distance to markets, distance to forests, forest quality 

,,,

where y3 is a scalar and equals 1 if the household is a producer of fuelwood (i.e. 

either a seller or autarkic) and 0 otherwise, z is a matrix of exogenous regressors 

including the proximity to markets variables and the proximity to forests, δ3 is a 

vector of coefficients to be estimated and v3 is the error term. We proxy the 

proximity to markets with the proximity to trading centers and the proximity to 

roads, where a significant amount of trade takes places especially in rural areas.  

 

y3 =1(zδ3 + v3 > 0)
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Given the spatial sorting model in the preceding sections, we expect that the 

probability of a household producing fuelwood decreases with the distance to the 

market and increases with the proximity to forests. For this reason, we expect that 

the estimated coefficients on the three distance to markets variables to have 

positive signs and the distance to forests to have a negative sign.  

 
Using the predicted coefficients from the probit, we generate the inverse Mills 

ratio .  
 

(2) Quantity of fuelwood produced as a function of the household characteristics, 

proximity to forests, the inverse Mills ratio from (1) as well as whether or not a 

household is a seller.  

,  

where y1 is the log-transformed amount of fuelwood collected, z1 is a subset of 

the exogenous covariates matrix z, y2 is a binary endogenous variable indicating 

whether or not a household is a seller of fuelwood, α1 is a scalar coefficient and δ1 

is vector of coefficients to be estimated; u1 is the error term and is the inverse 

Mills ratio from (1) 

 

(3) We instrument for the endogenous decision whether to sell fuelwood or not with 

the proximity to markets variables.  

,,,

where y2 is a binary variable equal to 1 if the household is a seller and 0 

otherwise, z is a matrix of instruments that contains z1 in addition to additional 

λ
^

y1 = z1δ1 +α1y2 +ωλ
^
+u1

λ
^

y2 = zδ2 + v2
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exogenous instruments to satisfy the identification requirements, δ2 is a vector of 

estimated coefficients and v2 is an error term. As the static spatial model of 

fuelwood implies, the proximity to markets affects the household decision 

whether to produce fuelwood or not. Yet, conditional on a household having 

chosen not to be a buyer, the proximity to markets does not affect the production 

of fuelwood. For this reason, we use the three proxies for the proximity to 

markets--the distance to roads, to towns and to trading centers--to instrument for 

the endogenous binary variable.  

As predicted by the static model, we expect that the probability of a household 

being a seller, conditional on producing fuelwood, decreases with the distance to 

markets. For this reason, we expect the coefficients on the distance to market 

variables to be negative.  

 

As discussed by Wooldridge (2002), the assumptions behind this procedure ((1)-

(3)) are that: 

(a) (z, y3) is always observed, (y1, y2) is observed when y3=1 

(b)   

(c) v3 ~N(0,1) 

(d) E(u1|v3)=γ1v3 

(e) E(z’v2)=0 

(f) zδ2=z1δ21+z2δ22, with δ22≠0, which is another way of writing the identification 

requirements for the instrumental variable.  

 

(u1,v3)⊥ z
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We include all exogenous variables in the selection (1) and endogenous predictor 

(3) equations (Wooldridge, 2002 Ch.17). The estimation procedure summarized by (1)-

(3) is valid for discrete variables, without any additional distributional assumptions 

(Wooldridge, 2002 Ch.17). The procedure is akin to the Heckman correction for sample 

selection (Heckman, 1979); the difference is in the presence of the endogenous variable.  

As previous studies have pointed out, the standard errors in (2) are likely to be 

incorrect as is a constructed regressor (Heckman, 1979; Wooldridge, 2002). This is a 

concern only when the coefficient on , , is statistically significant (Wooldridge, 

2002). Regardless of the significance of , the coefficient estimates remain consistent 

(Wooldridge, 2002).  

Because the data were collected using a multistage sampling design, corrections 

for the unequal election probability of the households need to be accounted for. In 

addition, we correct for within-cluster correlations, where a cluster is a village (Deaton, 

1997). Not adjusting the estimates for the survey design is likely to yield biased estimates 

and standard errors (Deaton, 1997). 

The clustered standard errors are derived using asymptotic theory based on a large 

number of clusters (Cameron et al, 2008). In our case, the number is relatively small (15), 

which creates concerns that the standard errors are downward biased, leading to rejecting 

the null hypothesis more often than the specified α (Cameron et al, 2008). Even though 

Stata uses an inflation factor of 
  ,

for the standard errors to account for the small 

number of clusters, previous studies have suggested that it may not always be sufficient 

(Cameron et al, 2008). Instead, the literature has highlighted the advantages of using wild 

λ
^

λ
^

ω

ω

G
G −1
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t bootstraps to generate valid standard errors, when the number of clusters is small 

(Cameron et al, 2007). We present the results from this technique for linear models in the 

Appendix F. 

 

4.6 Results 

The results from the binary models ((1) and (3)) are presented in Table 16. In the 

first two columns, we present the results from testing which factors affect the probability 

of a household being a buyer. As expected, decreasing the distance to markets increases 

the probability of the household being a buyer, whereas increasing the distance to forests 

has the reverse impact. The degree of forest degradation does not seem to be a significant 

factor. These results are consistent with our expectations.  

In the third and fourth columns of Table 16 we present the results from the first 

stage of instrumental variable regression, accounting for the sample selection through the 

inclusion of the inverse Mills ratio. The results are also consistent with our expectations: 

decreasing the distances to markets increases the probability than a household will 

participate on the market as a seller. The forest quality was not statistically significant.  

Table 17 summarizes the results from the second stage of the instrumental 

variable regression. The results suggest that proximity to forests and better forest quality 

increase the quantity of fuelwood collected as expected, but the coefficients are not 

statistically significant. The only statistically significant determinant appears to be the 

number of children in the household: this translates intuitively as more available labor.  

The coefficients on the inverse Mills ratio are statistically indistinguishable from 

0 in the instrumental variable model. This implies that the standard errors of the estimates 
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are not affected by the inclusion of the generated regressor and, hence, no correction of 

the variance-covariance matrix is necessary (Wooldridge, 2002). However, the relatively 

small number of clusters from which the data were collected raises concerns that the 

standard errors are likely to be biased downwards, making the estimates appear more 

significant. Using linear probability models, we perform wild t bootstrapping and find 

that in the linear specifications bootstrapping increases the standard errors. However, the 

results were not qualitatively very different: significant predictors of the outcome 

variables remained such, but at a lower level of significance. The results are presented in 

Appendix F.  
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Table!18:!Results from the binary participation decisions (standard errors in 
parentheses). In the estimation strategy described above, the producer decision is the 
selection equation (the households self-select into the sample of households producing 

fuelwood). The decision whether or not participate on the market, conditional on producing 
fuelwood, is estimated in the first stage of an instrumental variable regression for the 
amount of fuelwood produced. We used the proximity to markets as instruments for 

whether or not a household is going to be a seller (or be autarkic) as the theoretical model 
suggests that those should not affect the quantity of fuelwood produced. The estimates have 

been corrected for the multi-stage survey data collection with the svy option in Stata 12.!

 
!28"
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Table 3. Results from the binary participation decisions (standard errors in parentheses). In the 
estimation strategy described above, the producer decision is the selection equation (the households 
self-select into the sample of households producing fuelwood). The decision whether or not participate 
on the market, conditional on producing fuelwood, is estimated in the first stage of an instrumental 
variable regression for the amount of fuelwood produced. We used the proximity to markets as 
instruments for whether or not a household is going to be a seller (or be autarkic) as the theoretical 
model suggests that those should not affect the quantity of fuelwood produced. The estimates have been 
corrected for the multi-stage survey data collection with the svy option in Stata 12.  

