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Abstract
This paper explores the environmental consequences of illegal drug production, specif-
ically focusing on the impact of coca prices and cultivation on tree cover density in
Peru. Using satellite imagery and granular data on the economic value of coca culti-
vation, I show that fluctuations in coca profitability significantly drive deforestation in
the Peruvian Amazon. My findings show that the 40% increase in coca prices observed
during the study period led to an estimated loss of 6,450 km2 of tree cover—roughly
eight times the land area of New York City. Additionally, I provide suggestive evidence
of a technological revolution — marked by the widespread use of agrochemicals — that
has expanded the coca cultivation frontier to remote areas of the Amazon, transform-
ing it into a diffuse source of environmental degradation. This shift has enabled illegal
coca farming in previously unsuitable strategic locations. The technological advance-
ments, increasing productivity of forest-derived land uses, presented Narcos with fresh
economic opportunities for environmental crimes.
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1 Introduction

What coca/cocaine has done as an economic and social phenomenon is to provide the financial means
and motives for deforestation (Young, 2004a). One of the ironies of this deforestation is that the

expected spatial patterns are reversed. [...] When the goal is to plant coca, this must be done in
isolated places, far from military and civil control. [...] (Young, 2004b).

Understanding the drivers of global legal and illegal deforestation is a significant pol-
icy concern. Between the years 2001 and 2020, approximately 9% of the Amazon forest –
the earth’s largest tropical rainforest – has been deforested (RAISG, 2022). In some areas,
the Amazon is now emitting more carbon than it can absorb (Gatti et al., 2021), and its
CO2 emissions are comparable to the ones of Japan (European Commission. Joint Research
Centre, 2021) – the 5th biggest polluter in the world (Harris et al., 2021). Curtis et al. (2018)
estimates that 51% of global forest loss occurred between 2001 and 2015 is either commodity
or agriculture driven, i.e. conversion of forests to non-forest land uses such as agriculture,
mining, and drug production. Furthermore, the World Economic Forum (2020) reports that
half of tropical deforestation worldwide is illegal, and particularly driven by demand for il-
legal or unsustainable commodities. While extensive research has examined environmental
externalities in legal markets, there is limited understanding on how market forces within
illegal markets contribute to natural resource degradation.

This paper addresses this gap by investigating how coca market prices influence local
deforestation in Peru. Peru not only hosts the second-largest portion of the Amazon forest
but also approximately one-fourth of the global area under coca bush cultivation (UNODC,
2021).

Estimating this relationship presents several challenges, particularly due to the limited
availability of reliable, granular data on forest cover and illicit crop cultivation. Further-
more, two primary sources of bias require careful consideration. First, unobserved char-
acteristics at the cell level may correlate with both illegal coca cultivation and tree cover
levels—such as local political corruption, which could simultaneously enable coca produc-
tion and drive deforestation through other illegal activities. Second, Dávalos et al. (2016)
finds that proximity to abandoned state-sponsored projects from the 1960s and 1970s (which
themselves led to deforestation) significantly increases coca cultivation. To overcome these
challenges, I exploit (i.) remote sensing satellite imagery, and (ii.) geographic variation in
coca-prone areas along with time variation in coca leaf prices in the Peruvian black market.
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Thus, I construct a novel panel dataset spanning from 2003 to 2019, processing and gath-
ering high-resolution yearly satellite images and model-based geographical raster data at a
spatial resolution of 12km x 12km. It includes information on Coca Density from the United
Nations Office on Drugs and Crime (UNODC), Percent Tree Cover (MODIS-VCF), an index
of soil suitability for coca cultivation (Sviatschi, 2022), prices of coca leaves in the Peruvian
black market (UNODC), nightlights (Li and Zhou, 2017), prices and suitability indexes for
other commodities (MIDAGRI, BCRP, the World Bank, FAO).

