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Abstract

In Indonesia annual forest fires between July and November raise substantial health,
environmental and economic costs for Indonesia and its neighbours. In spite of substantial
media and policy interest in the fires, there is little systematic quantitative analysis of
the economic and political forces behind them. We utilize data on fires, rainfall, forests,
and agricultural conditions and prices to analyze the role of two prospective channels:
weak governance leading to underenforcement of laws against burning, and global demand
for palm oil. First, we leverage plausibly exogenous variation in governance quality
(through splits of administrative districts) that may alter local government capacity and
incentives. While important prior work (Burgess et al., 2012) has shown that this can be
a mechanism increasing overall deforestation, primarily through illegal logging, forest
burning is arguably a significantly more publicly visible form of illegal activity, so may
interact differently with governance dynamics. We show that an extra district per province
leads to a 3-11.7% increase in the number of fires. However this effect is concentrated
immediately after the time of a district split and in newly-created districts, suggesting
the primary mechanisms are temporary factors such as weakened governance capacity in
newly-created districts. Furthermore we present evidence that fires account for slightly
under half of all deforestation in Indonesia. Second, we interact global palm oil prices with
a measure of a district’s suitability for conversion to palm oil, showing that global palm
oil demand substantially increases fire activity, particularly in the areas most suitable for
conversion to palm oil. These results provide insights toward efforts to predict and prevent
the fires, and deforestation more broadly.
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1 Introduction

Each year between July and November equatorial Asia experiences a dense smokey haze as Indonesia’s
forests are illegally burnt to clear land for agriculture. The fires cause numerous complications for
Indonesia and neighboring Malaysia and Singapore, and have become a contentious international
relations issue in the region. The haze causes significant respiratory issues in affected populations
(Frankenberg, Mckee and Thomas, 2005). Studies have estimated a 1.2 percent increase in infant
mortality in regions exposed to the haze in 1997, and over 100,000 premature deaths in Indonesia,
Malaysia and Singapore during 2015, a year of particularly intense fire activity (Jaychandran, 2009;
Koplitz et al., 2016). The fires also have substantial environmental consequences, especially when the
burning occurs on peatland, a dense forest that emits substantial amounts of carbon when burnt (Page
et al., 2002; Alisjahbana and Busch, 2017). During 2015 Indonesia emitted more carbon than the entire
European Union, and ranked third for total carbon pollution globally (Huijen et al., 2016; Edwards and
Heiduk, 2015). Forest fires contribute an overwhelming amount of this pollution, accounting for 69
percent of Indonesia’s carbon emissions over the period 1989-2008 (Carson et al., 2012). The economic
consequences are also severe, with estimates suggesting that the fires in 2015 cost the Indonesian
economy $16.1 billion USD, equivalent to 1.9 percent of GDP, a figure which fails to consider additional
adverse impacts on Singapore and Malaysia (World Bank, 2016). This paper provides systematic
quantitative evidence on some of the political and economic forces behind these annual fire events.

The forest fires are considered to primarily be the result of "slash and burn" land conversion
practices, generally to convert land to palm oil (Dauvergne, 1998; Dennis et al., 2005; Purnomo et
al., 2017). Palm oil is Indonesia’s biggest agricultural export, and has experienced rapid growth since
the turn of the century, with a deliberate government goal to increase production of palm oil as a
poverty reduction strategy (Gatto et al., 2017; Edwards, 2017; Edwards and Heiduk, 2015). Palm
oil concessions covered under 4 million hectares before 2000 and over 12 million hectares by 2014
(Edwards, 2017). Most of the expansion of palm oil has come from converting forest-covered land to
palm plantations (Furumo and Aide, 2017).

This paper provides causal estimates motivated by two of the main hypothesized channels behind
the fires: (1) the role of weak governance and the (lack of) incentives for local government officials to
enforce laws outlawing the fires, and (2) the returns from land conversion to palm oil, driven by global
palm oil demand. To do so we combine a number of remotely-sensed and administrative data sources
covering the early 2000s to the mid-2010s, on fires, rainfall, forest cover, administrative boundaries,
agricultural conditions (the suitability of local regions for palm oil conversion), and agricultural
prices of the two fastest-growing crops in terms of land area, palm oil and rubber. In supplemental
exploratory analysis to assess the role of the fires in overall deforestation in Indonesia, we also utilize
data on deforestation. Because of the relatively unavailability and distinct unreliability of survey
or administrative data on fires and deforestation, we instead rely on remotely-sensed data on these
outcomes, which has come available in recent years.

Despite successive central government attempts to reduce the prevalence of fires, including President
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Yudhoyono’s public "war on haze" in 2006, the fires remain a major issue in Indonesia (Edwards
and Heiduk, 2015). Existing studies have found links between weak governance and deforestation
in Indonesia (e.g., Burgess et al., 2012, and Smith et al., 2003), but little economic research has
systematically quantified the role of governance quality specifically in forest fires. To provide evidence
on this channel, we leverage the approach of Burgess et al. (2012), who hypothesize that changing
administrative boundaries beginning in the early 2000s provide plausible exogenous variation in the
quality of governance. Specifically, after the fall of President Suharto in 1998, Indonesia began a
process of decentralization that delegated significant powers to political districts, and allowed districts
to seek approval to split into separate administrative units. As a result, with brief interruption in the
mid-2000s, the number of districts increased from 289 to 408 between 2002 and 2013.

Motivated by a model of Cournot competition between district officials to accept bribes to overlook
illegal deforestation, Burgess et al. (2012) focus on increases in the number of districts per province4

over time as a source of increasing competition in a province’s market for bribes, which should lower
the bribe price and increase illegal deforestation. Burgess et al. (2012) also consider the possibility
that newly-created districts will suffer from low capacity, including in their ability to enforce laws
against illegal logging, during the transition period as newly-created district builds up administrative
capacity. In spite of the best intentions, the new government may simply lack the capacity to carry
out law enforcement, particularly in far-flung rural areas. In the case of Burgess et al. (2012), the
balance of the evidence is in favour of the corruption channel. We implement the same empirical
strategy leveraging district splits, also considering both the corruption and weakened capacity channels.
However it is plausible to see different response dynamics when focusing on fires, as they are plausibly
a much more publicly visible form of illegal activity than logging, with different public accountability
dynamics. Smoke plumes are visible over long distances, and flames may also be visible, particularly
at night. Meanwhile illegal logging occurs in the forest, local citizens may not know which forests are
designated for (legal) logging or not, and while the local government is likely able to closely monitor
log shipments through roadblocks along the major intradistrict and interdistrict roads, the average
citizen may not have much awareness of these shipments.

Our main finding from this part of the analysis is that the creation of a new district in a given
province leads to an increase in the number of fires of 3 to 11.7 percent. This then raises the question of
whether the corruption channel or the weakened capacity channel is driving these effects. We find that
the largest effect of district splits is concentrated in the year directly following a split, and furthermore
that when we estimate effects separately for "parent" and "child" districts after a split, we find no effects
in the former and strong effects in the latter. Both of these findings are the opposite of what Burgess et
al. (2012) estimate with deforestation as an outcome, and most consistent with the weakened capacity
channel. We also find differences in spending patterns between existing and newly-created districts.

A natural follow-up question is to what extent the fires account for overall deforestation, as fires
are just one among a number of channels for deforestation, including legal and illegal logging. The
importance of each of these channels has important implications for policy efforts to combat defor-

4Alesina et al. (2016) leverage the same administrative changes to provide variation in the ethnic composition of districts.
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estation in one of the world’s three largest stands of tropical forest, as different forms of deforestation
require different approaches to enforcement. In a simple correlation exercise with province and year
fixed effects, we show that variation in fires accounts for just under 50% of deforestation in Indonesia,
suggesting that the fires are an important channel for deforestation.

In the second part of the analysis, we consider the demand side of fire activity, focusing on the role of
global demand for palm oil as proxied through global palm oil prices. To do so, we leverage time series
variation in global palm oil prices interacted with cross-sectional variation in a measure of a district’s
bio-physical suitability for conversion to palm oil, which is constructed based on slow-changing or
unchanging environmental factors such as soil, climate and topography. While Indonesia is the world’s
largest producer of palm oil, we argue that concerns about reverse causality from palm oil prices to fires
are minimized under our empirical strategy as it takes 3 years for a palm tree to mature and produce
fruit, and harvested palm that might have been affected by smoke will take months to transit from a
local plantation to global markets where prices are set. Using a rich distributed lag specification, we
show that higher global palm oil prices lead to substantially greater fire activity in districts most suitable
to palm oil, however with a complex pattern of lag effects. To interpret these effects we run simple
simulations on the net effect of changing palm oil prices, showing that a 10 percent increase in palm
oil prices in the lead-up to the traditional burning season in a district with average suitability for palm
conversion would generate a 12.9 percent increase in monthly district fire activity. This confirms the
important the role of global palm oil demand in driving illegal behaviour that is complex and expensive
to regulate.

While there is a large body of research documenting the health, environmental and economic
impacts of forest fires and the haze, to date there has been a significant gap in broad-scale research
quantifying the causes of the fires. This study, to the best of our knowledge, contributes for the first time,
systematic, quantitative evidence on the role of weak governance and global palm oil price dynamics in
causing forest fires across Indonesia. The prior literature has largely been drawn from smaller samples.
For example, Purnomo et al. (2017) draw on a survey of 131 respondents in four districts in Riau
province to show that local elites, protected by district governments through patronage networks, are
active in the organisation of the fires to convert land, and receive most of the gains. They estimate that
68 percent of the economic gain from local fire activity goes to local elites while only 22 percent goes
to the individuals burning the land. RCA and UNICEF (2016) argue that locals show little concern for
the legal penalties for starting fires, and that there is significant confusion about who starts large fires.

A larger literature addresses the causes of deforestation in Indonesia, and tends to focus on corrupt
behaviour by government officials responsible for enforcing laws against illegal logging. Beyond
Burgess et al. (2012) and Alesina et al. (2016), which both conclude that the primary channel of
transmission of district splits to deforestation is corruption by local government officials rather than
weakened administrative capacity. Other studies linking Indonesian government officials and illegal
forest activities, particularly illegal logging, include Smith et al. (2003), Palmer (2001) and Scotland
et al. (2000) as well as various NGO reports from numerous institutions (Sundström, 2016). We are
however not aware of prior literature providing systematic, quantitative evidence on the link (or lack
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thereof) between corruption and the fires. However, forest burning is arguably a significantly more
publicly visible form of illegal activity, so may interact differently with governance dynamics than
illegal logging. An important stream of the literature on corruption focuses on the role of public visibility
and transparency in preventing corrupt activity (Olken and Pande, 2012). For example, in the context of
Indonesia, Olken (2007) shows that enhanced public accountability through increasing participation in
public meetings for large, local infrastructure projects has little effect on reducing corruption, however
Banerjee et al (forthcoming) show that a more decentralized information treatment leads to significant
reductions in leakage from a large government program. Fires, due to their widespread visibility, are
arguably a highly publicly visible form of illegal activity, which may limit the ability of government
officials to intentionally overlook them in return for bribes. Hence our contrasting results adds to the
literature on governance and corruption, particularly in regards to natural resource degradation. It also
adds to the growing literature on the role of decentralisation in environmental outcomes.