Covariate 

Production decision 
(1 if producer) 

Seller decision (1 if a 
seller) 

Probit OLS Probit  OLS 

#kids 
  

0.27** 
(0.12) 

0.03* 
(0.02) 

0.02 
(0.04) 

0.001 
(0.009) 

Age of the HH head, in years 
  

0.02** 
(0.01) 

0.001 
(0.002) 

-0.01*** 
(0.00) 

-0.003* 
(0.001) 

%females in the HH 
0.23 

(0.32) 
-0.04 

(0.04) 
0.12 

(0.31) 
-0.03 

(0.05) 

1 if the HH has a bike 
-0.10 

(0.12) 
0.001 
(0.02) 

0.12 
(0.29) 

0.03 
(0.06) 

1 if house made of mud bricks 
-0.05 

(0.16) 
0.15** 
(0.05) 

0.11 
(0.23) 

0.05 
(0.05) 

1 if no HH head has no education 
-0.39 

(0.25) 
-0.04* 
(0.02) 

0.32 
(0.19) 

0.06 
(0.04) 

Distance to trading centers, in km 
0.14 

(0.09) 
0.01** 
(0.004) 

-0.06 
(0.23) 

0.01 
(0.03) 

Distance to towns, in km 
0.30 

(0.44) 
-0.01*** 

(0.003) 
-0.20** 

(0.08) 
-0.05*** 

(0.02) 

Distance to roads, in km 
  

1.15** 
(0.40) 

0.10*** 
(0.03) 

-0.17 
(0.18) 

-0.04** 
(0.01) 

Distance to forest, in km 
  

-0.32* 
(0.18) 

-0.01 
(0.01) 

0.37** 
(0.17) 

-0.02 
(0.03) 

Forest degradation (higher values-less 
degraded) 

-0.48 
(0.31) 

-0.04*** 
(0.01) 

-0.17 
(0.16) 

0.06*** 
(0.01) 

1 if Acholi ethnicity 
 

0.05 
(0.05) 

0.60* 
(0.31) 

 

1 if house has no windows    
-0.05 

(0.17) 
-0.03 

(0.05) 

Inverse Mills ratio 
  

-0.82 
(0.93) 

-0.12 
(0.08) 

1 if Gulu district 
   

0.14** 
(0.06) 

Constant 
0.71 

(1.41) 
0.58*** 

(0.17) 
-1.10 

(0.68) 
0.14 

(0.14) 
N 571 582 459 465 

Significance levels: ***1%, **5%, *10% 
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Table!19:!Results for the estimation of the amount of fuelwood produced as a 
function of the household location with respect to the forest, the forest quality and 

household characteristics (standard errors in parentheses). The statistical 
insignificance of the constructed inverse Mills ratio suggests that the standard 

errors of the covariates are likely unaffected by the introduction of the constructed 
regressor (Wooldridge, 2002). However, the relatively small number of clusters 

raises concerns of Type I error.!

!

29"
"

Table 4. Results for the estimation of the amount of fuelwood produced as a function of the 
household location with respect to the forest, the forest quality and household characteristics 
(standard errors in parentheses). The statistical insignificance of the constructed inverse Mills 
ratio suggests that the standard errors of the covariates are likely unaffected by the introduction 
of the constructed regressor (Wooldridge, 2002). However, the relatively small number of 
clusters raises concerns of Type I error.  

Quantity,fuelwood,produced,during,a,typical,week,
(log,transform), Estimates,

#kids"in"a"HH"
0.05***"
(0.01)"

Age"of"the"HH"head"in"years"
T0.01"

(0.003)"

%females"
T0.26"
(0.35)"

1"if"the"HH"has"a"bike"
0.08"

(0.06)"

1"if"Gulu"district"
0.23"

(0.46)"

1"if"house"with"thatch"roof"
T0.02"
(0.13)"

1"if"HH"head"has"no"education"
0.01"

(0.18)"

Distance"to"forest,"in"km"log"transform"
T0.06"
(0.06)"

Forest"degradation"(higher"values=less"degradation)"
0.06"

(0.04)"

Autarkic"HH"(endogenous)"
T0.43"
(0.57)"

Inverse"Mills"ratio"
T0.67"
(0.40)"

Constant"
1.48"

(0.30)"
N" 459"

 

Significance levels: ***1%, **5%, *10% 
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4.7 Conclusions 

This study adds to the literature on fuelwood collection by modeling space as 

comprised of discrete forest patches located at varying distances from the households and 

markets. The static household production model with transaction costs adapted from Key 

et al (2000) generates spatial predictions of households sorting in space by market 

participation regime depending on their proximity to forests and markets. We show that 

allowing for general equilibrium makes the autarky area larger compared to a partial 

equilibrium setting, but does not impact the nature of the household sorting in space. Our 

predictions of households sorting in space, with buyers closest to the market and autarkic 

households closest to the forest are supported by empirical evidence from northern 

Uganda. One limitation of the current study is that the survey design did not aim to 

sample the spatial distributions of households in terms of their market participation 

regimes. Yet, we are still able to capture spatial patterns of fuelwood production.  

The importance of the model is that it allows us to make forecasts of potential 

spillover effects from the introduction of a conservation policy like protected areas (e.g., 

Smith & Wilen, 2003), which make certain patches unavailable to households. Using data 

on a household location with respect to the forest and markets, we can make predictions 

about the optimal market participation regime and the forest patch if the household 

decides to collect fuelwood. Thus, understanding household spatial behavior can help 

mitigate the spillover effects on unprotected forest patches. Such models have important 

implications for evaluating the performance of conservation policies as well: currently, 

studies aiming to quantify the impact of protected areas assume spillover effects occur in 

locations immediately adjacent to protected areas; they test for the presence of spillover 
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effects by using arbitrary distances, for which no theoretical justification exists (Miteva et 

al, 2012).   
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5. Conclusions 

5.1 What have we learnt? 

Using micro-economic tools, this dissertation provides causal evidence of the 

performance of protected areas in Indonesia and develops frameworks through which the 

conservation intervention can effect change (protect ecosystems and reduce poverty in Indonesia 

or generate spillovers as in the chapter on northern Uganda). This section summarizes the main 

lessons from the current work and outlines directions for future research.  

 

5.1.1 There is significant heterogeneity in the effectiveness of 
protected areas in Indonesia  

The evidence indicates that protected areas had a different impact on outcomes we 

consider. For example, they were effective at reducing deforestation on average, but had no 

statistically significant impact on the incidence of environmental disease. The performance of the 

conservation intervention also varied depending on the type of PA. For example, we find 

evidence that multi-use protected areas tend to outperform national parks in Indonesia within the 

time frame we consider. However, it is likely that this result arises from the differences in the 

location and not the strictness of protection. Whether strictness or location is driving the results is 

an empirical question. Given the goal of the papers and the type of comparison group used in the 

propensity score matching, we cannot answer this question here. However, comparing the 

effectiveness of one conservation intervention relative to another is a fruitful area for future 

research.24 Finally, we find significant heterogeneity in the performance of Indonesia’s PAs 

depending on the characteristics of the local population and governance.  

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
24 See for example Ferraro et al (2013) who compare the effectiveness of strict vs. multi-use PAs in Bolivia, 
Sumatra, Costa Rica and Thailand. In addition to using unprotected pixels as a control, they repeat the 
matching using one of the interventions as the treatment and the other forming the control group.  
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5.1.2 Spillovers from protected areas need not occur in the buffers of 
protected areas 

Currently the conservation impact evaluation literature has assumed that the spillovers 

from the introduction of protected areas occur in the buffers (see Miteva et al (2012) for a review 

of recent empirical studies). For this reason a common practice has been to exclude the 

observations falling within some predetermined radius from the control group and test for 

matching the excluded units to observationally similar control units. However, there is no 

theoretical justification for the distances chosen.  

The work presented in this dissertation suggests that the spillovers, facilitated by markets, 

may occur at larger distances. As Chapter 4 suggests, the introduction of a protected area may 

induce households to buy fuelwood on the market rather than collect it. We show that the 

presence of a market, in which the fuelwood price does not depend on the number of participating 

households, may be better for the conservation around a village as general equilibrium is likely to 

increase the number of households who decide to remain self-sufficient. However, before 

recommending markets as an effective conservation tool, one needs to consider the source of 

fuelwood and whether the introduction of a market in one area may exacerbate deforestation 

somewhere else.  