To evaluate the environmental impact of rising coca prices and expanded cultivation,
I leverage cell-level variations in the economic value of potential coca cultivation and a
two-way fixed effects model with cell and year fixed effects. Similar to related literature
on commodity shocks and deforestation, I follow a shift-share approach or Bartik (1991)
method and interact a cell-level measure of exposure to coca ("share") with the prices of coca
leaves in the Peruvian black market ("shift"). Using two primary sources of cross-sectional
variation in coca-growing areas, I construct two distinct measures of Price Shocks for coca.
Specifically, each definition combines a source of geographic variation, namely, Coca Suit-
ability and Proximity to the Colombian border, with lagged yearly national price of coca
leaves in the Peruvian black market. In both settings, the empirical strategy is comparable
to a difference-in-differences model, where areas more suitable to coca cultivation are com-
pared to areas less suitable, in years following high coca prices versus years following low
coca prices. Finally, I leverage the coca price shock as an instrument for yearly coca cul-
tivation density, as fluctuations in coca prices influence deforestation rates by altering the
economic incentives for coca cultivation. I assume that in the absence of rising returns to
coca cultivation, areas with higher suitability or proximity to the Colombian border would
have experienced similar deforestation levels as less suitable or more distant areas.

I first show that increases in coca prices are associated with significant rises in deforesta-
tion. A one standard deviation increase in coca leaf prices leads to an average reduction in
tree cover of approximately 2 percentage points, corresponding to about 4% of the average
tree cover level. The estimate remains robust even when considering the impact of price
shocks to agricultural and gold commodities. These commodities may share similar ge-
ographical cultivation patterns and simultaneously have price trends correlated with coca
leaf prices. My findings show that the 40% increase in coca prices observed during the study
period led to a loss of approximately 6,450 km2 of tree cover in Peru - equivalent to more
than eight times the land area of New York City. To assess the share of coca-driven defor-
estation, I perform a simple back-of-the-envelope calculation. I focus on the year with the
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highest tree cover loss (2013-2014) and estimate that, in regions suitable for coca cultivation
(which account for 36.5% of the country), the 30% increase in coca prices, such that observed
during this period, explains approximately 18% of the total deforestation that occurred in
Peru that year.

Secondly, I provide suggestive evidence of a technological revolution which intensi-
fied the country wide effect and significantly impacted coca cultivation patterns. In line
with anecdotal evidence, I find spatial heterogeneous effects and suggestive evidence of
a technical change that concerned the coca cultivation process in Loreto. The adoption of
agro-chemicals in the coca production lowers the costs associated with coca cultivation in
non-suitable areas and emerges as a dominant economic rationale for coca cultivation and
forest clearing in areas where the benefits are deemed to be higher (near the Colombian
border). Consequently, the technological change makes previously unsuitable areas viable
options for illegal cultivation, allowing an expansion of the coca cultivation frontier to a
new coca-growing region in the middle of the Amazon, and specifically, in the region of
Loreto – already a crucial cross-border trafficking hub. In line with Tomich et al. (2001)
and Angelsen and Kaimowitz (2001)’s dispute1 of the subsistence hypothesis (Borlaug hy-
pothesis), the introduction of new chemical inputs increases productivity of forest-derived
land uses. In turn, it presents fresh economic opportunities for conversion and increases
the opportunity costs of conserving natural forests (Angelsen and Kaimowitz, 2001).

Lastly, due to the technological revolution and the expansion of the illegal coca cul-
tivation frontier, deforestation in border areas exhibits a unique price sensitivity for coca
relatively to other commodities, with only coffee and sugar cane showing any negative
environmental impact, although this is statistically insignificant. Border regions, such as
Loreto, show notably higher tree density than areas deemed suitable for coca cultivation,
with average tree cover exceeding that of coca-suitable regions by over 20 percentage points.
The stylized facts support the evidence that the illicit nature of coca drives its cultivation
into remote areas, where it first-order stochastically dominates other crops, both in terms of
presence in densely forested areas and deforestation impact.

The policy relevance of these results extends beyond Peru, highlighting the broader sig-
nificance of this phenomenon. The anecdotal evidence reports comparable environmental

1“Thus, if a new technology presents fresh economic opportunities, farmers are likely to expand their
agricultural land unless their labour and/or capital constraints keep them from doing so. [...] In addition,
technologies that create new economic opportunities can stimulate migration to forest frontiers, increasing
forest conversion.” (Angelsen and Kaimowitz, 2001)
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impacts of other illegal crops, such as cannabis in North America and opium poppy in
Colombia, Mexico, Peru, and Myanmar, as well as with coca cultivation in Colombia and
Bolivia. Furthermore, in recent years, technological advancements have facilitated the cul-
tivation of coca in regions once deemed unsuitable for this crop. The widespread use of
toxic and highly polluting agrochemicals has enabled coca to expand into non-traditional,
strategically significant countries such as Belize, Mexico, Honduras, and Guatemala, where
criminal groups are reportedly experimenting2 with coca cultivation (Héctor Molina, 2021;
Shuldiner, 2022; The Economist, 2025)