Finally, we provide new evidence on a previously understudied issue in the broader literature on
palm oil and economic development, the role of demand-side factors in causing the fires. The fires
are perhaps the key method for land conversion to palm oil, as in spite of its illegality (raising risks
of punishment), the method carries much lower cost than other methods such as mechanized land
clearing. This contributes to the broader literature reviewed by Ferretti-Gallon and Busch (2014), who
through an extensive meta-analysis of 117 studies considering the contributing factors to deforestation,
find that rates of deforestation are higher when the economic returns to converting the land are higher.
Surprisingly, we are not aware of systematic quantitative evidence on the role of palm oil prices
specifically in motivating forest conversion. Of the evidence that does exist, Wheeler et al. (2013)
consider the role of palm oil prices in logging to deforest land, finding that forest clearing increases with
the expected return to clearing, relative to alternatives, but they do not consider burning as a specific
channel of deforestation, nor do they comment on the role of palm oil expansion and fires. This study
also contributes to the recent literature showing that palm oil can be an important channel of economic
development and poverty reduction (Edwards, 2017; Gatto et al., 2017; Cahyadia and Waibel, 2013),
though the largest gains tend to be skewed towards elites (Cahyadia and Waibel, 2013; World Bank,
2016). This literature notes that a substantial benefit of palm oil over other crops is that it requires
minimal ongoing maintenance effort after the 3-year initial period before maturity of the palm oil trees,
allowing rural populations the potential to simultaneously earn other revenues. We contribute to this
literature by providing insights on how the dynamics of global palm oil prices motivate land conversion
through forest burning, as potential producers consider various economic opportunities.

This paper proceeds as follows. First, we provide a simple framework for understanding what
may cause fires in Section 2. We then outline the various data sources in Section 3, the empirical
methodology in Section 4, and the empirical results in Section 5. Section 6 provides concluding
remarks.

4



2 Why Do People Burn the Forest?

This section provides background for understanding what motivates people to light fires, and outlines
the testable predictions that we test the later sections of the paper. We hypothesize that the agents
starting the fires weigh the costs of illegally lighting fires against the benefits of the conversion of land
via fire, primarily to palm oil. This assumption is supported by surveys of the causes of the fires that
generally suggest that citizens have little concern for the penalties from fires but are well aware of
the gains (see Purnomo et al., 2017; RCA and UNICEF, 2017). In an environment where an agent is
considering starting a fire to convert land, they likely consider: (1) the possibility of punishment and the
associated fine or judicial punishment, which may in some cases be non-existent if government officials
are willing to overlook illegal activity, or unable to enforce laws and regulations against burning, and
(2) the net benefit from land conversion, in this case the yield and output price of the crop the land
is converted to, weighed against production and other costs. Other factors influencing the decision
to convert land via fire include climatic factors such as rainfall, which is known to have a substantial
impact on the variation in fires across years (Page et al., 2002; Huijnen et al., 2016). The decision
to light fires is therefore likely a function of the return to cleared land, the probability of judicial
punishment or associated costs to avoid judicial punishment, and climatic conditions. It is likely that
the decision to light a fire to clear land is less likely for a higher risk of punishment, and more likely the
higher the return to cleared land. This paper seeks to explicitly test these two implications.

2.1 Administrative changes in Post-Suharto Indonesia

Agents’ beliefs about probability of punishment are not directly observable, but changing administrative
boundaries provide a credible source of variation in governance quality at a local level, allowing us to
test the role of governance in allowing fires. Following the fall of President Suharto in 1998, Indonesia
undertook a significant political restructuring that included the delegation of significant fiscal and
administrative powers to political districts (kabupaten), one administrative level below provinces (Pal
and Wahhaj, 2017).5 These powers included control of the enforcement of forest policy, and brought an
increased share of the national fiscal budget (Burgess et al., 2012).

In addition to the decentralization of powers and fiscal resources to the existing set of districts, the
government also allowing districts to apply to split into separate administrative units. In the wake of
this policy a significant increase in the number of districts occurred starting in 2002, generating new
opportunities for corruption and rent seeking behavior by local elites due the proliferation of political
power (Alesina et al., 2016). There was an increase in the number of districts from 289 to 347 between
2002 and 2005, when there was a temporary suspension of the district splitting process, and then and
increase to 408 between 2007 and 2013. These district splits varied across time and locations. Figure
1 plots the number of district splits by island over the sample period, Figure 2 displays the number
of district splits by province, and Table A2 records the number of districts by province in 2002 and

5District splits also lead to the creation of cities (kota), but for this analysis we focus on areas with arable land, and so do not
consider new kota as district splits.
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2015. The process of district splitting creates valid quasi-experimental variation, exploited to consider
the role of governance in outcomes, under the identifying assumption that the splits are not directly
motivated by factors correlated with the outcome variable, in this case fires. In Section 4 we defend this
assumption.

Both Burgess et al. (2012) and Alesina et al. (2016) show that the rate of deforestation in
Indonesia changes with the establishment of new districts, and both are examples of a growing
literature considering the impact of decentralisation on a range of outcomes based on quasi-experimental
approaches.6 Here we leverage a similar identification strategy to Burgess et al. (2012), extending upon
the methodology and considering the more publicly observable fire activity, rather than deforestation,
as our outcome of interest.

Figure 1: District Splits Per Island (2002-2015)

Hypothesis 1: District splits lead to increase in fire activity at district and province level

There are a number of scenarios under which provinces seeing one or more district splits could
experience an increase in fire activity. We focus on two in particular that have been emphasized in

6E.g., Jia and Nie (2017) assess decentralisation of mining regulation in China, and Martinez-Bravo, Mukherjee and Stegmann
(2017) study the differential influence of legacy mayors chosen by Suharto’s central government, and newly elected mayors,
on Indonesia’s transition to democracy.
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Figure 2: District Splits Per Province (2002-2015)

prior literature: one in which governments want to enforce legislation and reduce fires in their district
but lack the resources or capacity to do so, and another in which district splits lead to an increase in
corruption among officials charged with enforcing policies against forest burning, for example because
an increase in the number of districts increases competition for bribes (Burgess et al., 2012).

We explore the potential implications of these channels briefly in the following.

Hypothesis 2: If district splits generate increased fire activity primarily through weakened gov-
ernance capacity, then effects will be short-lived, and concentrated in newly-created districts

District governments, as part of the decentralisation process, gained power to enforce numerous pieces
of legislation, and despite forest fires being made illegal in national legislation, district governments
police them (Edwards and Heiduk, 2015). When a new district is formed, if the new district government
lacks the initial capacity to police fires due to the delay developing appropriate enforcement capacity,
it’s likely that the rate of fires will increase in the short-run. If enforcement is primarily due to lack of
capacity, it is likely that most of the increase in fires occurs in the years immediately following a district
split, because over time as the government strengthens and is stricter on fire activity, the probability of
getting caught is also likely to rise. In line with this channel, we would also expect that district splits
would be much more likely to lead to an increase in fires in newly-created districts ("child" districts),
rather than the part of the district that keeps the district capital ("parent" districts).
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Hypothesis 3: If district splits generate increased fire activity primarily through increased cor-
ruption, then effects will be persistent, and largely similar in continuing and newly-created dis-
tricts

If district governments are willing to allow fire activity in return for bribes or some other transfer, a
district split may also increase fire activity.7 If there is a regional or national market for land conversion,
an additional player in the market is likely to induce greater competition. This effect is modelled by
Burgess et al. (2012) in a Cournot competition framework, in which an additional market player (a
newly created district in a given province) generates more competition in the market for bribes, leading
to a reduction in the bribe price, and hence greater deforestation. It’s plausible that the market for land
conversion via fire could operate in a similar manner. If this is the case, we may see a permanent increase
in the number of fires in provinces with more district splits relative to other provinces, and increases
in fires even in districts that do not split. One force that might oppose this channel is that fires are
plausibly much more publicly visible method of deforestation, in comparison to illegal logging. Hence
it is possible that these effects would be muted for fire burning, due to greater public accountability
better preventing such illegal activity from occurring.

2.2 Indonesia’s palm oil industry

Indonesia’s relationship with palm oil has strengthened significantly over the past 20 years. Growth
in land under palm has expanded rapidly in this period, growing 230 percent between 2000 and 2014.
Figure 3 plots data from the FAO database on agricultural outputs of key Indonesian exports over
the period 1990 to 2014. Palm oil growth substantially exceeds all other crop types. This follows
deliberate government strategies to expand palm oil, as a means of poverty reduction (Dennis et al.,
2005; Purnomo et al., 2017). As a result of this expansion, palm oil has been Indonesia’s largest
agricultural export over the last two decades, and Indonesia now supplies nearly half of the $40 Billion
USD industry (Edwards, 2017; FAO, 2017).

Hypothesis 4: The number of fires will increase with the global palm oil price

The decision to convert land is ultimately driven by the predicted returns to that land, once converted.
Expectations about the return to the land will be formed from the expected yield of the land and the
expected output price of the crop, functions of the suitability of the land and belief formation about
the price time series based on past prices. Because palm oil is the main crop driving conversion, and
because the government has targeted increases in the amount of land under palm, it is the main crop
that we consider.

We briefly outline the palm oil production process in the following.

7This is a hypothesis suggested in numerous press articles, including one report of extensive links between fire activity,
district politicians and large commercial palm oil plantations (Mongabay, 2017).
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Figure 3: Land under certain crops (1990-2014)

2.2.1 The Characteristics of Palm Oil

Palm oil grows best in tropical conditions, with moderate rainfall levels and warm temperatures, on
a range of soils (Pirker et al., 2016). The suitability of many regions of Indonesia for palm oil has
led to large losses of diverse tropical forest for palm oil plantations (Pacheco et al., 2017).8 Once
established, palm plantations are economically viable for 25-30 years, and they return output throughout
the year (Pacheco et al., 2017). The decision to convert land to palm oil in Indonesia is driven by both
small-holders and large corporations.9 The conversion decisions by large corporations may differ to
those of small-holders if they have different knowledge and understanding of the market for palm oil.
Large companies likely expand land in an organised fashion, planning investments across their business
into new land for palm oil in advance, while small-holders may be more likely to respond to current
circumstances. We are able to investigate the relationships between price dynamics and forest burning
in our estimation through different lag specifications.

8For a visualisation of regions suitable for palm oil, see Figure 5.
9Data from the Indonesia Ministry of Agriculture indicates roughly half of palm oil is privately-owned by large corporations,
40 percent is small-holder owned and 10 percent is state-owned.
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3 Data

This section outlines the main data set used in this analysis. Most importantly it provides details
on the remote sensing data on fire signatures and how we use those to define fires, the district-level
measure of suitability for palm oil production, and data on the construction of the global real palm
oil price variable. We utilize remote sensing data to detect fires in light of the unreliability and lack
of coverage of alternative data sources, such as surveys and administrative data sources. Finally, it
provides comments on the remaining data sources, summarised in Table A1.