 

5.2 Moving forward 

The chapters in this dissertation outline four major areas to improve the performance of 

future conservation interventions.  

5.2.1 Better data 

As discussed in Chapters 2 and 3, the evaluation of the impacts of protected areas on 

biodiversity, ecosystem services and human welfare is hampered by the lack of reliable fine 
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resolution data available at large scales for developing countries. In particular, information on the 

true baselines, governance (law and order, tenure security, corruption) and outcomes (e.g. data on 

consumption instead of assets as a measure of poverty, better measures of water quality, species 

richness and abundance) would have allowed us to refine the analysis. Such data rarely exist for 

developing countries at a finer scale, however.  

 

5.2.2 Comparisons of policies relative to one another 

As Chapter 3 suggests, some conservation interventions may outperform others. 

However, this result is not particularly informative for future conservation policies, as we cannot 

distinguish whether the differences are due to differences in location vs. strictness of protection. 

Future research needs to provide guidance to conservation planners by identifying the most 

appropriate conservation policy, given the characteristics of an area.  

 

5.2.3 Dynamic models of change   

A limitation of the current work is that it is static: we evaluate the effectiveness of 

protected areas in two points of time, without being able to forecast what the future effectiveness 

of the conservation policy is likely to be. We do not consider when protected areas were instituted 

as long as they precede a certain year. Such approach has been the norm in the impact evaluation 

literature on conservation interventions. However, in order to improve the performance of 

conservation interventions, we need to have theoretical models that allow us to understand the 

impact of the policy through time and forecast its effectiveness. A fruitful area of future research 

is the consideration of timing and the consequences of choices (like opting in a PES scheme for 

example) through the use of structural dynamic discrete choice models and models for dynamic 

treatment effects (see Abbring and Heckman, 2008 for a review; Heckman & Navarro, 2007). 

These models also explicitly incorporate attrition rates as non-participation is part of the choice 
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set.  

5.2.4 Valuation, Evaluation and Reserve Design 

In deciding how to allocate scarce conservation function, a conservation planner 

chooses the option that maximizes the benefits from conservation, given the budget 

constraint. How the value of a conservation intervention is determined by the goal of the 

policy (e.g. ecosystem services vs. species), by our understanding of the biology of a 

particular ecosystem, the projected probability of success of the policy, and the scales 

(e.g. who and where are the stakeholders, the impact of the intervention on the provision 

of ecosystem services). However, as the impact evaluation literature of conservation 

interventions has suggested, threat levels should also be incorporated in the decision 

making process. In other words, planners should not allocate land for conservation in 

areas that are not threatened by conversion to other uses. The current evidence on the 

placement of PAs suggests that the existing PAs are placed on lands with high slope and 

elevation and away from big trading centers and hence lower threats from development 

or agricultural conversion.
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Appendix A: Covariate balance for Chapter 2 

Table!20:!Covariate distributions for the matched sample using only 
propensity scores. The t statistics and the associated p-values suggest that the 

distributions are matched at the 10% level. 

!

!

  

Variable 
  Mean 

%bias reduct |bias| t p>|t| Matched Treated Control 

Population density, sq sq root 
Unmatched 3.39 4.67 -64.8   -21.07 0.00 
Matched 3.39 3.37 1.2 98.1 0.36 0.72 

Average forest cover in 2000, sq rt 
Unmatched 6.67 5.43 71.9   23.51 0.00 
Matched 6.67 6.65 1 98.6 0.25 0.80 

Length of the river network, sq rt 
Unmatched 36.03 26.51 20.3   7.50 0.00 
Matched 36.03 36.71 -1.5 92.8 -0.33 0.74 

Average elevation, in m 
Unmatched 625.54 243.55 76.2   34.82 0.00 
Matched 625.54 625.78 0 99.9 -0.01 0.99 

Average slope, in degrees, sq rt 
Unmatched 3.11 1.91 108.9   37.29 0.00 
Matched 3.11 3.16 -4.6 95.8 -1.09 0.28 

Distance to province capital, sq rt 
Unmatched 385.82 318.71 49.6   17.00 0.00 
Matched 385.82 384.79 0.8 98.5 0.18 0.86 

1 if seaport present 
Unmatched 0.04 0.03 9   3.49 0.00 
Matched 0.04 0.04 2.8 69.4 0.62 0.53 

Fraction village area under adat in 2000 
Unmatched 0.02 0.09 -62.7   -17.00 0.00 
Matched 0.02 0.02 -2.2 96.4 -0.87 0.38 

Distance to city, inm 
Unmatched 25383.00 37296.00 -24.4   -6.18 0.00 
Matched 25383.00 25220.00 0.3 98.6 0.21 0.83 

Distance to city, sq 
Unmatched 1.00E+09 5.80E+09 -33.6   -8.23 0.00 
Matched 1.00E+09 9.70E+08 0.2 99.3 0.53 0.60 

Distance to ports*depth, sq rt 
Unmatched 0.52 0.40 53.3   19.84 0.00 
Matched 0.52 0.51 2.2 95.8 0.49 0.62 

1 if village in Kalimantan 
Unmatched 0.06 0.09 -11.3   -3.55 0.00 
Matched 0.06 0.05 2.3 79.9 0.63 0.53 

1 if village in Papua 
Unmatched 0.06 0.02 21.2   10.16 0.00 
Matched 0.06 0.05 3.5 83.3 0.72 0.47 

1 if village in Sumatra 
Unmatched 0.34 0.20 32.9   12.29 0.00 
Matched 0.34 0.35 -2.1 93.6 -0.47 0.64 

Papua*Distance to ports*depth 
Unmatched 0.05 0.01 22.8   12.20 0.00 
Matched 0.05 0.05 1 95.8 0.18 0.86 
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Table!21:!Covariate distributions for the matched sample using Mahalanobis 
distance metric augmented by the linearized propensity score. The table suggests 

that matching significantly improved the covariate balance. The t statistics and the 
associated p-values suggest that the distributions are matched at the 10% level.!

!

!

Variable!
Unmatched! Mean!

%bias!
reduct!
|bias|!

t5test!
Matched! Treated! Control! t!stat! p>|t|!

Population*density*in*2000*
Unmatched* 1032.60* 1339.20* :5.2* ** :2.56* 0.011*
Matched* 1032.60* 974.15* 1* 81* 0.22* 0.826*

Average*%forest*cover*in*2000*
Unmatched* 50.13* 32.63* 85.1* ** 31.2* 0*
Matched* 50.13* 49.82* 1.5* 98.2* 0.39* 0.699*

Length*of*the*river*network,*in*m*
Unmatched* 3813.90* 2561.00* 12.2* ** 4.45* 0*
Matched* 3813.90* 3380.00* 4.2* 65.4* 1.12* 0.261*

Average*elevation,*in*m*
Unmatched* 663.72* 241.50* 82.7* ** 40.87* 0*
Matched* 663.72* 633.96* 5.8* 93* 1.25* 0.21*

Average*slope,*in*degrees*
Unmatched* 11.56* 4.81* 110.6* ** 45.89* 0*
Matched* 11.56* 11.26* 5* 95.5* 1.16* 0.247*

Euclidean*distance*to*province*
capital,*in*m*

Unmatched* 1.80E+05* 1.20E+05* 57.8* ** 22.44* 0*
Matched* 1.80E+05* 1.80E+05* 3.1* 94.6* 0.79* 0.459*

1*if*seaport*present*
Unmatched* 0.04* 0.03* 6.3* ** 2.46* 0.014*
Matched* 0.04* 0.04* 0* 100* 0* 1*

Fraction*village*land*under*adat*in*
2000*

Unmatched* 0.006* 0.024* :37.9* ** :12.55* 0*
Matched* 0.006* 0.005* 2.3* 94* 0.75* 0.454*

Euclidean*distance*to*major*city,*in*m*
Unmatched* 33702.00* 37115.00* :6.5* ** :1.87* 0.061*
Matched* 33702.00* 32460.00* 2.4* 63.6* 0.93* 0.355*

Distance*to*ports*depth*of*port*
Unmatched* 0.31* 0.20* 45.8* ** 19.03* 0*
Matched* 0.31* 0.30* 4.3* 90.5* 1.01* 0.314*

1*if*village*in*Kalimantan*
Unmatched* 0.05* 0.09* :13.8* ** :4.5* 0*
Matched* 0.05* 0.05* :0.9* 93.6* :0.26* 0.797*

1*if*village*in*Papua*
Unmatched* 0.05* 0.02* 16.5* ** 7.82* 0*
Matched* 0.05* 0.05* 0.4* 97.4* 0.09* 0.927*

1*if*village*in*Sumatra*
Unmatched* 0.31* 0.20* 25.2* ** 9.8* 0*
Matched* 0.31* 0.31* 0.7* 97.3* 0.17* 0.867*
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!