The results have strong policy implications. It is estimated that half of all tropical de-
forestation worldwide is illegal, yet there remains limited empirical evidence on the un-
derlying sources and mechanisms. By documenting the effects of drug cultivation, and
the role of incentives and technological adoption, this study helps inform targeted policies
aimed at mitigating forest loss and, more broadly, environmental degradation. Addressing
the environmental impact of illicit coca cultivation requires a comprehensive policy frame-
work that integrates both supply-side and demand-side interventions. On the supply side,
two key policy tools emerge: regulation and economic incentives. Regarding regulation,
the expansion of coca cultivation beyond traditional Andean regions into Central Ameri-
can countries, such as Mexico and Guatemala, highlights the need for a transnational drug
policy that integrates both development and environmental considerations. The role of in-
ternational cooperation in addressing climate change provides a relevant comparison for
its potential in shaping responses to the environmental and social consequences of illicit
economies. Since tropical deforestation generates global externalities—such as weakening
the Amazon’s resilience—enhanced monitoring and coordinated enforcement across na-
tional borders are essential to curbing illegal land conversion and mitigating deforestation.
In addition to regulatory measures, this paper highlights the role of economic incentives
in shaping land-use decisions among coca farmers. In this regard, alternative development
interventions, such as those led and financed by national governments, the UNODC, the US
and the European Union (EU), aim to assist farmers in transitioning from coca cultivation to
legal and sustainable agricultural practices. Several crop substitution programs exist to en-

2“The scene of unusual coca crop discoveries that suggest drug cartels are adapting to shifts in the
multimillion-dollar narcotics trade. [...] The result is that Mexican traffickers are now experimenting with
growing coca leaves, whose production has historically been dominated by Bolivia, Peru and Colombia. [...]
Organized crime groups are trying to diversify their activities and experiment with coca planting.[...] Mexican
cartels have come to control almost the entire cocaine trafficking chain in Colombia. Now coca crops are also
flourishing in Honduras and Guatemala, once just transit points for the drug from South America” (France
24, 2023).
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courage a transition away from coca cultivation, yet few empirical studies - such as (Prem
et al., 2021b) - have rigorously assessed their effectiveness. A stronger evidence base is
required to determine whether these programs provide sustainable economic alternatives
that meaningfully reduce illegal coca cultivation and deforestation. On the demand side,
consumer countries, particularly within the EU, can play a transformative role by reshap-
ing market dynamics through targeted policies. One key strategy involves incentivizing
the demand for alternative crops by integrating sustainable standards into trade frame-
works. Drawing on experiences from initiatives such as the Sustainable Cocoa Initiative
(European Commission, 2022) —where sustainability standards in the cocoa industry in-
corporate both environmental and social safeguards – the EU could tailor similar standards
to the South American context. By promoting legally produced alternatives like cocoa or
coffee, such measures would not only reduce the economic reliance on coca cultivation but
also encourage a broader shift towards deforestation-free practices. Furthermore, demand-
side interventions should include the integration of these environmental considerations into
deforestation laws. Current European deforestation regulation3, for instance, may inadver-
tently penalize farmers who have transitioned from coca cultivation to sustainable crops if
their land was previously deforested (POLITICO, 2024). Revising these legal frameworks to
recognize and reward nature-positive land-use changes is essential. By incorporating pro-
visions that account for historical land-use practices while incentivizing sustainable transi-
tions, policymakers can ensure that deforestation laws support rather than hinder efforts to
promote legal and sustainable agricultural production.

The paper contributes to two main strands of economic literature, namely the economic
literature on tropical deforestation and the literature on illicit drug markets. First, this paper
adds to the third wave of empirical economic research on tropical deforestation, which uti-
lizes high-resolution and high-frequency satellite data to monitor global land use changes
(Balboni et al., 2022). Existing literature on the drivers of tropical deforestation has focused
on several factors: political economy factors (Burgess et al., 2011; Fetzer and Marden, 2017;
Burgess et al., 2019; Asher et al., 2020; Araujo et al., 2023; Assunção et al., 2023), environ-
mental regulation (Hsiao, 2022; Souza-Rodrigues, 2019; Assunção et al., 2020; Bragança and
Dahis, 2022), conflicts (Burgess et al., 2015; Smith et al., 2015; Vargas et al., 2019; Prem et al.,
2021a), changes in values of alternative land use, such as prices of agricultural (Assunção
et al., 2015; Ferraz, 2015; Curtis et al., 2018; Pendrill et al., 2019; Berman et al., 2023; Chort