3.1 Active Fire Data

Fires, our primary outcome variable of interest, are recorded using remote sensing data from the Mod-
erate Resolution Spectroradiometer (MODIS) instruments from two NASA satellites, Terra (launched
February, 2000) and Aqua (launched May, 2002) (Oom and Periera, 2013). These satellites give daily
records of active fires in 1 km2 pixels detected via an algorithm measuring heat and brightness (Giglio,
2015). MODIS Collection 6 is an updated fire detection algorithm introduced in 2015 and backdated
to 2000, improving the detection of large fires impeded by haze, and reducing incidence of errors
detecting small fires, a critical improvement for the case of Indonesia (Giglio, Schroeder and Justice,
2016). While detection of fires is not perfect, a global commission rate of 1.2 percent suggests that
relatively few fire points are false detections, and the Collection 6 algorithm outperforms previous
MODIS algorithms in this regard (Giglio, Schroeder and Justice, 2016).10 Satellite data is likely to be
more reliable than government reported estimates or crowd sourced data and as such even with a slight
bias in detection, it is likely to be a more a more reflective indicator of true fire activity than any other
currently-available measure. Our primary data set contains geographic information on the location
and timing of fire detections at the resolution of 1 km2 pixels, the brightness and fire radiative power
(FRP) of the detected fire, and a confidence measure on a scale of 0-100. A visualisation of the fires
data by districts is given in Figure 4. It suggests that there is quite substantial variation in fire activity
across provinces and districts over the sample period, with fire activity most prevalent in the regions
of central-north and southern Sumatra, most of Borneo (Indonesian Kalimantan), and southwest, and
southern Papua. Unsurprisingly we see very little fire activity in Java, which is heavily populated and
had been largely deforested prior to the sample period.11

Sheldon and Sankaran (2017) use the active fire data to consider the impact of Indonesian forest
fires on health outcomes in Singapore. Their analysis focuses on the fire radiative power (FRP) of
detected forest fires, rather than a count variable which is used in this analysis. FRP detects the heat of
the fire, and is therefore relevant to an application considering the amount of smoke produced by a fire.
In the current case, the detection of a fire is relevant regardless of the radiative power and so a simple

10The global commission rate measures false fire detections by comparing fire detections with high resolution reference maps.
If no fire activity, or burn scar is detected on the high-resolution reference maps, a fire is declared a false alarm (Giglio,
Schoreder and Justice, 2016).

11For a reference map, see Figure A1.

10



count variable of detected fires is preferred. Another major application of the data is the PulseLab
Jakarta Haze Gazer. Pulselab developed a system to evaluate and understand Indonesian forest fires and
their role in Indonesian Haze.12 We use PulseLab’s preferred confidence level of fire likelihood for our
main specification, although results can be shown to be robust to changes in confidence levels.13

Figure 4: Fires by District (2000-2015)

3.2 Palm Oil Suitability Index

To capture district-level palm oil suitability, we utilize the FAO Global Agro-Ecological Zone (GAEZ)14

data set. This dataset estimates the suitability of a district for palm oil conversion based on factors that
are fixed prior to our study period, hence removing concerns about reverse causality from fire-related
outcomes to factors determining the index. From here onwards we refer to this measure as the palm oil
suitability index.

3.3 Price Data

The main global market for palm oil is in Malaysia. Given that Indonesia contributes nearly 50 percent
of the global market, aggregate production levels in Indonesia are also likely to dictate global price
movements, particularly in the Malaysian market of which it largely supplies (FAO, 2017). To consider
price dynamics, we therefore use the Palm Oil Futures Prices from New York denominated in US
dollars, rather Malaysian market prices that are likely to be influenced by factors influencing Indonesian

12Knowledge of the PulseLab Haze Gazer comes from meetings with PulseLab in their Jakarta office in July 2017 and from
PulseLab annual reports from 2015 and 2016.

13The confidence levels measures the confidence in fire detection based on an algorithm using the brightness and FRP of
the fire detection. PulseLab indicated during meetings in July 2017 that the 80 percent confidence level appears to capture
known fires without capturing false fires with relatively high accuracy so that is our preferred specification.

14GAEZ data set: http://www.fao.org/nr/gaez/en/
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Figure 5: Palm Oil Suitability

supply, and potentially fires. Specifically, we use the Monthly Crude Palm Oil Futures End of Day
Settlement Prices on the Chicago Mercantile Exchange, sourced from the World Bank. To remove the
impact of inflation, we deflate the prices using the US GDP Implicit Price Deflator from the Bureau of
Economic Analysis, as per Wheeler et al. (2013), to construct real palm oil prices. We also consider
the Malaysian market price, converted to Indonesian Rupiah, and Rubber Prices from the Singapore
Commodity Exchange. More details on all the price variables are included in Table A1 in the Appendix.
A plot of the real palm oil price index between 2001 and 2015 is included in Appendix Figure A2 and a
plot of the co-movement between the NY market prices and the Malaysian market prices for palm oil
are shown in Figure A3. It suggests that the prices in New York generally reflect the Malaysian market
prices, converted to Rupiah.

3.4 Additional Data

The active fire data and palm oil suitability is merged with Indonesian district and province boundaries,
using 2013 borders for the entirety of the analysis.15 This allows an understanding of fire activity
in 2015 administrative units because there was no changes to districts or provinces after 2013. To
control for rainfall, we construct a province level rainfall measure from the NOAA NCEP CPC PRECL
monthly rainfall data set constructed by Chen et al. (2002), averaging rainfall observations across
provinces to form annual average rainfall per province for the period 2002-2015. Administrative data
is sourced from Statistics Indonesia (Badan Pusat Statistik), and a range of district level controls are
sourced from the Indonesia Database for Policy and Economic Research (DAPOER) made available by
the World Bank. All geographic data was merged to province and district boundaries using ArcGIS and
QGIS, and economic data was then matched using province or district codes. A table summarizing

15We use official 2013 level 1 and level 2 administrative boundaries, made available by the United Nations World Food
Program https://geonode.wfp.org/layers/geonode%3Aidn_bnd_a2_2013_bps_a.
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each data used is contained in Table A1 in the Appendix.

4 Methodology

This section details the empirical approach used to test each of the four hypotheses outlined in Section
2. First, we present the results on the effect of district splits on fire activity. We then provide further
evidence on the mechanism behind the district split result. Second, we present our analysis of the effect
of global palm oil prices on fires.

4.1 Weak Governance and Fires: the Effect of District Splits

To understand the role of the strength of governance in preventing fires, we take advantage of waves of
changing administrative boundaries that occurred following the political decentralisation after the end
of Indonesian President Suharto’s reign in 1998. This follows the identification strategy of Burgess
et al. (2012) and Alesina et al. (2016), who leverage district splits as a source of quasi-experimental
variation in governance, to study impacts on deforestation. As discussed in detail in Section 2, we
hypothesize similar potential mechanisms for the relationship between strength of governance and fires,
while noting that deforestation by burning may be more publicly visible than illegal logging, which
may lead to differential impacts from variation in governance.

Hence our empirical approach is similar to Burgess et al. (2012), regressing the number of fires
(rather than a measure of deforestation), per province per year on the number of districts per province.
However the specific regression model differs due to differences in the structure of the outcome variable.
Burgess et al. (2012) measure deforestation through a relatively sparse count variable with frequent
zeros (8 percent of observations), the number of pixels deforested per district in a given year, which is
best modeled through a quasi-Poisson maximum likelihood count model.16 The Poisson count model
isn’t suitable for the fires data because the variance of the fires variable substantially exceeds the mean
(mean = 1000, variance = 400,000) and therefore the data is over-dispersed (Cameron and Trivedi,
2013). In addition zero values are less frequent (less than 1 percent of cases, and there are no cases in
the main estimation sample). Hence we present our main estimates from a negative binomial count
model that accounts for the over-dispersion better than a Poisson model. Our base negative binomial
specified is specified in Equation (1):

Firespit = β0 + β1NumberDispit + Pp + Y eart + εpit (1)

where Firespit is a count of fires by province, NumberDispit is the number of districts per province
per year, Pp is a province fixed effect and Yeart is an island by year fixed effect.17 We estimate two
extensions to this model. First, we add the log of rainfall by province-year. Second, we replace year

16Burgess et al. (2012) show that their results are quantitatively similar with a fixed effects specification, just less precise.
17This is the closest possible equivalent to the model run by Burgess et al. (2012) but we include rainfall because it has

important implications for fires across years.
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fixed effects with island-by-year fixed effects according to the major islands, and a linear trend in forest
cover, constructed by interacting the baseline value of forest cover by district with a year dummy. In
all models we specify province fixed effects according to the province codes in effect at our base year.
Similarly to Burgess et al. (2012), we also cluster standard errors at the level of these province codes.

In addition, we model the number of fires as an approximation to a continuous variable, with the
log of fires as our primary dependent variable, with estimation following a more traditional panel data
approach.

We estimate Equation (2):

lnFirespit = β0 + β1NumberDispit + γ′Xpi + δ′Zpit + Yt + Ii + εpit (2)

where Firespit is the number of fires in province p in island i in year t and NumberDispit measures
the number of districts in province p in year t. Xpi records time-invariant province characteristics: the
province’s suitability for palm oil constructed from the GAEZ suitability measure, and the log of forest
cover in the year 2000.18 Zpit captures the average province annual rainfall. Yt is a year fixed effect
and Ii is an island fixed effect. εpt is a robust random error term, clustered at province level.

Equation (2) is estimated using a generalised least squares random effects model, based on the results
of a Hausman test (1978), which indicates that random effects are the appropriate panel estimation
approach, failing to reject the null hypothesis that fixed effects is most suitable for all models run for
equation (2) (p-values range between 0.1211-0.8688). Each model using random effects reports the
Hausman test χ2 statistics and the p-value of the test in the tables. The random effects model also allows
both between and within effects, incorporating the role of competition across provinces.19 Further,
random effect models allow greater flexibility for the extended models used below and also allow for
the inclusion of time-invariant controls, initial forest cover and palm-oil suitability at province level,
which is valuable information lost in a fixed effect model (Wooldridge, 2015). All specifications also
report cluster robust standard errors at province level according to the baseline province allocation.

As an additional specification and an extension on the prior literature, we stratify the effects of a
district split over time. To do so, we consider the number of splits in each province per year, rather than
the level number of districts in the province. This allows a greater understanding of the time dynamics,
which aids in uncovering whether weak capacity or corruption are the channels causing fire activity
following a district split. For this we estimate Equation (3):

lnFirespit = β0 + β1−4Splitspit [−2 ,+2 ] + γ′Xpi + δ′Zpit + Yt + Ii + εpit (3)

where Splitspit [−2 ,+2 ] are the two year lead, one year lead, current year and one and two year lags
of the number of splits that occurred in a given province. All other variables are previously defined.
Equation (3) is also estimated by random effects as a robustness check, as we fail to reject the null of

18For more details on the palm oil suitability measure, see Section 3.
19It is possible that not only districts compete to allow fire activity but also provinces, and the random effects estimator would

best incorporate this effect because it captures both between and within effects.
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the Hausman test for all specifications, with p-values ranging from 0.1941-0.9998. As in Equation (2),
all standard errors are robust, and clustered at province level.

Considering district-level fire activity, Equation (4) uses an indicator for whether a district has
split. This allows determination of the impact of a district split at district level across two different
specifications, first to consider the impact for the newly created "child" district (the part of the district
not inheriting the district capital), and second to consider the impact of a split on the "parent" district
(the part of the district inheriting the district capital). Our specific is as in Equation (4):

lnFiresdpt = β0 + β1−6Splitdpt [−1 ,+4 ] + γ′Xdp + δ′Zdpt + Pp + Yt + εdpt (4)

where Splitdpt [−1 ,+4 ] is = 1 if district d split from another district in year t . The results from the
Hausman test strongly reject the null, so for Equation (4) we use a fixed effects estimator. When we run
the fixed effects estimator we only include forest cover and omit palm oil suitability from Xdp and we
use a district fixed effect rather than the province fixed effect Pp . Zdpt contains annual province rainfall,
and the unemployment rate. Yt is a year fixed effect and εdpt is a robust standard error clustered at
district level.