Figure!21: Distribution of the non-linearized propensity scores in the 
treatment and control groups. 

!

0 .2 .4 .6 .8 1
Propensity Score
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Treated: Off support
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Appendix B. Spillovers analysis for Chapter 2 

Table!22:!Spillovers from the strict protected areas (standard errors given in 
parentheses). The treated group in this case comprises of the unprotected villages 

adjacent to the ones covered by the strict PA; the control group is all other 
unprotected villages. The results are based on nearest neighbor Mahalanobis 

distance metric augmented by the propensity score. The results indicate that strict 
protection did not have statistically significant impacts on the neighbouring villages. 

!

Appendix(B:(Spillovers(
Table 7. Spillovers from the strict protected areas (standard errors given in parentheses). The treated group 
in this case comprises of the unprotected villages adjacent to the ones covered by the strict PA; the control 
group is all other unprotected villages. The results are based on nearest neighbor Mahalanobis distance 
metric augmented by the propensity score. The results indicate that strict protection did not have statistically 
significant impacts on the neighbouring villages.  

Outcome(

Mahalanobis(&(PSM(

Raw((ATT( n(treated/controls)(
Deforestation+rate+2000.2006+ 0.02+

(0.01)+
1,555+
45,144+

Deforestation+2000.2006+ 0.34+
(0.39)+

1,555+
45,383+

Forest+cover+in+2006+ 0.36+
(0.81)+

1,555+
45,383+

Fires+2003.2006+ 0.00+
(0.01)+

1,555+
45,383+

Biomass+fires+2003.2006+ 0.005+
(0.01)+

1,555+
45,383+

Any+fires+2000.2006+ 0.015+
(0.02)+

1,555+
45,383+

Any+fires+in+2006+ 0.01+
(0.02)+

1,555+
45,383+

Frequency+of+fires+2000.2006+(num+
fires/village+area)+

0.07+
(0.06)+

1,555+
45,383+

Poverty+difference+2000.2006+ 0.01+
(0.01)+

1,544+
45,226+

Poverty+in+2006+ .0.01+
(0.01)+

1,544+
45,234+

Fuelwood+change+2000.2006+ 0.02+
(0.02)+

1,555+
45,376+

Fuelwood+in+2006+ .0.03+
(0.02)+

1,555+
45,383+

Malaria+incidence+in+2006+ 0.01+
(0.01)+

1,555+
45,383+

Diarrhea+incidence+in+2006+ 0.02+
(0.01)+

1,555+
45,383+

ARI+incidence+in+2006+ 0.01+
(0.01)+

1,555+
45,383+

Population+difference+2000.2006+ 49.60+
(84.60)+

1,555+
45,376+

#Poor+letters+in+2006+ 4.82+
(3.79)+

1,555+
45,376+

Water+pollution+in+2006+ .0.02+
(0.01)+

1,555+
45,376+

Change+in+drinking+water+from+lake+
2000.+2006+

0.01+
(0.01)+

1,555+
45,383+
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Table!23:!Covariate balance table for the spillover analysis. The matched sample was 
obtained through nearest neighbor Mahalanobis matching, augmented by the 

propensity score. The table suggests that matching was effective at reducing the bias 
in the covariate distributions. All the distributions are balanced at the 10% level.!

 
  

Table 8. Covariate balance table for the spillover analysis. The matched sample was obtained through nearest neighbor Mahalanobis matching, 
augmented by the propensity score. The table suggests that matching was effective at reducing the bias in the covariate distributions. All the distributions 
are balanced at the 10% level.  

Variable(
Unmatched( Mean(

%bias(
reduct(
|bias|(

t(test(
Matched( Treated( Control( t8stat( p>|t|(

Population*density*in*2000*
Unmatched* 727.55* 1349.60* =17.5* ** =5.59* 0*
Matched* 727.55* 654.04* 2.1* 88.2* 0.94* 0.347*

Average*%forest*cover*in*2000*
Unmatched* 40.59* 32.85* 38.6* ** 14.76* 0*
Matched* 40.59* 39.85* 3.7* 90.5* 1.04* 0.3*

Length*of*the*river*network,*in*m*
Unmatched* 3361.90* 2569.30* 8.7* ** 3.03* 0.002*
Matched* 3361.90* 3287.60* 0.8* 90.6* 0.27* 0.79*

Average*elevation,*in*m*
Unmatched* 418.24* 247.10* 41.5* ** 17.61* 0*
Matched* 418.24* 413.55* 1.1* 97.3* 0.29* 0.77*

Average*slope,*in*degrees*
Unmatched* 6.85* 4.92* 35.7* ** 13.89* 0*
Matched* 6.85* 7.08* =4.1* 88.4* =1.11* 0.265*

Distance*to*province*capital,*in*m*
Unmatched* 1.20E+05* 1.20E+05* 2.3* ** 0.9* 0.366*
Matched* 1.20E+05* 1.20E+05* 0.6* 75.4* 0.16* 0.874*

1*if*seaport*present*
Matched** 0.28* 0.27* 1* ** 0.4* 0.689*
Matched* 0.03* 0.02* 2.4* =132.2* 0.67* 0.502*

Fraction*village*land*under*adat*in*
2000*

Unmatched* 0.01* 0.02* =27.8* ** =9.48* 0*
Matched* 0.01* 0.01* 1.2* 95.6* 0.44* 0.663*

Distance*to*major*city,*in*m*
Unmatched* 27673.00* 37311.00* =17.8* ** =5.69* 0*
Matched* 27673.00* 27703.00* =0.1* 99.7* =0.02* 0.983*

Distance*to*ports*depth*of*port*
Unmatched* 0.26* 0.20* 23.1* ** 10.52* 0*
Matched* 0.26* 0.26* 0.9* 96* 0.23* 0.82*

1*if*village*in*Kalimantan*
Unmatched* 0.09* 0.09* 2.7* ** 1.06* 0.291*
Matched* 0.09* 0.09* 0* 100* 0* 1*

1*if*village*in*Papua*
Unmatched* 0.03* 0.02* 10.4* ** 4.77* 0*
Matched* 0.03* 0.03* 0* 100* 0* 1*

1*if*village*in*Sumatra*
Unmatched* 0.27* 0.20* 17.6* ** 7.24* 0*
Matched* 0.27* 0.27* 0* 100* 0* 1*
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Appendix C. Robustness checks with respect to 
treatment definition for Chapter 2 

!

Table!24:!Robustness checks for the definition of treatment (habitat structure 
outcomes). The standard errors are presented in parentheses. The table suggests 
that the results are very consistent. All the specifications have balanced covariate 

distributions at the 10% level. 

!

!
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Table 9. Robustness checks for the definition of treatment (habitat structure outcomes). The standard errors 
are presented in parentheses. The table suggests that the results are very consistent. All the specifications 
have balanced covariate distributions at the 10% level.  