3EU Deforestation Regulation (EUDR) - Regulation (EU) 2023/1115 on deforestation-free products (Euro-
pean Commission, 2023).
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and Öktem, 2024) and mineral (Caballero Espejo et al., 2018; Girard et al., 2022) commodi-
ties, and the role of technological change (Angelsen and Kaimowitz, 1999, 2001; Tomich
et al., 2001; Abman and Carney, 2020; Szerman et al., 2022). Unlike legal crops, coca cul-
tivation represents an illegal activity and, as such, does not adhere to regulations. Coca
is not only illegal to produce but also illegal to sell, especially on international markets.
This status significantly restricts the economic policy tools available to address issues re-
lated to coca cultivation and its environmental impact. While other commodities, such as
cocoa, are produced and sold legally, allowing for the implementation of policy measures,
such as taxes, to mitigate deforestation and other environmental concerns, coca’s illegal sta-
tus necessitates alternative approaches. Furthermore, its cultivation requires remote and
difficult-to-detect locations, far from military and civil control. Lastly, the technological in-
novation has expanded the coca cultivation frontier, transforming it from a localized activity
to a non-point source of environmental degradation that now affects previously unsuitable
areas. This expansion contrasts with illegal gold mining, which remains a point source of
degradation largely concentrated in the Madre de Dios region.

Second, the literature on illegal drug markets and the effects of the war on drugs has fo-
cused on its effectiveness (Mejia and Restrepo, 2015) and the unintended consequences,
such as increased violence and trafficking (Dell, 2015), escalation of cocaine production
(Prem et al., 2021b), and displacement of coca crops to other producer countries (Mejia and
Restrepo, 2015). This paper complements the literature on the unexpected consequences of
illegal markets by providing evidence that their externalities are not limited to increased
violence (Angrist and Kugler, 2008; Mejia and Restrepo, 2013; Chimeli and Soares, 2017)
and criminal capital formation (Sviatschi, 2022). I show that Narcos’ repeated search for
new land (capital) results in environmental crimes, particularly forestry crimes. In terms
of context, the closest related paper is Sviatschi (2022). It provides evidence that higher
returns to illegal activities, in areas more prone to coca cultivation in Peru, are associated
with higher employment levels of children in coca fields. This causes children to develop
criminal capital and enter a criminal life path.

Lastly, to the best of my knowledge, this is the first paper that combines the aforemen-
tioned strands of economic literature by investigating the environmental impact of drug
production. By doing so, it speaks directly to the interdisciplinary literature on illicit drug
markets and deforestation, which originally uncovered this phenomenon. In the Geogra-
phy, Environmental, and Bioscience literatures, Dávalos et al. (2011) and Sesnie et al. (2017)
directly analyze the effects of drug cultivation and anti-drug policies on deforestation. The
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former investigates the relevant relationship at the municipality level in the department of
Choco and the Amazon forest of Colombia. The latter performs a spatio-temporal analysis
on the impact of drug trafficking on forest loss in Central America. This study contributes
to the broader scientific literature by focusing on drug cultivation (rather than drug traffick-
ing), broadening the scope of analysis (constructing a cell-level panel dataset for the entire
producer country instead of focusing solely on Biodiversity Hotspots), and, therefore, uti-
lizing reduced form econometric analysis to comprehend the marginal impact and extent
of the Narco-Deforestation phenomenon.

The remainder of the paper is organized as follows: Section 2 provides an overview of
the Peruvian Amazon forest, the coca cultivation process, regulatory framework, and rele-
vant institutional context. Section 3 details the comprehensive set of satellite, geographical,
commodity price, and suitability data utilized. Section 4 outlines the empirical approach
and discusses how endogeneity is addressed through the Bartik identification strategy. Sec-
tion 5 presents the main findings and the suggestive evidence on the technological advance-
ments and expansion of the illegal coca cultivation frontier. Finally, Section 6 concludes.

2 Institutional Context

In this section, I present the institutional context. First, I provide information on the Pe-
ruvian Amazon and its drivers of deforestation. Second, I describe the botany of coca, the
coca cultivation process, and its regulation. Lastly, I summarize the main events and effects
of the Colombian and Peruvian war on drugs.