4.1.1 Exogeneity of District Splits

In our panel data setting what matters is not that district splits occur, but rather timing, where the
inter-annual variation in the timing of district splits provides potential exogenous variation in the
creation of new administrative units. Causal interpretations based on the district splits relies on the
key identifying assumption that the factors causing district splits are not a function of the processes
driving fire activity. We provide a number of pieces of evidence corroborating this assumption in our
context. First, as discussed in Burgess et al. (2012), the bureaucratic process of district splitting is
quite idiosyncratic and cumbersome, with a series of formal procedures and agreements requiring
final ratification by the national parliament through passing a national law. The timeline for these
procedures can be highly variable. Furthermore the moratorium on splits from 2004 to 2007 provide
further plausibly exogenous delay in some splits. Second, Burgess et al. (2012) conduct a number of
tests, showing that "the timing of splits is not associated with pretrends in deforestation," "the year
a district split is uncorrelated with factors such as population, area, oil and gas revenues, share of
land that is forested, or the pre-period rate of deforestation," and "that neither district corruption (as
measured by the share of missing rice from a public distribution program; see Olken 2006) nor the vote
share of the former party of Suharto (Golkar) is correlated with the year when a district splits."

To show that the timing of district splits are uncorrelated with a range of factors that may influence
the rate of fire activity, we regress the number of district splits in each year on a range of potential
covariates that might drive district splits and simultaneously be related to ongoing fire activity. The
results, in Table A3, show that the number of district splits by province are uncorrelated with rainfall,
forest cover in the year 2000, palm oil suitability and average annual province level unemployment.
Nationally, district splits are uncorrelated with the central bank interest rate and the current and lagged
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real palm oil prices. This supports Burgess et al. (2012)’s finding that district splits are uncorrelated
with a range of factors related to deforestation including district corruption and political alliances to
Suharto’s former party before 2000.

Figure 6: Forest Cover (2000)

4.1.2 Samples

The main results are estimated for all Indonesian provinces excluding Jakarta which has no district
split variation, nor any recorded fire activity. We also report results for a sample excluding the entirety
of the island of Java, the Maluku Islands and the Sunda Islands. The primary rationale for using a
reduced sample is evident in Figure 6, which we use to display primary forest cover data from the year
2000. It is evident that there is little forest cover on these excluded islands (for a reference map, see
Figure A1). Furthermore while the Maluku islands have a reasonable amount of forest cover, they have
minimal palm oil production. The reduced estimation sample therefore includes the islands of Sumatra,
Kalimantan, Sulawesi and Papua, which all have significant forest cover in the year 2000. These islands
also account for the overwhelming majority of palm oil production and as seen in Figure 5 exhibit the
most land most suitable for palm production.20

4.2 Global Palm Oil Prices and Fires

To formally assess the role of demand-side factors in fire activity, we utilize global palm oil prices as
a source of temporal variation in incentives to burn forest for palm oil production. While the use of
global prices means that claims of exogeneity are more plausible, such a measure does not provide any
cross-sectional variation. Hence our explanatory variable in this part of the analysis interacts the global
palm oil price with our district-level measure of suitability for conversion to palm oil, a measure which,
as noted in Section 3, relies on inputs that are invariant over time. Increases in palm oil prices are likely

20In 2010, 55 percent of palm oil production occurred in Sumatra, 42 percent in Kalimantan, 2 percent in Sulawesi and 1
percent in Papua (Ministry of Agriculture Data, from DAPOER, 2015).

16



to increase fire activity in provinces that are more suitable for palm oil production. Hence for this set of
analysis the most suitable geographic unit is the district, so we will have larger sample sizes, having the
district as the geographic unit of analysis.

The specification of our main equation is given in Equation (5):

lnFiresdt = β0 + β1Suitd ∗ lnPricet + β2Suitd + β3lnPricet +Mt + Yt +Dd + εdt (5)

where Firesdt are monthly fires in district d, Suitd is district average palm oil suitability, Pricet is
the real palm oil price term as defined in Section 3.3, and Mt, Yt and Dd are month, year and district
fixed effects respectively. The interaction term can be considered a differences-in-differences estimator,
and is the main estimator of interest. εdt is a robust standard error, clustered at district level. Because
we now consider monthly data, we exclude the non-forested islands for all specifications because there
are much higher incidences of zero counts in the data for these islands. Similarly to Wheeler et al.
(2013), who note the strength of random effects in their analysis of the effects of palm oil prices on
deforestation, this model is also estimated using random effects, validated again by strong Hausman
test results. We experiment with numerous lag specifications.

From the perspective of causal identification, one may be concerned about reverse causality under
which fire activity negatively impacts current palm oil production (e.g., as smoke has adverse effects on
the productivity of palm oil plants), and hence impacts prices, which could in turn drive fire activity.
With over 50 percent of global palm oil production located in Indonesia and Malaysia, fires and haze in
Indonesia may impact palm oil production processes regionally, and hence lead to lower global supply,
or a lower quality of supply.21 However we argue that this concern is largely mitigated due to timing.
First, as we look at contemporaneous fire outcomes, and palm oil prices are likely based on production
yields from prior months, due to harvest and transport times, this influence is likely to be low. Secondly,
the decision to burn forest to plant palm oil is likely based on expectations formed about future palm oil
returns. These are likely to be based on a series of palm earnings realisations over time, mitigating the
influence of the current or most recent price realisations. Using lagged rather than contemporaneous
prices further mitigates this issue.

As noted, the agent’s decision to start fires to convert land to palm oil is likely based on their
expectations about future returns from the conversion. Because of the time it takes to develop palm oil
plantations, there is likely a complex process of belief formation that occurs over a matter of months or
years. For this reason, we investigate numerous lag specifications. Because the overwhelming majority
of fires occur between July and November, as evident in Figure A4, we exclude all other months for the
palm oil price results. We therefore have estimates that show the impact of prices on fires occurring
between July and November, the time during which majority of land conversions occur.

21Caliman and Southworth (1998) show that haze had a negative impact on palm oil extraction rates.
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5 Results

This section first reports results on the effects of strength of governance on fires, then proceeds to report
the results on the effects of global palm oil prices on fires.

5.1 Weak Governance and Fires: The Effect of District Splits

5.1.1 Main Results

The results for Equation (1) are reported below in Table 1. The coefficient on the number of districts
term suggest a statistically significant increase in fire activity for an additional district of 3 to 11.7
percent. Columns 1-3 exclude the non-forested islands, while columns 3-6 only exclude Jakarta. As
noted, columns 2-3, and 5-6 include a control for the log of rainfall, while columns 3 and 6 include a
linear forest trend and island-by-year fixed effects.22 The inclusion if Island*Year fixed effects also
allows conditions in different islands to vary across time. The results also indicate that, consistent with
expectations, fires are decreasing in rainfall.

Table 1: Number of Districts Per Province

Excludes: Non-Forest Islands Only Jakarta

(1) (2) (3) (4) (5) (6)
Districts 0.108*** 0.0302*** 0.117*** 0.0561*** 0.0682*** 0.106***

(0.00890) (0.0108) (0.0092) (0.0068) (0.0074) (0.00844)
Log Rain -2.797*** -0.625*** -2.181*** -0.532**

(0.223) (0.230) (0.175) (0.212)
Palm Oil Suitability 0.0004*** 0.0005*** -0.0000 0.0005***

(0.0001) (0.0001) (0.0000) (0.0000)
Province 1990 FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes No Yes Yes No
Island by Year No No Yes No No Yes
Linear Forest Trend No No Yes No No Yes
Number of Clusters 17 23 17 27 27 27
Number of Observations 322 322 322 462 458 458

All estimates from negative binomial count data model. Dependent variable is a count of the number of fires per province per
year. Standard errors clustered by 1990 province boundaries in parentheses. Columns 1-3 exclude Java, the Maluku Islands and
the Lesser Sunda Islands, and all columns exclude Jakarta.
∗ p<0.1 ∗∗ p<0.05 ∗ ∗ ∗ p<0.01

The results for the random effects panel model in Equation (2) are reported in Table. The Hausman
test results strongly confirm the suitability of the random effects estimation.23 The dependent variable
is the log of the number of fires, with -0.1 inserted for zeros and missing observations. We find
qualitatively consistent results with the negative binomial specification.

22Results are virtually unchanged for the inclusion of a quadratic trend.
23For completeness we also include fixed effects estimates in the appendix.
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To understand the impacts of district splits over time, the results from Equation (3) and Equation (4)
are included in Table 2 and Table 3, respectively. The results in Table 2 indicate a 8.9 to 17.6 percent
increase in fires in the year a split is announced, and a 5 to 6.5 percent increase in fires the year the split
is implemented, with the latter only significant in our richest specifications in columns 3 and 6. There
are no effects detectable in subsequent years at a 5% significance threshold, however it is notable that
the 2-year lag of a split has a qualitatively negative coefficient, in one case significant at 10%.

The results in Table 3 consider district-level fire activity, so that we can distinguish effects between
parent and child districts. Columns 1-3 report results for the child district, newly established following
a split, and columns 4-6 report results for the parent districts that lose territory to the child district
but retain the prior district capital (and hence are assumed to retain much of the previous district
government apparatus). The Hausman test results strongly reject the null hypothesis, and so the results
for Equation (4) are estimated using fixed effects. The results are generally consistent for random
effects specifications, although less precise. There is a statistically significant 15-23 percent increase
in fires in the child district the year following the split, with no immediate effect in the parent district.
Again, this is suggestive of weakened capacity to prevent fires in the child district following the split,
while the parent district may have better resources following the split, as noted by Pal and Wahhaj
(2017). Interestingly there are statistically significant decreases in fire activity 2-3 years following
the split for the parent district, which could again reinforce the theory of capacity, if governments
strengthen control over a reduced territory in the years following the split.

Overall these findings are more consistent with a theory of weakened governance capacity as the
main explanation for our results, with newly-established district governments lacking the resources or
capability to prevent fires in the short-run while setting up a new district. It is also possible that the
mechanical effect of a split reducing the size of a district eases the burden of enforcement. In any case,
the results are strongly inconsistent with a mechanism of district splits generating a persistent increase
in corrupt behaviour to allow for fires.