Treatment(

Rate(of(
forest(loss(

Forest(
cover(in(
2006(

Deforestation((
Forest(cover(
20006Forest(
cover(2006)(

PODES:(
Any(
fires(in(
20036
2006(

PODES:(
Biomass(
fires(in(
(20036
2006(

N(
(treated/controls)(Raw)ATT) Raw)ATT) Raw)ATT)

Raw)
ATT)

Raw)
ATT)

10%)cutoff)
90.02)
(0.02))

90.51)
(0.82))

90.44)
(0.41))

0.03***)
(0.01))

0.001)
(0.01))

1,567)
41,106)

20%)cutoff)
90.04**)
(0.02))

0.67)
(0.84))

91.38***)
(0.41))

0.03***)
(0.01))

90.002)
(0.01))

1,397)
41,105)

30%)cutoff)
90.05**)
(0.02))

0.21)
(0.93))

91.07**)
(0.46))

0.05***)
(0.01))

90.01)
(0.01))

1,244)
41,099)

40%)cutoff)
90.07***)

(0.02))
2.04**)
(0.94))

91.71***)
(0.46))

0.06***)
(0.01))

0.01)
(0.01))

1,108)
41,108)

50%)cutoff)
90.06***)

(0.02))
1.16)

(1.02))
91.60***)

(0.50))
0.05***)
(0.01))

0.02)
(0.01))

966)
41,108)

Significance(levels:(***61%,(**65%,(*610%(

(

Table 10. Robustness checks for the definition of treatment (socio-economic outcomes). The standard errors 
are presented in parentheses. The table suggests that the results are very consistent. All the specifications 
have balanced covariate distributions at the 10% level.  

Treatment)

Poverty)in)
2006)

Poverty)
difference))
20009
2006)

Population)
difference))
200092006) n(treated/controls))

Raw)ATT) Raw)ATT) Raw)ATT) ))

10%)cutoff)
0.01)

(0.01))
0.004)
(0.01))

94.84)
(59.60))

1,480)
39,399)

20%)cutoff)
0.004)
(0.01))

90.01)
(0.01))

97.08)
(56.35))

1,331)
39,521)

30%)cutoff)
0.03*)
(0.01))

90.03*)
(0.02))

911.53)
(53.63))

1,324)
39,403)

40%)cutoff)
0.03**)
(0.01))

90.03**)
(0.02))

60.57)
(62.26))

1,057)
39,523)

50%)cutoff)
0.04**)
(0.02))

90.03*)
(0.02))

90.45)
(61.55))

921)
39397.00)

Significance(levels:(***61%,(**65%,(*610%(

(
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Table!25:!Robustness checks for the definition of treatment (socio-economic 
outcomes). The standard errors are presented in parentheses. The table suggests 
that the results are very consistent. All the specifications have balanced covariate 

distributions at the 10% level. 

          

Table!26:!Robustness checks for the definition of treatment (disease incidence 
outcomes). The standard errors are presented in parentheses. The table suggests 
that the results are very consistent. All the specifications have balanced covariate 

distributions at the 10% level.!

 

Appendix(C:(Robustness)checks)wrt)to)treatment)definition(

 

Table 9. Robustness checks for the definition of treatment (habitat structure outcomes). The standard errors 
are presented in parentheses. The table suggests that the results are very consistent. All the specifications 
have balanced covariate distributions at the 10% level.  

Treatment(

Rate(of(
forest(loss(

Forest(
cover(in(
2006(

Deforestation((
Forest(cover(
20006Forest(
cover(2006)(

PODES:(
Any(
fires(in(
20036
2006(

PODES:(
Biomass(
fires(in(
(20036
2006(

N(
(treated/controls)(Raw)ATT) Raw)ATT) Raw)ATT)

Raw)
ATT)

Raw)
ATT)

10%)cutoff)
90.02)
(0.02))

90.51)
(0.82))

90.44)
(0.41))

0.03***)
(0.01))

0.001)
(0.01))

1,567)
41,106)

20%)cutoff)
90.04**)
(0.02))

0.67)
(0.84))

91.38***)
(0.41))

0.03***)
(0.01))

90.002)
(0.01))

1,397)
41,105)

30%)cutoff)
90.05**)
(0.02))

0.21)
(0.93))

91.07**)
(0.46))

0.05***)
(0.01))

90.01)
(0.01))

1,244)
41,099)

40%)cutoff)
90.07***)

(0.02))
2.04**)
(0.94))

91.71***)
(0.46))

0.06***)
(0.01))

0.01)
(0.01))

1,108)
41,108)

50%)cutoff)
90.06***)

(0.02))
1.16)

(1.02))
91.60***)

(0.50))
0.05***)
(0.01))

0.02)
(0.01))

966)
41,108)

Significance(levels:(***61%,(**65%,(*610%(

(

Table 10. Robustness checks for the definition of treatment (socio-economic outcomes). The standard errors 
are presented in parentheses. The table suggests that the results are very consistent. All the specifications 
have balanced covariate distributions at the 10% level.  

Treatment)

Poverty)in)
2006)

Poverty)
difference))
20009
2006)

Population)
difference))
200092006) n(treated/controls))

Raw)ATT) Raw)ATT) Raw)ATT) ))

10%)cutoff)
0.01)

(0.01))
0.004)
(0.01))

94.84)
(59.60))

1,480)
39,399)

20%)cutoff)
0.004)
(0.01))

90.01)
(0.01))

97.08)
(56.35))

1,331)
39,521)

30%)cutoff)
0.03*)
(0.01))

90.03*)
(0.02))

911.53)
(53.63))

1,324)
39,403)

40%)cutoff)
0.03**)
(0.01))

90.03**)
(0.02))

60.57)
(62.26))

1,057)
39,523)

50%)cutoff)
0.04**)
(0.02))

90.03*)
(0.02))

90.45)
(61.55))

921)
39397.00)

Significance(levels:(***61%,(**65%,(*610%(

(

)
)

10)

(

Table 11. Robustness checks for the definition of treatment (disease incidence outcomes). The standard 
errors are presented in parentheses. The table suggests that the results are very consistent. All the 
specifications have balanced covariate distributions at the 10% level. 

Treatment(

Fuelwood(
Change((
20006
2006(

Fuelwood(
in(2006(

Diarrhea(
in(2006(

Malaria(
in(2006(

ARI(in(
2006( n(treated/controls)(

((Raw(ATT( Raw(ATT( Raw(ATT( Raw(ATT( Raw(ATT(

10%)cutoff)
90.02)
(0.01))

90.02)
(0.02))

90.02)
(0.01))

0.01)
(0.01))

0.01)
(0.01))

1,489)
39,522)

20%)cutoff)
90.03*)
(0.02))

90.02)
(0.02))

90.01)
(0.01))

0.01)
(0.02))

0.01)
(0.01))

1,331)
39,521)

30%)cutoff)
90.02)
(0.02))

90.02)
(0.02))

90.02)
(0.02))

0.03)
(0.02))

0.02*)
(0.01))

1,192)
39,525)

40%)cutoff)
90.004)
(0.02))

90.04*)
(0.02))

90.003)
(0.02))

0.01)
(0.02))

0.03***)
(0.01))

1,057)
39,523)

50%)cutoff)
90.01)
(0.02))

90.03)
(0.02))

90.02)
(0.02))

0.04**)
(0.02))

0.01)
(0.02))

927)
39,519)

(

(
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Appendix D. Post-matching covariate distribution tests 
for Chapter 3 

!

Table!27:!Post-matching covariate distribution tests, with strict protected areas 
(IUCN Ia) as the treatment variable. All covariates are balanced at the 10% level (as 
indicated by the t-statistic and corresponding p-value in the last two columns). The 

results are based on Mahalanobis nearest neighbor matching augmented by the 
propensity score. !

!