2.1 The Peruvian Amazon and the Main Drivers of Deforestation

Peru is considered one of the most biodiverse countries in the world, with 60% of its ter-
ritory covered by the Amazon forest. Within this, 90% is primary forest, and most of the
remaining intact forest landscapes (IFLs)4 are located in Loreto, Ucayali, and Madre de
Dios (Rojas et al., 2021). Peru hosts 11% of the Amazon forest (Bardales et al., 2022), second
largest portion after Brazil, and it possesses the fourth largest area of tropical forest in the

4"Both terms [primary and IFLs] indicate a forest with no significant human disturbances in recent record.
While primary forests refer to areas of forest having reached the final stage of succession, IFLs encompass
a broader patchwork of undisturbed area. Within the boundary of an IFL you might find younger forests,
clearings and areas of rock or ice in addition to primary forests. However, these younger patches must have
been caused by natural disturbance patterns like floods or wildfire." (Ruiz, 2020)

7



world (Zelli et al., 2014). The forest not only preserves biodiversity but is also essential to
the cultural identity and social cohesion of indigenous people, as it is home to 42 of Peru’s 44
different ethnic groups (Zelli et al., 2014). Forest cover levels have been slowly but steadily
declining since 1975, with deforestation and forest degradation accounting for nearly half
of all GHG emissions in the country (Zelli et al., 2014).5 Agricultural expansion is consid-
ered the major driver of deforestation. According to Vale Costa H (2021), 56% of the forest
loss occurred in the Peruvian Amazon between 2001 and 2017 corresponds to agricultural
areas in 2018. Other causes of deforestation include population growth in forested regions,
institutional and legal weaknesses (Rosa da Conceição et al., 2015; Zelli et al., 2014), (illegal)
logging, mining, gas/oil operations, and drug production (Zelli et al., 2014).6 Young (2004a)
in Steinberg et al. (2004) estimates that about one-third of Peruvian deforestation occurs in
places where coca is grown. The authors also report that coca fields are often 0.25 to 1.0
hectares in size, leaving forest margins around the field. The perturbation of the forest edge
conditions indirectly affects surrounding forests by limiting or preventing the survival of
plant and animal species that require large tracts of undisturbed forest. Additionally, the
establishment of new fields in even more isolated places worsens forest fragmentation. Fi-
nally, "there seems to be little likelihood of ecological restoration of these deforested and
degraded landscapes" (Steinberg et al., 2004).

2.2 Coca Cultivation

Bolivia, Colombia, and Peru7 are the only countries in the world that have the optimal
conditions to grow coca8 (Sviatschi, 2022). The eastern slopes of the Andean countries and
the adjacent areas of the Amazon basin fully satisfy certain geographical and ecological
conditions (altitude, slope, and soil characteristics) required for coca growing (Henman,
1978). Coca bushes usually grow between 500 and 1500 meters above sea level, reaching a
height of 2 to 3 meters. The leaves of coca plants, which belong to the genus Erythroxylum
coca, are used to extract cocaine alkaloid for cocaine production (Mejia and Posada, 2008).

5As reported by Rosa da Conceição et al. (2015), environmental policy making in Peru, similar to the rest
of Latin America, is perceived as a low priority by Peruvian voters. It is mostly undertaken by the executive
branch of the government and, therefore, not subject to legislative processes.

6To the best of my knowledge, neither the Government of Peru nor any other reliable source reports the
share of deforestation driven by any of these factors.

7I refer to these three countries as producer countries or source countries or Andean countries.
8The biomes (i.e., type of vegetation) of the Andean regions provide ideal conditions for growing coca

and opium poppy. The lowland and montane forests (ideal biome for coca growing) form the major part of
the natural resources of Colombia, Peru, and Bolivia, accounting for between 48% and 58% of these countries’
land areas (UNODC, 2006).
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The Erythroxylum coca genus is large and may contain up to 250 species, usually growing in
the form of shrubs or small trees.9 Coca cultivation and harvesting can occur throughout
the year, but the majority of coca growth occurs from December to April. Depending on
the variety and conditions, harvesting can take place between six and nine months after
sowing. Coca is harvested between three and eight times per year. After harvesting, dried
coca leaves are first transformed into coca paste, then into coca base, and ultimately into
cocaine (Mejia and Posada, 2008).