5.1.2 Robustness of the District Split Results

To show that the district split results are not driven by construction of our data we vary the sample
by changing the confidence and FRP percentiles and report the results in Table A4. Panel A reports
information on the fires for the varied sample, Panel B reports estimates for column 4 of Table 2 and
Panel C reports estimates from column 3 of Table ??. The results appear to grow in magnitude with
more accurate fire detection data, but are relatively unchanged to changes in FRP. This suggests that
these results are unaffected by focusing on larger, stronger fires. The use of 80 percent confidence
level in the fire detection data hence seems like a reasonable middle ground. The negative binomial
model results in Table ?? are further evidence of the reliability of the district splits results, with a
consistent 5 percent rise in province level fire activity established using a count model, relative to the
main specifications with a log dependent variable.
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Table 2: Number of Splits per Province per Year

Excludes: Non-Forest Islands Only Jakarta

(1) (2) (3) (4) (5) (6)
Splits [t-2] 0.0187 0.00527 0.172*** -0.00514 0.0147 0.00482

(0.0604) (0.0473) (0.0582) (0.0548) (0.0460) (0.0575)
Splits [t-1] 0.0868** 0.1000*** 0.176*** 0.109*** 0.133*** 0.0723*

(0.0393) (0.0329) (0.0415) (0.0329) (0.0295) (0.0409)
Splits [t] 0.0336 -0.0257 0.0506** -0.0002 -0.0207 0.0645*

(0.0419) (0.0363) (0.0253) (0.0407) (0.0361) (0.0333)
Splits [t+1] 0.0626 -0.00139 0.0554* 0.0401 0.0147 -0.00506

(0.0416) (0.0348) (0.0317) (0.0391) (0.0337) (0.0391)
Splits [t+2] 0.0298 -0.0329 -0.0173 -0.0028 -0.0323 -0.0565*

(0.0403) (0.0354) (0.0255) (0.0396) (0.0361) (0.0300)
Log Rain -1.862*** -2.184*** -0.687*** -1.880*** -2.259*** 0.189

(0.221) (0.216) (0.227) (0.169) (0.174) (0.681)
Palm Oil Suitability -0.0002* -0.0000 0.0005*** -0.0002*** -0.0000 -0.0003**

(0.0001) (0.0001) (0.0001) (0.0001) (0.0001) (0.0002)
Districts 0.0873*** 0.125*** 0.0717*** 0.0819**

(0.0089) (0.0093) (0.00736) (0.0411)
Province 1990 FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes No Yes Yes No
Island by Year No No Yes No No Yes
Linear Forest Trend No No Yes No No Yes
Number of Clusters 17 17 17 27 27 27
Number of Observations 322 322 322 458 458 458

All estimates from negative binomial count data model. Dependent variable is a count of the number of fires per province per
year. Standard errors clustered by 1990 province boundaries in parentheses. Columns 1-3 exclude Java, the Maluku Islands and
the Lesser Sunda Islands, and all columns exclude Jakarta.
∗ p<0.1 ∗∗ p<0.05 ∗ ∗ ∗ p<0.01

5.1.3 What Drives the District Split Result?

The above results are most consistent with a model of weakened governance capacity of newly created
district governments, as opposed to alternative theories, in particular that of increased corruption
due to heightened competition for bribes amongst a slightly larger set of district governments in a
given province. To further corroborate these findings, this section provides additional analysis on the
mechanisms driving the result for the effects of district splits on fires.

Evidence from Government Finances
Table 4 reports district spending patterns as a percentage of district budgets for a range of categories.

The average for each measure over 2001 and 2010 is constructed and a means test is undertaken
between split districts (that were newly created over the period 2001-2010) and non-split districts
(including parent districts). New districts spend lower percentages of their budget on education, health,
housing, the environment. One possible explanation would be that newly created district governments
must spend more on administration and infrastructure than their counterparts, due to lower levels of
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Table 3: The Effect of District Splits Across Time on District Fire Activity for Child and Parent Districts

Excludes: Child Parent

(1) (2) (3) (4) (5) (6)
Splits[t-1] -0.0213 0.0269 0.0473 -0.0652 -0.00444 -0.0506

(0.0550) (0.0683) (0.0777) (0.0726) (0.0840) (0.0974)
Splits[t] 0.0396 -0.0154 -0.00796 0.0334 0.0579 0.133

(0.0940) (0.103) (0.118) (0.0912) (0.0985) (0.102)
Splits[t+1] 0.152* 0.230** 0.210* 0.000397 0.0486 -0.0262

(0.0870) (0.0963) (0.110) (0.0943) (0.110) (0.131)
Splits[t+2] 0.0103 0.0759 0.0688 -0.182** -0.173** -0.194*

(0.0737) (0.0902) (0.115) (0.0714) (0.0873) (0.0990)
Splits[t+3] -0.0564 -0.151** -0.111 -0.158** -0.139* -0.125

(0.0609) (0.0680) (0.0789) (0.0641) (0.0764) (0.0843)
Splits[t+4] 0.0398 0.109 0.192** 0.0159 0.0665 0.0824

(0.0569) (0.0709) (0.0805) (0.0566) (0.0663) (0.0750)
Log(Rain) -1.653*** -2.273*** -2.413*** -1.656*** -2.265*** -2.410***

(0.148) (0.214) (0.220) (0.147) (0.215) (0.222)
Unemployment 0.0521*** 0.0602*** 0.0609*** 0.0526*** 0.0592*** 0.0584***

(0.00872) (0.00968) (0.0112) (0.00872) (0.00969) (0.0110)

Non-Forested Yes No No Yes No No
Year FE Yes Yes Yes Yes Yes Yes
District FE Yes Yes Yes Yes Yes Yes
Linear Forest Trend No No Yes No No Yes
R2 0.0143 0.0181 0.00442 0.0139 0.0190 0.00504
Number of Districts 386 258 255 386 258 255
Number of Observations 5387 3612 2873 5387 3612 2873

Cluster-robust standard errors in parentheses. The dependent variable is the log of annual number of fires in the province. All
columns run a fixed-effects panel regression. Split is a dummy = 1 if a district splits in a given year. Child districts are the
newly created districts; parent districts retain the existing capital following the split. The linear forest trend interacts the forest
cover in the year 2000 with a linear time trend. Columns 1 and 4 exclude Jakarta, and Columns 2, 3, 5 and 6 exclude Java, the
Lesser-Sunda islands and the Maluku Islands. The bottom panel contains results for a Hausman (1978) test for random effects
against a null of fixed effects.
∗ p<0.1 ∗∗ p<0.05 ∗ ∗ ∗ p<0.01

administrative infrastructure following the split and this would be consistent with a theory of weakened
capacity of new districts. This is disputed by Sjahir, Kis-Katos and Schulze (2014), who argue that
higher administrative spending is characteristic of "poor governance", and not explained by district
splits. Another potential explanation is that newly elected governments must generate revenue streams,
and do so via misappropriation of administrative and infrastructure spending (as argued by Sjahir,
Kis-Katos and Schulze (2014)). Using data from the Indonesian Village census by PODEs (via the
DAPOER database), Table 4 also shows that newly created districts have 23 percent less properly
surfaced village roads than their counterparts. Olken (2007) notes that village road contracts are a
source of district level corruption, and despite larger infrastructure spending budgets across the sample,
lower rates of road coverage in 2010 may suggest some level of appropriation. These results are only
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Table 4: Comparing Split and Non-Split Districts Finances

No Split Split Difference p-value
District Government Spending (%) of Budget (2001-2010)
Education 33.11 21.65 -11.46*** 0.000
General Administration 32.74 40.98 8.233*** 0.000
Infrastructure 13.94 18.7 4.75*** 0.000
Health 8.27 7.14 -1.13*** 0.000
Agriculture 3.86 4.87 1.01*** 0.000
Economy 2.36 2.24 -0.12 0.103
Housing 2.21 1.07 -1.14*** 0.000
Environment 1.6 1.22 -0.38*** 0.000
Social Protection 0.67 0.8 0.124*** 0.000
Tourism 0.56 0.512 -0.044 0.369
Crime 0.55 0.78 0.22*** 0.000
Religious Spending 0.13 0.06 -0.07*** 0.000

Villages with Asphalted Roads (%) (2010) 67.51 44.06 -23.44*** 0.000

Split refers to newly created districts over the period 2001-2010. Data from the Ministry of Finance and
PODES, via the DAPOER Database (see Table A1 for more information).

indicative, and certainly don’t suggest that district governments act corruptly, nor do they suggest that
spending patterns are indicative of weak capacity following, but they do show that non-split and split
districts have differences in spending patterns following their split.

Evidence from Palm Oil Production To investigate if fire activity is linked to both palm oil and
district splits, data on palm oil production at district level was accessed from the Ministry of Agriculture
(via DAPOER). Unfortunately these data were of poor quality, with multiple missing years and some
districts having unreasonable falls, then rises, in palm oil production, sometimes in excess of 1000
percent across years for a given district. For this reason, it is not possible to use these data for a
comprehensive analysis. Instead using data from 2010, that generally appears complete, we conduct
a means test on the percentage of palm oil ownership by type in 2010, and the associated palm oil
yields. The results, in Table 5 indicate that newly created district governments have 9 percent more
private sector palm oil. If private sector firms are more likely to burn large sections of land to clear it,
as indicated by numerous sources, but disputed by others, this may contribute to a rise in fires that we
see.24 However given the limitation of the data we are unable to comment on whether or not palm oil
companies act in this way. There are no significant differences in yields, although small holders have 8
percent lower yields in newly created districts.

The Confusion Over Land Initially following a district split we may expect that agents may take
advantage over the confusion of the new district border. There are also comments in the literature about
the confusion over land ownership rights between agents (see Purnomo et al., 2017; RCA and UNICEF,
2017). While we can’t directly comment on land rights and the confusion surrounding fires, we are
able to explore if fires increase along borders following a district split. One illustrative example is the

24Purnomo et al. (2017) outline the confusion over who is responsible for lighting fires on palm oil concessions.

22



Table 5: Comparing Split and Non-Split Districts Palm Oil Production

No Split Split Difference p-value
Percentage of Palm Oil Land by Ownership (2010)
Private Firms 22.06 31.26 9.21*** 0.000
Small Holders 68.6 62.19 -6.41*** 0.011
State Owned Firms 6.08 3.18 -2.91*** 0.005

Mean Yield (Kg/Ha) by Ownership (2001-2010)
Private Firms 3331.22 3405.7 74.48 0.608
Small Holders 2494.2 2278.36 -215.81*** 0.006
State Owned Firms 3357.92 3203.62 -154.31 0.498

Split refers to newly created districts over the period 2001-2010. Data from the
Indonesian Ministry of Agriculture, via the DAPOER Database, (see Table A1 for
more information).

case of Ogan Komering Ulu, shown in Figure 7 that split into three separate districts in 2003. Panel A
shows the district. In 2002, A, B and C all belonged to one district. In 2003 a split occurred forming
Ogan Komering Ulu (A), Ogan Komering Ulu Timur (B) and Ogan Komering Selatan (C). Panels B, C
and D show fires in 2002, 2003 and 2004 respectively, indicating the year before, the year of and the
year after the split. There doesn’t appear to be an increase in fire activity along the border regions of
the newly created districts, and fire activity appears to be fairly scattered. This pattern is evident across
the fires data, and fires appear evenly dispersed within the borders of all districts, rather than confined
to the borders. Instead fire activity is often likely to clearly belong to certain districts, and agents don’t
appear to take advantage of the confusion surrounding district borders.

5.1.4 Fires or Other Forms of Deforestation?

The above analysis raises the question of how important fires are as an instrument of deforestation in
Indonesia. Burgess et al. (2012) provide important evidence to corroborate the idea that illegal logging
is an important channel for deforestation. We conduct additional analysis to explore the extent of the
importance of fires as a channel of deforestation. Notably a significant amount of deforestation occurs
in regions, such as Riau province along the northern coast of Sumatra, which are well-known to also be
home to a significant amount of fire activity. To do so, we utilize province level data from 2002-2008
on deforestation from Burgess et al. (2012), and consider the correlation between deforestation and
fires with the following equation:

Deforestationpt = β0 + β1Firespt + Pp + Yy + εpt (6)

where Deforestationpt is a count of the number of pixels deforested in province p in year t, Firespt
is a count of the number of fires per province and Pp and Yy are province and year fixed effects. The
model is run using OLS. Because province boundaries changed after 2008, we revert our fires data to
2008 boundaries, the boundaries used in Burgess et al. (2012).
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Figure 7: Fire Activity in Ogan Komering

The results in Table 6 suggest a strong correlation between deforestation and fires. We vary the
sample by island, and then by confidence level of fires detection. The R2 term suggests that we account
for roughly 60 percent of the variation in deforestation with fires alone.