!
53#

#

APPENDIX A: PROPENSITY SCORE GRAPHS AND POSTMATCHING 
COVARIATE DISTRIBUTION TESTS 

Table)10.#Post-matching covariate distribution tests, with strict protected areas (IUCN Ia) as the 
treatment variable. All covariates are balanced at the 10% level (as indicated by the t-statistic and 
corresponding p-value in the last two columns). The results are based on Mahalanobis nearest 
neighbor matching augmented by the propensity score)

PSM#&#MAHALANOBIS#

Variable# Speciifcation# Treated# Control# %bias# %bias#reduc# t+stat# p>|t|#

Average#elevation#
Unmatched# 406.45# 250.98# 36.2# ## 7.99# 0#
Matched# 406.45# 386.89# 4.6# 87.4# 0.57# 0.569#

Average#slope#
Unmatched# 7.2057# 4.9604# 39.2# ## 8.06# 0#
Matched# 7.2057# 7.1913# 0.3# 99.4# 0.03# 0.974#

Distance#to#ports#
Unmatched# 47130# 62367# +34.4# ## +6.05# 0#
Matched# 47130# 48275# +2.6# 92.5# +0.41# 0.681#

Distance#to#city#
Unmatched# 25960# 37109# +20.2# ## +3.3# 0.001#
Matched# 25960# 26074# +0.2# 99# +0.04# 0.97#

Distance#to#
province#capital#

Unmatched# 1.20E+05# 1.20E+05# 2.2# ## 0.48# 0.631#
Matched# 1.20E+05# 1.20E+05# 1.1# 48.2# 0.14# 0.887#

Distance#to#
permanent#market#

in#2000#

Unmatched# 13.055# 8.8991# 21.2# ## 4.95# 0#

Matched# 13.055# 12.451# 3.1# 85.5# 0.38# 0.705#
Average#forest#
cover#in#2000#

Unmatched# 40.51# 33.018# 36.1# ## 7.13# 0#
Matched# 40.51# 39.495# 4.9# 86.5# 0.67# 0.502#

1#if#village#
developed#

Unmatched# 0.45144# 0.53094# +15.9# ## +3.1# 0.002#
Matched# 0.45144# 0.44619# 1.1# 93.4# 0.15# 0.884#

Population#density#
in#2000#

Unmatched# 3663.9# 1314.7# 23.6# ## 10.57# 0#
Matched# 3663.9# 3617.2# 0.5# 98# 0.05# 0.961#

1#if#crime#in#2000#
Unmatched# 0.19423# 0.15597# 10.1# ## 2.05# 0.04#
Matched# 0.19423# 0.1916# 0.7# 93.1# 0.09# 0.927#

1#if#in#Sumatra#
Unmatched# 0.13911# 0.20248# +16.9# ## +3.07# 0.002#
Matched# 0.13911# 0.13911# 0# 100# 0# 1#

1#if#in#Papua#
Unmatched# 0.05774# 0.01833# 20.7# ## 5.67# 0#
Matched# 0.05774# 0.05774# 0# 100# 0# 1#

1#if#in#Sulawesi#
Unmatched# 0.12073# 0.09349# 8.8# ## 1.82# 0.069#
Matched# 0.12073# 0.12073# 0# 100# 0# 1#

Poverty#rate#in#
2000#

Unmatched# 0.4702# 0.51312# +14.6# ## +2.97# 0.003#

Matched# 0.4702# 0.46741# 1# 93.5# 0.13# 0.898#

1#if#in#Kalimantan#
Unmatched# 0.14961# 0.08602# 19.8# ## 4.4# 0#
Matched# 0.14961# 0.14961# 0# 100# 0# 1#
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!

Table!28:!Post-matching covariate distribution tests, with national parks 
(IUCN II) as the treatment variable. All covariates are balanced at the 10% level (as 
indicated by the t-statistic and corresponding p-value in the last two columns). The 

results are based on PSM only as it yielded a better covariance balance!

!

!

!

!

!
!
!

54#
#

Table)11.)Post-matching covariate distribution tests, with national parks (IUCN II) as the treatment 
variable. All covariates are balanced at the 10% level (as indicated by the t-statistic and corresponding 
p-value in the last two columns). The results are based on PSM only as it yielded a better covariance 
balance 

IUCN#II:#PSM#ONLY#

Variable# Specification# Treated# Control# %bias# %bias#reduc# t+stat# p>|t|#

aveelev_m#
Unmatched# 695.77# 243.61# 86.4# ## 37.87# 0#
Matched# 695.77# 672.82# 4.4# 94.9# 0.82# 0.41#

aveslope_d#
Unmatched# 11.69# 4.8482# 122# ## 40.12# 0#
Matched# 11.69# 11.79# +1.8# 98.6# +0.35# 0.725#

dist2ports#
Unmatched# 79189# 61935# 33# ## 11.04# 0#
Matched# 79189# 76375# 5.4# 83.7# 1.13# 0.257#

dist2city#
Unmatched# 28952# 37184# +16.7# ## +3.92# 0#
Matched# 28952# 28472# 1# 94.2# 0.45# 0.65#

distocap_m#
Unmatched# 1.60E+05# 1.20E+05# 45.4# ## 13.38# 0#
Matched# 1.60E+05# 1.60E+05# +0.4# 99.1# +0.08# 0.932#

dist2permm~00#
Unmatched# 15.543# 8.8023# 34.3# ## 12.93# 0#
Matched# 15.543# 15.206# 1.7# 95# 0.35# 0.725#

avgfores~2000#
Unmatched# 49.284# 32.762# 86.3# ## 25.47# 0#
Matched# 49.284# 49.565# +1.5# 98.3# +0.33# 0.739#

vil_lessdev00#
Unmatched# 0.33233# 0.16857# 38.5# ## 13.62# 0#
Matched# 0.33233# 0.33133# 0.2# 99.4# 0.05# 0.962#

popdens00#
Unmatched# 153.86# 1354# +38.8# ## +8.69# 0#
Matched# 153.86# 142.08# 0.4# 99# 1.38# 0.167#

crime00#
Unmatched# 0.15716# 0.15622# 0.3# ## 0.08# 0.936#
Matched# 0.15716# 0.16817# +3# +1078.8# +0.67# 0.505#

sumatra#
Unmatched# 0.38338# 0.19856# 41.5# ## 14.44# 0#
Matched# 0.38338# 0.37638# 1.6# 96.2# 0.32# 0.747#

papua#
Unmatched# 0.04805# 0.01805# 16.8# ## 6.95# 0#
Matched# 0.04805# 0.04505# 1.7# 90# 0.32# 0.75#

sulawesi#
Unmatched# 0.14014# 0.0928# 14.8# ## 5.09# 0#
Matched# 0.14014# 0.12112# 5.9# 59.8# 1.26# 0.207#

poverty_ra~00#
Unmatched# 0.56299# 0.51186# 17.4# ## 5.7# 0#
Matched# 0.56299# 0.57029# +2.5# 85.7# +0.53# 0.593#

kalimantan#
Unmatched# 0.06607# 0.08687# +7.8# ## +2.32# 0.02#
Matched# 0.06607# 0.06206# 1.5# 80.8# 0.37# 0.715#

# #
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Table!29: Post-matching covariate distribution tests, with species 
management areas (IUCN IV) as the treatment variable. All covariates are balanced 
at the 10% level (as indicated by the t-statistic and corresponding p-value in the last 

two columns). The results are based on Mahalanobis nearest neighbor matching 
augmented by the propensity score!

!

 
!