In Peru, coca cultivation is not intrinsically illegal. Its legal production and uses are regu-
lated by the state-owned Empresa Nacional de la Coca (ENACO), which holds a monopoly
on the coca trade and manages registered coca farmers. As reported by DEVIDA (2021), in
1978, Peru enacted Legislative Decree 22095, known as the Law on the Suppression of Illicit
Drug Trafficking (Ley de Represión del Tráfico Ilícito de Drogas). This law prohibited the
cultivation of coca leaves and seedlings in new areas of the national territory, stipulating
that no additional crops could be established beyond those already existing. To regulate
the coca leaf market—particularly regarding the area and amount permitted by the state
for traditional purposes—the government established a registry of state-recognized farm-
ers, identifying them as coca leaf producers. The first transitional provision of Legislative
Decree 22095 mandated that all agricultural producers with properties dedicated to coca
cultivation must register in ENACO’s Producer Registry. This registry includes 36,464 pro-
ducers from whom ENACO can purchase coca leaves, covering a total permitted area of
22,094 hectares. Figure 1a reports DEVIDA (2021) and ENACO regional level data in a vi-
sual format. Regions shown in red indicate areas where coca cultivation may be legal, with
at least one state-recognized coca leaf producer, while regions in white, e.g. Loreto, denote
areas where coca cultivation is entirely illegal- no state-recognized producers.

9Within the family of Erythroxylaceae, four different varieties of cultivated coca can be found: Erythrox-
ylum coca var. coca (or Bolivian Coca), Erythroxylum coca var. ipadu (or Amazonian Coca), Erythroxylum
novogranatense var. novogranatense (or Colombian Coca), and Erythroxylum novogranatense var. trux-
illense (or Trujillo Coca). While the names refer to the past geographical distribution of each of the four
varieties, the current predominant species in the Andes is Bolivian coca. It represents the "master" variety
from which all others are derived and is the most traded variety in the Colombian cocaine market (Mejia and
Restrepo, 2013).
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2.3 Anti-Drug Policies and Their Effects

Colombia and Peru have alternatively been the world’s biggest producers of coca.10 Both
countries often relied on foreign aid, especially from the United States, to carry out the "war
on drugs" and, more specifically, to implement eradication policies, alternative livelihood
programs, and/or attempts to disrupt the cocaine market chain. However, the two coun-
tries have implemented substantially different strategies over the years. In the early ’90s,
Peru was the number one producer of coca in the world. The Peruvian government im-
plemented policies aimed at disrupting the cocaine manufacturing chain by targeting the
air bridge used to transport Peruvian cocaine paste to refining laboratories in Colombia.
As a direct result, coca cultivation in Peru dropped from 115,000 hectares in 1995 to 48,000
hectares in 2005 (Mejia and Posada, 2008). However, as an indirect result, coca cultivation
increased dramatically in Colombia, reaching a new historical peak. In response to these
events, since 1997, the Colombian government, in a military alliance with US Foreign As-
sistance11, has conducted an eradication program known as the Plan Colombia, aimed at
preventing national coca cultivation through aerial spraying of herbicides. The US-driven
spraying program targeted not only drug production and trafficking but also the orga-
nized criminal groups—the Fuerzas Armadas Revolucionarias de Colombia (FARC) and
the Autodefensas Unidas de Colombia (AUC)—associated with these activities (Mejia and
Restrepo, 2015). Similar to what happened a few years earlier, the drug trade displaced (dis-
placement effect or "balloon effect") to other producer countries, particularly Peru. Figure
2a shows the evolution of coca leaf prices in the Peruvian black market from the mid-1990s.
During the early 2000s, prices steadily increased. Between 2004 and 2009, Peru’s share of
coca leaf production rose from 27% to 39%, as a result of a decline in coca leaf production
in Colombia and an increase in production in Peru over the same period (UNODC, 2010).

10The two countries have very dissimilar histories regarding the crop. In Colombia, the first coca leaves
were found on the properties of the "emeralds," who became the first drug traffickers and forced Colombian
peasants to grow coca. On the other hand, in Peru, coca leaves were found much earlier, before the 19th
century. The production of coca has always been legal, either for medicinal purposes or for chewing. No
violence was exerted by cartels in their extraction (Sviatschi, 2022).