We can use a back-of-envelope calculation with these estimates to assess the role of fires in
deforestation. Taking the estimates in column (2), which covers all forested islands, we see that the
average fires causes a loss of 2.94 pixels of forest, in the average province, and the average year. The
mean number of fires per province is 1079, which would account for about 3172 pixels lost per year, out
of an average of 6674 pixels deforested per year. Based on these estimates, fires account for just under
half (47.5%) of deforestation in Indonesia. We see variable impacts when considering particularly
provinces: similar magnitude in Sumatra, smaller impacts in Kalimantan, larger impacts in Sulawesi,
and slightly larger impacts on Papua. The last two columns show the extent to which the estimates vary
if we vary the confidence level of the fires index.
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5.2 Global Palm Oil Prices and Fires

This section considers the demand-side channel for fire activity, proxying palm oil demand through
global palm oil prices. First we discuss the correlation between fires and the palm suitability measure
from the GAEZ data, then present results for Equation (5).

To show the rationale behind considering palm oil suitability in our interaction term in Equation
(5), we generate the correlation between our palm suitability measure and fire activity. A 20 percent
increase in palm suitability is correlated with a 58-84 percent increase in provincial fire activity, and a
26-33 percent increase in district fire activity on average. Moreover, the R2 term suggests that we can
account for 7-23 percent of the variation in fires across provinces and districts from palm oil suitability
alone.

With this in mind, we now consider the impact of palm oil prices on fire activity. Table 7 presents
estimates of the impact of palm oil prices interacted with palm oil suitability on fires using quarterly lags
from 3-12 months. The interaction of the palm oil suitability index and the global palm oil price allows
the palm oil price to have a heterogeneous effect on fires in different districts, given their suitability.
Columns 1-4 consider real palm oil prices. To provide a point of comparison, columns 5-6 consider
real rubber prices, as rubber is the second-fastest growing agricultural crop by land area. Column 3
controls for rubber prices in the palm oil equation, and column 6 controls for palm oil prices in the
rubber equation. Doing so incorporates controls for the relative price fluctuations of Indonesia’s two
fastest growing crops by land area (as evident in Figure 3) and hence the two crops most driving the
conversion decisions. Column 4 incorporates a linear time trend, allowing forest cover in 2000 to have
a differential effect across time. The interaction terms are all significant, indicating that there does
appear to be an important interaction between suitability of a district, global prices, and fire activity.
There is also, as expected, a clear difference between the impact of palm oil prices and rubber prices.
We also show results for monthly lags from 1-6 months in Table ??, and find similar results.

These results clearly suggest that global palm oil prices have a significant role in the decision to
convert forests for palm oil, and these decisions are taken in a context with dynamic belief formation.
However the individual coefficient estimates can be difficult to interpret individually, with both large
positive and negative coefficients. That these effects are estimated even in the presence of time period
fixed effects is particularly difficult to interpret. In order to better collectively interpret these estimates,
we construct a measure for the marginal effect of various price increases. By subtracting the marginal
impact of an increased price, from the marginal impact of the average price, on fire activity, we are able
to better understand how the estimates in Table 7 and Table ?? relate to fire activity. The magnitudes
computed give the percentage increase in fires in the average district, for a rise in palm oil prices. Using
the coefficients from the results of Equation (5), found in Tables 7 and ??, the expected impact of an
increase in price is given by Equation (7):25

= (NewPrice∗AveSuit∗β1+NewPrice∗β2)− (AvePrice∗AveSuit∗β1+AvePrice∗β2) (7)

25Because all other terms do not change they drop out and we are only left with the terms in Equation (7).
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Table 7: Palm Oil Price Increases and District Fires (Quarterly Lags)

Palm Oil Prices Rubber Prices

(1) (2) (3) (4) (5) (6)
Suitability x Price[t-3] 1.560*** 1.560*** 1.561*** 1.545*** 0.875*** 0.878***

(0.338) (0.341) (0.341) (0.344) (0.296) (0.296)
Suitability x Price[t-6] -1.062*** -1.067*** -1.051*** -1.039*** 1.704*** 1.703***

(0.321) (0.325) (0.324) (0.327) (0.326) (0.327)
Suitability x Price[t-9] -1.957*** -1.955*** -1.977*** -2.012*** -4.785*** -4.792***

(0.282) (0.285) (0.285) (0.286) (0.470) (0.471)
Suitability x Price[t-12] 1.323*** 1.324*** 1.334*** 1.384*** 2.592*** 2.599***

(0.225) (0.227) (0.227) (0.225) (0.258) (0.259)
Suitability Index 2.009*** -0.208 -0.155 -0.179 -0.400*** -0.334***

(0.483) (0.343) (0.345) (0.346) (0.0818) (0.0866)
Log Real Palm Oil[t-3] -0.863*** -0.864*** 0.0231 0.0311 1.167***

(0.249) (0.251) (0.279) (0.280) (0.144)
Log Real Palm Oil[t-6] 0.589** 0.594** 1.478*** 1.491*** 0.716***

(0.232) (0.234) (0.285) (0.286) (0.175)
Log Real Palm Oil[t-9] 1.109*** 1.105*** 1.653*** 1.677*** 0.211

(0.274) (0.276) (0.278) (0.280) (0.165)
Log Real Palm Oil[t-12] -0.701*** -0.704*** -0.554*** -0.584*** 0.416***

(0.161) (0.163) (0.183) (0.181) (0.0939)
Log Real Rubber[t-3] -1.515*** -1.537*** -1.743*** -2.162***

(0.167) (0.167) (0.232) (0.242)
Log Real Rubber[t-6] -0.176 -0.188 -1.226*** -1.416***

(0.144) (0.145) (0.236) (0.260)
Log Real Rubber[t-9] -1.197*** -1.186*** 2.814*** 2.272***

(0.145) (0.144) (0.356) (0.345)
Log Real Rubber[t-12] 0.178 0.178 -1.736*** -1.703***

(0.115) (0.116) (0.176) (0.181)
Month FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
District FE No Yes Yes Yes Yes Yes
Linear Time Trend No No No Yes No No
R2 0.209 0.555 0.559 0.560 0.562 0.564
Number of Districts 256 256 256 253 256 256
Number of Observations 12951 12951 12951 12832 12951 12951

Cluster-robust standard errors in parentheses. The dependent variable is the log of annual number of fires in the district. All
columns run a random-effects panel regression. Column 4 controls for a linear time trend by interacting log forest cover at
district level with a linear time trend. Columns 1-4 use real palm oil prices in the suitability x price interaction, while columns
5-6 use real rubber prices.
∗ p<0.1 ∗∗ p<0.05 ∗ ∗ ∗ p<0.01

where NewPrice is the average price plus the chosen increase in prices, AveSuit is the average palm oil
suitability for all districts (= 0.724) and Average Price is the average of the Log of the Real Palm Oil
Price (= 1.81). We can also alter the palm oil suitability average to show the effect for districts more or
less suitable for palm oil.
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Table 8: Magnitude of Impact for Increased Palm Oil Prices on Fires (Quarterly Lags)

Increase in Prices 0.5 Std. Dev. 1 Std. Dev. 10 Percent
Month Lag

3 0.236 0.472 0.208
6 0.151 0.302 0.134
9 0.045 0.090 0.040

12 0.086 0.172 0.134
Net Effect 0.518 1.036 0.516

Average Effect 0.130 0.259 0.129

Column 2 shows the marginal effect of a 0.5 standard deviation increase in
real palm oil prices, column 3 shows a 1 standard deviation in prices and
column 4 shows a 10 percent increase in prices. Calculations of marginal
impacts are made from column 4 in Table 7.

The magnitudes of price increases for the quarterly lag model over twelve months are included in
Table 8. Column 2 shows the increase for a 0.5 standard deviation increase in real palm oil prices, while
columns 3 and 4 show a 1 standard deviation and 10 percent increase in prices respectively. Given
the large fluctuation of the global real palm oil price, with large, rapid swings common (as evident in
Figure A2) price rises of this magnitude are realistic. The average log price is 1.81, and the standard
deviation is 0.41, so column 2 represents a 22 percent increase, while column 3 represents a 45 percent
increase in prices.

The results show that rising real palm oil prices have a large, positive effect on the rate of fires. The
average marginal effect of a rise in global palm oil prices of 10 percent at a quarterly lag within twelve
months of the fire season is a 12.9 percent rise in monthly fire activity in the average district. Table
?? considers monthly lags for the six months leading into the fire season. Again there appears to be
a strong effect of global palm oil prices on fire activity. For a 10 percent increase in monthly lagged
prices, on average, there is a 7 percent increase in monthly fires. We also consider the net effect of
a consistent rise in prices across the year, or six months. In Table ??, the net effect suggests that if
palm oil prices rose at 10 percent per quarter leading into fire season, that we would expect to see a 35
percent increase in monthly fire activity for the average district. Table 9 suggests that if monthly prices
rose consistently at 10 percent per month for the six months leading into the fire season, that we would
expect to see a 43 percent increase in monthly fire activity in the average district.

We also construct the same magnitude measure for rubber prices, to consider the impact of rubber
prices on fire activity. Using Column 5 in Tables 7 and ??, we summarise the impact of rubber prices,
finding that increased rubber prices have no impact on fire activity, and that if price rises are large
enough, that there can be negative effects on fires. Table A6 and Table A7 show that the expected
impact of a 0.5 standard deviation increase in rubber prices leads to a 10 to 16 percent decrease in fire
activity in the average district. A 10 percent increase in rubber prices has no effect on fire activity in
both the quarterly and monthly models. This wouldn’t be explained by rubber plantations not using fire
for conversion, as generally all land conversion in Indonesia occurs via fire. When the rubber price
rises, agents may delay their decision to convert land to palm oil until they sure of the long-term price
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Table 9: Magnitude of Impact for Increased Palm Oil Prices on Fires (Monthly Lags)

Increase in Prices 0.5 Std. Dev. 1 Std. Dev. 10 Percent
Months Lag

1 0.240 0.481 0.212
2 -0.220 -0.440 -0.194
3 0.223 0.447 0.197
4 0.254 0.508 0.224
5 -0.380 -0.759 -0.335
6 0.359 0.719 0.317

Net Effect 0.478 0.955 0.422
Average Effect 0.080 0.159 0.070

Column 2 shows the marginal effect of a 0.5 standard deviation increase in
real palm oil prices, column 3 shows a 1 standard deviation in prices and
column 4 shows a 10 percent increase in prices. Calculations of marginal
impacts made from column 3 in Table A5.

movement. Another potential explanation is that palm oil is a more attractive crop than rubber because
it returns output within four years of planting, while rubber takes seven to ten years (Feintrenie et
al., 2010), and agents may be converting rubber plantations to palm oil, but delay doing so when the
relative price of rubber is high. The model controlling for palm oil prices may capture this due to the
positive correlation between the two series.26

These computed magnitudes suggest that the conversion to palm oil is a significant contributing
factor to annual district fire activity. This validates the hypothesized link between palm oil and forest
fires from numerous authors including Dauvergne (1998), Dennis et al. (2005), and Purnomo et al.
(2017). Further, while our regression approach is likely to overfit the existing data within sample, our
estimates suggest that it would possible to develop an appropriate model of palm oil prices and district
monthly fire activity that could be used for active prediction of fire hot spots across years.