! ! 55#
#

Table#12.#Post-matching covariate distribution tests, with species management areas (IUCN IV) as the 
treatment variable. All covariates are balanced at the 10% level (as indicated by the t-statistic and 
corresponding p-value in the last two columns). The results are based on Mahalanobis nearest 
neighbor matching augmented by the propensity score)

IUCN#IV:#PSM#&#MAHALANOBIS#

Variable# Specification# Treated# Control# %bias# %bias#reduc# t+stat# p>|t|#

aveelev_m#
Unmatched# 475.58# 251.03# 56.8# ## 9.38# 0#
Matched# 475.58# 432.03# 11# 80.6# 1.19# 0.234#

aveslope_d#
Unmatched# 9.3197# 4.9559# 75.8# ## 12.74# 0#
Matched# 9.3197# 8.5147# 14# 81.6# 1.51# 0.132#

dist2ports#
Unmatched# 64085# 62249# 4.2# ## 0.59# 0.554#
Matched# 64085# 64171# +0.2# 95.3# +0.03# 0.98#

dist2city#
Unmatched# 25903# 37082# +22.9# ## +2.69# 0.007#
Matched# 25903# 27231# +2.7# 88.1# +0.77# 0.441#

distocap_m#
Unmatched# 1.60E+05# 1.20E+05# 42.5# ## 6.82# 0#
Matched# 1.60E+05# 1.60E+05# 7.6# 82.2# 0.83# 0.408#

dist2permm~00#
Unmatched# 16.992# 8.8907# 38.4# ## 7.84# 0#
Matched# 16.992# 16.303# 3.3# 91.5# 0.32# 0.752#

avgfores~2000#
Unmatched# 47.982# 33.001# 77.2# ## 11.6# 0#
Matched# 47.982# 46.039# 10# 87# 1.17# 0.244#

vil_lessdev00#
Unmatched# 0.15538# 0.17171# +4.4# ## +0.68# 0.494#
Matched# 0.15538# 0.15538# 0# 100# 0# 1#

popdens00#
Unmatched# 154# 1337# +38.5# ## +4.32# 0#
Matched# 154# 172.64# +0.6# 98.4# +0.72# 0.47#

crime00#
Unmatched# 0.11952# 0.15641# +10.7# ## +1.61# 0.108#
Matched# 0.11952# 0.11952# 0# 100# 0# 1#

sumatra#
Unmatched# 0.58167# 0.20023# 84.8# ## 15.05# 0#
Matched# 0.58167# 0.58167# 0# 100# 0# 1#

papua#
Unmatched# 0.01195# 0.01864# +5.5# ## +0.78# 0.434#
Matched# 0.01195# 0.01195# 0# 100# 0# 1#

sulawesi#
Unmatched# 0.2988# 0.09271# 53.7# ## 11.19# 0#
Matched# 0.2988# 0.2988# 0# 100# 0# 1#

poverty_ra~00#
Unmatched# 0.44636# 0.51313# +24.5# ## +3.76# 0#
Matched# 0.44636# 0.46074# +5.3# 78.5# +0.61# 0.543#

kalimantan#
Unmatched# 0.05179# 0.08664# +13.8# ## +1.96# 0.05#
Matched# 0.05179# 0.05179# 0# 100# 0# 1#
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Table!30: Post-matching covariate distribution tests, with sustainable use 
/multiuse protected areas (IUCN VI) as the treatment variable. All covariates are 

balanced at the 10% level (as indicated by the t-statistic and corresponding p-value 
in the last two columns). The results are based on a PSM specification without a 

Mahalanobis distance metric 

 
 

58#
#

Table)14.)Post-matching covariate distribution tests, with sustainable use /multiuse protected areas 
(IUCN VI) as the treatment variable. All covariates are balanced at the 10% level (as indicated by the 
t-statistic and corresponding p-value in the last two columns). The results are based on a PSM 
specification without a Mahalanobis distance metric 

IUCN#VI#PSM#only#

Variable# Matched#
Mean#
Treated#

Mean#
Control# %bias#

%bias#
reduc# t+stat#

p+
value#

Average#
elevation#

Unmatched# 769.41# 249.26# 112.2#
#

23.44# 0#
Matched# 769.41# 746.45# 5# 95.6# 0.47# 0.635#

Average#slope#
Unmatched# 12.893# 4.9331# 149.5#

#
25.09# 0#

Matched# 12.893# 12.816# 1.5# 99# 0.15# 0.882#
Distance#to#
ports#

Unmatched# 81326# 62154# 41.6#
#

6.65# 0#
Matched# 81326# 77775# 7.7# 81.5# 0.89# 0.375#

Distance#to#
city#

Unmatched# 35373# 37039# +3.2#
#

+0.43# 0.667#
Matched# 35373# 32337# 5.8# +82.3# 1.19# 0.234#

Distance#to#
province#
capital#

Unmatched# 2.30E+05# 1.20E+05# 95#
#

19.6# 0#

Matched# 2.30E+05# 2.30E+05# 4.9# 94.8# 0.56# 0.578#
Distance#to#
perm.#market#
in#2000#

Unmatched# 22.983# 8.8518# 61.9#
#

14.71# 0#

Matched# 22.983# 19.803# 13.9# 77.5# 1.41# 0.16#
Average#forest#
cover#in#2000#

Unmatched# 53.972# 32.957# 113#
#

17.52# 0#
Matched# 53.972# 54.321# +1.9# 98.3# +0.24# 0.814#

1#if#village#less#
developed#

Unmatched# 0.20345# 0.17146# 8.2#
#

1.44# 0.15#
Matched# 0.20345# 0.15862# 11.5# +40.1# 1.4# 0.161#

Population#
density#in#
2000#

Unmatched# 114.13# 1338.1# +39.8#
#

+4.8# 0#

Matched# 114.13# 109.74# 0.1# 99.6# 0.2# 0.844#
1#if#any#crime#
in#2000#

Unmatched# 0.12069# 0.15644# +10.4#
#

+1.67# 0.095#
Matched# 0.12069# 0.1# 6# 42.1# 0.79# 0.427#

1#if#in#Sumatra#
Unmatched# 0.41724# 0.20085# 48.1#

#
9.16# 0#

Matched# 0.41724# 0.42069# +0.8# 98.4# +0.08# 0.933#

1#if#in#Sulawesi#
Unmatched# 0.18966# 0.09316# 27.9#

#
5.63# 0#

Matched# 0.18966# 0.1931# +1# 96.4# +0.11# 0.916#
Poverty#rate#in#
2000#

Unmatched# 0.462# 0.51309# +18.5#
#

+3.09# 0.002#
Matched# 0.462# 0.43458# 10# 46.3# 1.17# 0.244#

1#if#in#
Kalimantan#

Unmatched# 0.25172# 0.08558# 45.5#
#

10.05# 0#
Matched# 0.25172# 0.24138# 2.8# 93.8# 0.29# 0.773#
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Appendix E. Modeling Framework for Chapter 3 

 
The goal of this section is to provide more details about the determinants of the 

variables presented in the main paper.  

 

E.1 The optimal bribe, e 

We model this interaction between a district government and logging companies 

as a model of collusive corruption (Klitgaard, 1987; Rose-Ackerman, 1978; Shleifer & 

Vishny, 1998). As previous studies have suggested, the “Big Bang” decentralization in 

Indonesia significantly increased collusive corruption with regards to the timber and 

logging sectors (Palmer, 2011). At the same time, the decentralization policies allowed 

the local population to remove district officials who do not perform well (Resosudarmo, 

2005).  

The bribes, e, are determined by the district government. In deciding how many 

logging permits to issue, the district government balances the revenue from the timber 

and the probability of being caught, accused of malfeasance and removed from office. By 

assumption, the probability of being caught increases with the number of logging permits 

issued within the district and the forest area logged; the probability of being removed 

from office increasing in the number of voters.  We assume that a risk-neutral district 

government tries to maximize revenue from corruption given the probability of 

punishments.  
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Let pp be the logging permit price, e-amount of bribe charged, X-number of 

permits issued, -the total forest area within a district25, H()-the probability of 

detection, Z-electoral participation (e.g. number of voters), h-punishment and g()-the 

probability of punishment. By assumption: . The 

district government maximizes the expected revenue obtained from issuing permits given 

the probability of detection and punishment. In other words, the district government 

issues the number of permits, X, that maximize expected revenue 

 

X = argmax X(pp + e)−H
X

X
_

"

#
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'     (Eq. 2) 

Differentiating Eq.2 with respect to X yields: 

e = 1
X
H X

X
_

!

"
##

$

%
&&g(Z )h− pp       (Eq.3) 

The first order conditions of Eq.3 with respect to X and Z suggest that the bribe 

logging companies have to pay increases with the number of permits issued and the 

number of voters.  In other words, more voters and more permits raise the costs logging 

companies face. The higher bribes aim to reduce the demand for permits and compensate 

for the increased probability of detection and punishment (Shleifer & Vishny, 1998). In 

contrast, the bribes charged decrease with the availability of forests. In other words, in 

districts with larger forest endowments, the probability of detection and, hence, the bribe 

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!