6 Conclusion

A significant literature documents that the fires plaguing southeast Asia each year have major envi-
ronmental, health, and economic implications. However, to date, there has been a lack of systematic
quantitative research into the factors contributing to the fires. We consider two potential channels. First,
we consider the role of weak governance in preventing fires. Taking advantage of exogenous variation
in the creation of new administrative districts, we show that the creation of a new district leads to a
3-11.7 percent increase in fire activity at province level. These results complement the findings of
Burgess et al. (2012) who provide evidence that some district officials compete to accept bribes for
overlooking illegal logging, with district splits intensifying this competition. In the context of fires,
the evidence is more consistent with the mechanism of reduced governance capacity of newly-created
district governments following a district split: increases in fires are concentrated around the time of a

26The correlation between palm oil and rubber prices is 0.86.
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split, and in newly-created (rather than continuing) districts. We can rationalize these differences by
observing that fires are a much more publicly-visible and unambiguous form of illegal activity than
illegal logging. Furthermore, we show that variation in fire activity explains a little under half of all
deforestation in Indonesia.

Using global palm oil prices, and a geo-specific palm oil suitability measure, we establish a causal
link between global palm oil demand as proxied by prices, and fires. A simple simulation exercise
based on our linear model shows that for the average district, an increase in palm oil prices of 10 percent
in the lead up to fire season will lead to a 12.9 percent increase in monthly fire activity. We show that
palm oil prices contribute positively to fire activity across annual and six-monthly lags leading into the
fire season. This analysis suggests the possibility of developing a quantitative tool to rapidly predict
fires across space and time. More generally, we have shown that demand-side factors have significant
implications for fire activity, while failing to find a similar link for Indonesia’s second fastest growing
crop by land area, rubber.

More broadly these results highlight two key factors that contribute to differences in fires across
districts and years. Rainfall, and hence the cycles of El Nino and La Nina, are also a major contributing
factor to annual fire activity, as is the level of forest cover. This paper also shows that land more suitable
to palm is more likely to be burnt. The results suggest that improved governance has a key role to play
in fire prevention, and the Indonesian government must promote sustainable methods for conversion to
palm oil as they seek to meet their palm oil production objectives.

This study has important implications for the design of policies intended to reduce the prevalence
of fires. The central government of Indonesia aims to double palm oil production between 2015 and
2020, so it is important to consider the impact palm oil may be having on fires (Edwards and Heiduk,
2015). Our analysis provides evidence on a couple of key channels behind the fires, and shows that they
play a significant overall role in causing deforestation in Indonesia. In particular, the results suggest
that in order to reduce fires, the government should pay particular attention to governance capacity in
identifying, monitoring and enforcing anti-burning laws. Our analysis also suggests the possibility of
constructing a predictive model to forecast fire activity across Indonesia to coordinate fire prevention
activities, combining indicators that are cheap, and publicly-available with minimal time lag, such as
global palm oil prices, rainfall, and measures of suitability for palm oil conversion. Such a model could
be augmented with richer data, such as on local palm oil prices. This raises the potential of developing
methods to target prevention and enforcement activities where new fires are most likely to occur.
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A Additional Tables and Figures

Figure A1: Context Map

Figure A2: Real Palm Oil Price (2001-2015)
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Figure A3: Co-movement of Rupiah and USD prices

Figure A4: Number of Fires By Month (2002-2015)
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Table A1: Additional Data Sources

Product Notes Source
Rainfall Monthly mean rainfall at 0.5 degree resolu-

tion, measured in mm per day.
NOAA NCEP CPC PRECL;
Chen et al. (2002)

District Splits Induced from BPS village codes 1998-2014
and verified using the World Bank DAPOER
Cross-Walk

BPS (2014) https://www.bps.
go.id.; DAPOER (World Bank,
2015) https://data.worldbank.
org/data-catalog/.

Forest Cover Primary forest cover across Indonesia in the
year 2000.

Global Forest Watch; Hansen
(2006)

Palm Oil Suitabil-
ity

High resolution global and Indonesian spe-
cific Palm Suitability index.

Pirker et al. (2016); Mosnier et
al. (2017)

USD Palm Prices Monthly Crude Palm Oil Futures End of Day
Settlement Prices on the Chicago Mercantile
Exchange. Prices in USD per Metric Ton.

World Bank (2017) https://data.
worldbank.org/data-catalog/
commodity-price-data.

USA GDP Im-
plicit Price Defla-
tor

Quarterly USA GDP Implicit Price deflator,
used to convert prices to real terms.

Bureau of Economic Analysis
(2017); https://fred.stlouisfed.
org/series/GDPDEF.

Palm Oil Produc-
tion Data

Annual district and province level palm oil
production statistics by type of palm, palm
plantation owner and yields.

Indonesian Ministry of Agri-
culture via DAPOER (World
Bank, 2015) https://data.
worldbank.org/data-catalog/.

Interbank Interest
Rates

Annual Average 3-Month or 90-day Inter-
bank Rates for Indonesia

OECD (2017) https://data.oecd.
org.

District Govern-
ment Budgets

National District spending figures. Used to
compute percentages of annual budgets.

Indonesian Ministry of Finance
via DAPOER (World Bank,
2015) https://data.worldbank.
org/data-catalog/.

Village Road
Data

Percentage of villages per district with As-
phalted roads

PODES Data via DAPOER
(World Bank) https://data.
worldbank.org/data-catalog/.

Unemployment Annual province unemployment rate per
province.

BPS (2017)
https://www.bps.go.id.

Rupiah Palm
Prices

Crude Palm Oil Futures End of Day Settle-
ment Prices on Malaysian Palm Oil Mar-
ket. Converted to Indonesian Rupiah per
Metric Ton. http://www.indexmundi.com/
commodities/?commodity=palm-oil.

World Bank (2017) via
https://data.worldbank.
org/data-catalog/
commodity-price-data.

USD Rubber
Prices

Monthly, Singapore Commodity Exchange,
No.3 Rubber Smoked Sheets, 1st Contract in
US cents per pound, deflated using the USA
GDP Implicit Price Deflator

IMF (2017) via https:
//www.quandl.com/data/ODA/
PRUBB_USD-Rubber-Price.

Area of Har-
vested Crops

Total area of production of a range of Crops
for Indonesia over the period 1990-2015.

FAO (2017) http://www.fao.
org/faostat/en/#data/QC.
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Table A2: Summary Statistics

Province Kabupaten Kabupaten District Fires Rainfall Palm Unemployment
2002 2015 Splits Suitability

Sumatera 81 119 38 147470 87.88 3.37 8.10
Aceh 16 18 2 3332 75.69 1.79 9.69
Riau 12 10 1 59055 86.52 4.30 8.83
Jambi 9 9 0 17162 85.97 3.52 5.71
Bengkulu 3 9 6 1310 93.42 2.52 5.32
Lampung 8 13 5 3699 81.37 3.46 6.90
Kepulauan Riau 0 5 2 713 87.84 3.60 8.64
Kepulauan Bangka Belitung 2 6 4 4010 85.30 4.45 5.90
Sumatera Utara (North) 13 25 12 7427 91.93 2.40 8.91
Sumatera Selatan (South) 6 12 6 47236 87.58 3.64 7.68
Sumatera Barat (West) 12 12 0 3526 103.51 2.09 9.02
Java 82 84 2 4827 80.12 2.51 9.17
DKI Jakarta 0 0 0 0 81.39 2.38 11.77
Banten 4 4 0 115 94.33 3.38 13.54
Daerah Istimewa Yogyakarta 4 4 0 40 74.03 2.69 5.22
Jawa Timur (East) 29 29 0 3440 68.06 2.01 6.04
Jawa Barat (West) 16 18 2 715 82.70 2.02 11.52
Jawa Tengah (Centre) 29 29 0 517 80.21 2.56 6.92
Sunda Islands 27 37 10 10456 56.57 0.59 4.62
Bali 8 8 0 36 62.86 1.26 3.57
Nusa Tenggara Timur (East) 13 21 8 8103 58.26 0.23 3.76
Nusa Tenggara Barat (West) 6 8 2 2317 49.44 0.27 6.52
Kalimantan 30 46 16 146960 91.30 2.98 7.49
Kalimantan Utara (North) 0 4 0 2897 88.99 1.47 10.14
Kalimantan Selatan (South) 9 11 2 9803 78.92 3.34 6.31
Kalimantan Timur (East) 8 6 2 14431 88.02 3.11 10.27
Kalimantan Barat (West) 8 12 4 48727 109.60 3.41 5.92
Kalimantan Tengah (Centre) 5 13 8 71102 90.96 3.58 4.79
Sulawesi 38 66 29 16632 73.56 1.58 7.97
Gorontalo 2 5 3 826 52.81 1.25 7.52
Sulawesi Utara (North) 3 11 8 991 94.63 1.73 10.45
Sulawesi Selatan (South) 19 21 2 6444 81.25 1.73 10.15
Sulawesi Barat (West) 3 5 3 1060 94.19 1.40 7.07
Sulawesi Tengah (Centre) 7 12 5 3526 54.18 1.07 5.94
Sulawesi Tenggara 4 12 8 3785 64.33 2.26 6.66
Maluku Islands 6 17 11 3852 74.44 2.31 9.08
Maluku 4 9 5 3018 79.77 2.25 10.96
Maluku Utara (North) 2 8 6 834 69.11 2.37 7.21
Papua 12 38 26 12104 101.67 2.73 6.05
Papua 9 28 19 11585 101.60 2.69 4.98
Papua Barat (West) 3 10 7 519 101.74 2.77 7.12

Islands in Bold. Fires are the number of fires between 2002-2015, Rainfall is average annual rainfall in mm, Palm Suitability is the average
palm oil suitability by province and Unemployment is the annual average unemployment rate from 2002-2015.
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Table A4: Robustness checks by varying sample details

Confidence Fire Radiative Power

Percentile 80 60 70 90 100 75 95

(1) (2) (3) (4) (5) (6) (7)
Panel A: Fires Data
Number of Fires 347,103 770,610 562,652 177,362 79,315 232,567 46,573
Average FRP 74.04795 46.1101 56.04213 103.2906 136.3001 109.9337 271.6709
Average Brightness 338.1676 327.967 331.9394 345.9732 351.5538 342.6847 365.9683
Panel B: Equation (2)
Districts 0.0490*** 0.0272* 0.0358** 0.0783*** 0.0797*** 0.0563*** 0.0516**

(0.0175) (0.0155) (0.0166) (0.0244) (0.0273) (0.0211) (0.0220)
Log(Rain) -1.965*** -1.799*** -1.858*** -1.804*** -1.758*** -2.147*** -1.772***

(0.390) (0.342) (0.371) (0.517) (0.548) (0.482) (0.583)
Log(ForestCover) 0.940*** 0.873*** 0.895*** 0.993*** 1.005*** 0.997*** 1.117***

(0.117) (0.108) (0.110) (0.146) (0.163) (0.134) (0.137)
Province Suitability 1.266*** 1.059*** 1.126*** 1.479*** 1.533*** 1.287*** 1.322***