25 The district forest endowment, X
_
,! is the sum of the forest areas, Lj

_
, in each of the j villages within a district.  

_
X

0,0,0,0 2

2

2

2

<
∂

∂
>

∂

∂
>

∂

∂
>

∂

∂

Z
g

Z
g

X
H

X
H



!

! 174!

will be lower, ceteris paribus. Which effect dominates (voters vs. forest endowments) 

depends on the functional forms.  

 

E.2 The optimal compensation to communities 

How much the firm pays to communities depends on the characteristics of the 

communities and the benefits communities obtain from the forests. The community 

would be indifferent between logging and no logging if the compensation it receives is 

tantamount to the benefits of the forest foregone because of logging. The community 

benefits (B(L,PAi,θ))26 from the forest are non-timber forest products (NFTP) and various 

ecosystem services as well as tourist revenue if the forest is protected. The benefits 

depend on the type of PA (extraction restrictions) as well as the health and the area of the 

forest. The tourist revenue depends on the type of PA (IUCN II27 or not), the area, the 

distance to the PA and the availability of infrastructure/proximity to cities/ease of access. 

The benefits from the forests depend on the characteristics of the communities. For 

example, in rural villages where electricity is scarce and very expensive, the majority of 

the population relies on fuelwood as the primary source of fuel for cooking. In such 

areas, the benefits from the forest are going to be higher than in urban areas with high 

electricity usage, ceteris paribus. Because sustainable use protected areas (IUCN VI) 

allow communities to extract resources from the forest, the benefits from this PA type are 

greater than the benefits from the strict reserves or species management areas.  

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
26Technically B () captures the net benefits from protection in recognition of the fact that the 

presence of protected areas may also impose costs on the communities because of the restricted access and 
extractive activities within the park’s boundaries. The magnitude of the costs depends on the type of PA 
(strict conservation vs. sustainable use) as well as the characteristics of the community (e.g. whether the 
community is forest-dependent and whether alternatives for the forest products exist).  
27 By assumption only IUCN II PAs generate positive tourist revenue. This is for convenience only; the model can 
easily be adjusted for revenue from the other PAs.  
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In sum, the community benefits function is the sum of the net NTFP benefits and 

the tourist revenue (R) and is given by B(L,PAi;θ )+ R(L,PAi,d,a,θ ) , where PAi stands 

for a protected area of type i, d is the proximity of the village/PA to the market, a is the 

accessibility of the village and R() is given by:       

R(.) =
0 if i ∉ IUCN II

R(L,PAi,d,a) if i ∈ IUCN II

#

$
%

&%
         with  

.  

For communities to be indifferent between keeping the forest and allowing 

logging, compensation should equal 

B(L
_
,PAi )−B(L

_
− L,PAi )+ R(L

_
,PAi,d,a)− R(L

_
− L,PAi,d,a) , where  is the initial forest 

area. Note, that the compensation to communities depends on the type of PA.  

The expression above gives the optimal compensation if the agreement between 

the logging firm and the community can be enforced. However, previous studies have 

suggested that logging firms often renege on contracts and do not compensate 

communities (Engel et al, 2006). In the current paper, the assumption is that 

compensation takes place simultaneously with logging—in other words, we abstract from 

the game theoretical issues of credible commitments for ex post compensation.  

Abstracting from the issue of credible commitments, the other question is whether 

compensation can be 0. To address this, we use the intuition provided in the model by 

Engel et al (2006).28 Because decentralization restored the weak property rights over 

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!

28!A multistage game theoretic model of the interactions between logging firms and communities is presented in detail 
in Engel et al (2006). Engel and Palmer (2011) discuss nuances of the original model (like the role of the baseline 
poverty levels or the impact of market integration).!

∂R
∂L

> 0, ∂
2R
∂L2

> 0, ∂R
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< 0, ∂R
∂a

< 0
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forests to communities, if there is no compensation, communities may attempt to prevent 

the logging firm from logging their land. The costs of fighting the logging firm depend on 

the community’s ability to fight —proxied here by characteristics such as poverty levels 

and degree of social homogeneity and social capital. In other words, very diverse poor 

communities are less likely to fight a logging firm. Thus, they are more likely to have 

their forests logged and receive no compensation, ceteris paribus. This is likely to happen 

in the case when the costs of fighting exceed the loss of benefits from the logged forest. 

The logging firm will not attempt to renege on a contract in which the community is 

likely to win the conflict.  

It is also possible that the compensation to communities is 0, but no logging takes 

place. This is the case when the (1) loss of benefits29 from the forest if logging is allowed 

exceeds the costs of fighting and (2) the benefits from the forest are so great, that it is 

optimal for the firm to choose to relocate to another area rather than attempt to fight or 

compensate the community.  

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
29 In this discussion above, we have assumed away discounting. The discount rate may change the benefits the 
community receives. A small discount rate will favor a smaller compensation and may increase logging.  
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Appendix F. Wild t-bootstrap for Chapter 4 

 
Table!31: Wild t-bootstrap values for linear models (t-statistics in 

parentheses). The table presents the estimates for the two binary models of market 
participation. We compare the results from a probit with linear probability models, 

which also allow us to apply wild t bootstrap techniques. The results indicate that the 
linear and probit models are consistent for the most part in terms of the signs of the 
estimated coefficients.1 Also, there seems to be some tendency for the regular linear 
probability models (LMP) to produce downward biased standard errors when the 
number of clusters from which the data were collected is small. The bootstrapped 
standard errors correct for the bias resulting from the small number of clusters. 

!

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
1 The only exception is the coefficient on the proximity to town variable, whose sign becomes negative in the linear 
specifications.  

33"
"

 

Appendix"

Table 5. Wild t-bootstrap values for linear models (t-statistics in parentheses). The table 
presents the estimates for the two binary models of market participation. We compare the 
results from a probit with linear probability models, which also allow us to apply wild t 
bootstrap techniques. The results indicate that the linear and probit models are consistent for 
the most part in terms of the signs of the estimated coefficients.19 Also, there seems to be some 
tendency for the regular linear probability models (LMP) to produce downward biased 
standard errors when the number of clusters from which the data were collected is small. The 
bootstrapped standard errors correct for the bias resulting from the small number of clusters.  

Covariate,

Production,decision,(single,
equation),

Seller,decision,(single,equation),,
Heckman,correction,

Probit, LPM,
LPM,w/,,
bootstrap, Probit, LPM,

LPM,w/,
bootstrap,

Distance"to"TC,"km"
""

0.14"
(1.61)"

0.01**"
(2.49)"

0.01*"
(2.62)"

T0.060"
(T0.260)"

0.006"
(0.210)"

0.006"
(0.208)"

Distance"to"towns,"
km"
""

0.30"
(0.69)"

T0.01***"
(T2.13)"

T0.01**"
(T3.37)"

T0.166"
(T1.060)"

T0.051***"
(T3.090)"

T0.051*"
(T3.087)"

Distance"to"roads,"
km"
""

1.15**"
(2.90)"

0.10***"
(2.88)"

0.10**"
(3.30)"

T0.204"
T2.630"

T0.040**"
(T2.690)"

T0.040*"
(T2.695)"

Distance"to"forest,"
km"
""

T0.32*"
(T1.80)"

T0.01**"
(T1.98)"

T0.01"
(T1.27)"

T0.170"
T0.930"

T0.021"
(0.029)"

T0.021"
(T0.740)"

Forest"
degradation,"km2"
""

T0.48"
(T1.55)"

T0.04***"
(T4.04)"

T0.04***"
(T4.01)"

0.367**"
2.230"

0.062***"
(4.240)"

0.062**"
(4.239)"

Significance"levels:"***1%,"**5%,"*10%"

"""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""
19 The only exception is the coefficient on the proximity to town variable, whose sign becomes negative in the 
linear specifications.  
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Appendix G. Indonesia Atlas 
 

The following appendix presents maps of the key outcome variables, aggregated at 

the village level, for Chapters 2 and 3. The missing values are villages that could not be 

merged across years or had no forest in 2000.  
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