(0.160) (0.176) (0.181) (0.226) (0.254) (0.211) (0.227)
Island FE Yes Yes Yes Yes Yes Yes Yes
District FE Yes Yes Yes Yes Yes Yes Yes
R2 0.788 0.795 0.793 0.751 0.716 0.766 0.737
N 322 322 322 302 295 304 282
Panel C: Equation (3)
Splits [t-1] 0.0480 0.0486 0.0494 0.0403 0.0177 0.0506 0.0147

(0.0404) (0.0370) (0.0382) (0.0519) (0.0520) (0.0476) (0.0452)
Splits[t] 0.0376 0.0390 0.0418 0.0308 0.0294 0.0338 0.0116

(0.0410) (0.0331) (0.0362) (0.0532) (0.0567) (0.0417) (0.0494)
Splits[t+1] 0.0614** 0.0465** 0.0553** 0.0644* 0.0892** 0.0639** 0.0711**

(0.0268) (0.0226) (0.0225) (0.0331) (0.0348) (0.0318) (0.0313)
Splits[t+2] -0.0150 -0.0184 -0.0159 -0.0274 -0.0457 -0.0178 -0.0322

(0.0289) (0.0246) (0.0256) (0.0423) (0.0435) (0.0354) (0.0341)
Log(Rain) -2.106*** -1.890*** -1.990*** -2.302*** -2.082*** -2.499*** -1.662***

(0.425) (0.346) (0.380) (0.596) (0.628) (0.516) (0.596)
Log(ForestCover) 1.053*** 0.929*** 0.968*** 1.155*** 1.170*** 1.113*** 1.219***

(0.152) (0.128) (0.135) (0.186) (0.191) (0.168) (0.145)
Province Suitability 1.208*** 1.017*** 1.070*** 1.360*** 1.410*** 1.201*** 1.237***

(0.163) (0.180) (0.189) (0.254) (0.274) (0.231) (0.235)
Island FE Yes Yes Yes Yes Yes Yes Yes
District FE Yes Yes Yes Yes Yes Yes Yes
R2 0.738 0.770 0.760 0.672 0.642 0.708 0.714
N 322 322 322 302 295 304 282

Cluster-robust standard errors in parentheses. The dependent variable is the log of annual province fire activity. Columns 1-5 vary the
confidence level of the fire detection, while columns 6 and 7 vary the sample based on the 75th and 95th percentile of the Fire Radiative Power
measure respectively. Panel A includes details about the number of fire points for each sample and the mean of Fire Radiative Power and
Brightness of the fires detected in that sample. Panel B reports estimates for Column (4) of Table ?? and Panel C reports estimates of Column
(3) of Table ??. All variables are as described in Section 3 and 4.
∗ p<0.1 ∗∗ p<0.05 ∗ ∗ ∗ p<0.01
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Table A5: Palm Oil Price Increases and District Fires (Monthly Lags)

Palm Oil Prices Rubber Prices

(1) (2) (3) (4) (5) (6)
Suitability x Price[t-1] -2.385*** -2.275*** -2.242*** -2.335*** -2.022*** -2.017***

(0.364) (0.357) (0.357) (0.358) (0.361) (0.360)
Suitability x Price[t-2] 2.648*** 2.487*** 2.438*** 2.531*** -0.943 -0.960

(0.569) (0.563) (0.565) (0.570) (0.888) (0.889)
Suitability x Price[t-3] 0.0234 0.0578 0.0447 0.0291 5.759*** 5.766***

(0.530) (0.541) (0.546) (0.551) (0.774) (0.774)
Suitability x Price[t-4] 3.049*** 2.973*** 3.024*** 3.022*** -0.295 -0.283

(0.794) (0.803) (0.804) (0.814) (0.668) (0.669)
Suitability x Price[t-5] -1.342* -1.207 -1.248 -1.171 -3.488*** -3.508***

(0.769) (0.768) (0.768) (0.776) (0.603) (0.604)
Suitability x Price[t-6] -2.450*** -2.492*** -2.469*** -2.540*** 0.795** 0.806**

(0.491) (0.488) (0.489) (0.494) (0.350) (0.350)
Sustainability Index 1.103*** 1.226*** 1.214*** 1.231*** 0.0612 0.122

(0.359) (0.358) (0.357) (0.360) (0.0944) (0.0948)
Log Real Palm Oil[t-1] 0.449* 1.355*** 2.844*** 2.886*** 1.226***

(0.244) (0.251) (0.330) (0.334) (0.182)
Log Real Palm Oil[t-2] 0.901** -1.692*** -2.865*** -2.909*** -1.104***

(0.370) (0.369) (0.404) (0.407) (0.201)
Log Real Palm Oil[t-3] 0.537 0.0207 1.061*** 1.069*** 1.101***

(0.358) (0.371) (0.394) (0.395) (0.177)
Log Real Palm Oil[t-4] 0.340 -1.315** -0.947* -0.952* 1.230***

(0.523) (0.556) (0.553) (0.556) (0.278)
Log Real Palm Oil[t-5] 1.101** 0.0580 -0.972* -1.003* -1.880***

(0.506) (0.515) (0.518) (0.520) (0.322)
Log Real Palm Oil[t-6] -0.159 1.933*** 3.553*** 3.595*** 1.779***

(0.343) (0.354) (0.389) (0.391) (0.234)
Log Real Rubber[t-1] -1.771*** -1.749*** 0.989*** -0.319

(0.217) (0.218) (0.245) (0.254)
Log Real Rubber[t-2] 1.775*** 1.767*** 0.966 2.485***

(0.272) (0.275) (0.612) (0.676)
Log Real Rubber[t-3] -2.604*** -2.636*** -5.562*** -6.788***

(0.240) (0.242) (0.605) (0.672)
Log Real Rubber[t-4] 1.042*** 1.056*** 1.101** 1.251**

(0.161) (0.161) (0.501) (0.502)
Log Real Rubber[t-5] -0.992*** -0.996*** 1.541*** 1.550***

(0.160) (0.160) (0.449) (0.461)
Log Real Rubber[t-6] 0.00129 -0.00943 -0.352 -0.591**

(0.152) (0.154) (0.254) (0.263)
Month FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
District FE No Yes Yes Yes Yes Yes
Linear Time Trend No No No Yes No No
R2 0.504 0.556 0.561 0.562 0.559 0.561
Number of Districts 256 256 256 253 256 256
Number of Observations 13029 13029 13029 12876 13029 13029

Robust standard errors, clustered at district level in parentheses. Dependent variable is the log of district level fire activity.
Column 4 controls for a linear time trend by interacting log forest cover at district level with a linear time trend. Price in
interaction term is specified above the column. All models run using random effects.
∗ p<0.1 ∗∗ p<0.05 ∗ ∗ ∗ p<0.01
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Table A6: Magnitude of Impact for Increased Rubber Prices on Fires (Quarterly Lags)

Increase in Prices 0.5 Std. Dev. 1 Std. Dev. 10 Percent
Month Lag
1 -0.347 -0.693 -0.012
2 -0.041 -0.082 -0.001
3 -0.273 -0.546 -0.009
4 0.041 0.082 0.001
Net Effect -0.620 -1.240 -0.021
Average Effect -0.155 -0.310 -0.005

Column 2 shows the marginal effect of a 0.5 standard deviation increase
in real rubber prices, column 3 shows a 1 standard deviation in real rub-
ber prices and column 4 shows a 10 percent increase in real rubber prices.
Calculations of marginal impacts made from column 6 in Table 7.

Table A7: Magnitude of Impact for Increased Rubber Prices on Fires (Monthly Lags)

Increase in Prices 0.5 Std. Dev. 1 Std. Dev. 10 Percent
Month Lag
1 -0.405 -0.810 -0.014
2 0.407 0.813 0.014
3 -0.593 -1.185 -0.020
4 0.238 0.475 0.008
5 -0.226 -0.451 -0.008
6 -0.002 -0.003 0.000
Net Effect -0.580 -1.161 -0.019
Average Effect -0.097 -0.193 -0.003

Column 2 shows the marginal effect of a 0.5 standard deviation increase
in real rubber prices, column 3 shows a 1 standard deviation in real rub-
ber prices and column 4 shows a 10 percent increase in real rubber prices.
Calculations of marginal impacts made from column 6 in Table ??.
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Table A8: Number of Districts Per Province

Excludes: Non-Forest Islands Only Jakarta

(1) (2) (3) (4) (5) (6)
Districts 0.00408 0.00346 0.000840 0.0313 0.0330 0.0154

(0.0195) (0.0217) (0.0379) (0.0209) (0.0243) (0.0398)
Log Rain -2.511*** -2.095*** -2.539*** -1.951***

(0.416) (0.365) (0.330) (0.342)
Province 1990 FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes No Yes Yes No
Island by Year No No Yes No No Yes
Linear Forest Trend No No Yes No No Yes
R2 0.144 0.0451 0.145 0.131 0.0422 0.209
Number of Clusters 23 23 23 33 33 33
Number of Observations 322 322 322 462 458 458

All columns are Fixed Effects regressions. Dependent variable is the log of the number of fires per province per year.
Standard errors clustered by 1990 province boundaries in parentheses. Columns 1-3 exclude Java, the Maluku Islands and
the Lesser Sunda Islands.
∗ p<0.1 ∗∗ p<0.05 ∗ ∗ ∗ p<0.01
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Table A9: Number of Splits per Province per Year

Excludes: Non-Forest Islands Only Jakarta

(1) (2) (3) (4) (5) (6)
Splits [t-2] -0.00594 0.00954 0.0379 -0.0539 -0.00961 0.0476

(0.0821) (0.0835) (0.0674) (0.0674) (0.0744) (0.0633)
Splits [t-1] 0.0416 0.0615* -0.00169 0.0209 0.0772** 0.0216

(0.0297) (0.0330) (0.0567) (0.0300) (0.0314) (0.0535)
Splits [t] 0.0301 0.0299 0.00904 0.0128 0.0136 0.00407

(0.0464) (0.0448) (0.0512) (0.0359) (0.0325) (0.0484)
Splits [t+1] 0.0560 0.0558 0.0388 0.0549* 0.0557* 0.0350

(0.0360) (0.0342) (0.0428) (0.0315) (0.0281) (0.0406)
Splits [t+2] -0.0189 -0.0196 -0.00740 -0.0226 -0.0230 0.00599

(0.0392) (0.0369) (0.0235) (0.0388) (0.0340) (0.0271)
Log Rain -2.494*** -2.497*** -2.120*** -2.502*** -2.530*** -1.984***

(0.408) (0.411) (0.379) (0.333) (0.323) (0.339)
Palm Oil Suitability 0.0194 0.00205 0.0538 0.0239

(0.0297) (0.0521) (0.0316) (0.0528)
Districts Yes Yes Yes Yes Yes Yes

Yes Yes No Yes Yes No
Province 1990 FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes No Yes Yes No
Island by Year No No Yes No No Yes
Linear Forest Trend No No Yes No No Yes
R2 0.0434 0.0605 0.148 0.0255 0.0575 0.225
Number of Clusters 23 23 23 33 33 33
Number of Observations 322 322 322 458 458 458

All columns are Fixed Effects regressions. Dependent variable is the log of the number of fires per province per year. Standard
errors clustered by 1990 province boundaries in parentheses. Columns 1-3 exclude Java, the Maluku Islands and the Lesser
Sunda Islands.
∗ p<0.1 ∗∗ p<0.05 ∗ ∗ ∗ p<0.01
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