11"North America, in particular the United States, remains the main final destination of cocaine smuggled
from the Andean countries." (UNODC, 2021)
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3 Data

In this paper, I utilize information from remote sensing satellite imagery (for percent tree
cover, nightlights, and coca density) and model-based geographical raster data (for suitabil-
ity indexes) to overcome challenges arising from the lack of reliable administrative data.
Additionally, I explore a measure of coca suitability (alongside proximity to the Colombian
border) and the temporal variation in coca leaf prices. To examine the relation of interest,
geoprocessing of the raw data is initially conducted, followed by the construction of the
measures of interest at the 12km x 12km cell-year level. The study period spans from 2003
to 2019. Table 1 provides the summary statistics for the main variables included in the anal-
ysis. Forested areas and Coca cultivation cover respectively about 43 % and 0.09 % of the
country’s total land.

3.1 Main Variables

3.1.1 Percent Tree Cover

I identify forested areas using global satellite data from the Moderate Resolution Imaging
Spectroradiometer (MODIS) instrument aboard NASA’s Terra satellite. More specifically, I
utilize the MODIS/Terra Vegetation Continuous Fields (VCF) yearly product provided by
DiMiceli et al. (2016).12 VCF offers a continuous, quantitative portrayal of land surface cover
at a spatial resolution of 250 meters, with a sub-pixel depiction of percent cover in reference
to the three ground cover components (DiMiceli et al., 2016). VCF presents a significant
improvement over data sources used in previous deforestation studies. It can distinguish
forests from non-forest plantations, surpassing the limitations of the Normalized Difference
Vegetation Index (NDVI) employed by previous studies such as Foster and Rosenzweig
(2003). Moreover, the "continuous" nature of the VCF enables the capture of partial forest
loss, improving upon the binary deforestation indicators used in the Global Forest Cover
(Hansen et al., 2013). The primary VCF data layer used in this study is Percent Tree Cover,
which reports the percentage of each pixel covered by tree canopy. Tree canopy is defined as
woody vegetation higher than 5 meters. Figures 3 is a map of Peru that visually represents
the country’s Percent Tree Cover (raw-data) for the year 2000, using a grayscale color scheme.
The darker regions, indicating lower tree cover, are concentrated in the western part of Peru,
corresponding to the coastal areas and the Andean mountain range. In contrast, the lighter

12The product has been generated using a supervised machine-learning algorithm, that exploits imagery
from Landsat 5 TM, Landsat 7 ETM+, and Landsat 8 from 1998 to 2013 as training data (DiMiceli et al., 2021).
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regions, which indicate higher tree cover, are found primarily in the eastern part of the
country, where the Amazon rainforest is located.

3.1.2 Coca Suitability

I use coca suitability as the initial source of geographical variation. Due to the unavailability
of spatial data on soil suitability for coca cultivation, I rely on the coca agro-ecological index
developed by Sviatschi (2022). This index, ranging from 0 to 1 at the district/GADM3 level,
is based on time-invariant agro-ecological conditions, including precipitation, temperature,
slope, altitude, and soil characteristics. Figure 1b illustrates the geographical distribution
of this index across Peru, showing that approximately 36% of the country’s land area is
suitable to some extent for coca cultivation. The geographical distribution of licenses for
legal & traditional coca cultivation (Figure 1a) aligns closely with the areas identified by
this index.

As shown in Figure 1c, only the southern districts of Loreto region (Peru’s northern
border with Colombia) exhibit any coca suitability, and all cultivation in this region is illegal
- i.e. no state-recognized coca leaf producers. At the cell level, I define coca suitability as the
weighted average of coca suitability values of areas intersecting the cell, where the weights
correspond to the percentage of intersection.

3.1.3 Prices of Coca Leaves

Since 1990, the UNODC has been reporting average monthly prices of sun-dried coca leaves
in the Peruvian black market. The prices are collected by project staff in focal regions13

across the country. The semi-structured interviews target key informants, including farm-
ers, storekeepers, and other stakeholders involved in the illicit drug business (UNODC and
DEVIDA, 2006). These prices are available at the country level. Figure 2a and A1 report the
evolution of prices of coca leaves (in $/kg) over time, revealing a clear long-term upward
trajectory, and a shift in demand from Colombian to Peruvian coca leaves. This trend is
particularly evident from the late 1990s onward, with prices steadily increasing over the
years.

13The reporting of regional prices is not conducted systematically by UNODC. While country-average data
is available for all years considered, the same is not true for the singular regional markets.
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3.1.4 Coca Density

The United Nations Office on Drugs and Crime (UNODC), in conjunction with national
governments, gathers internationally comparable data on illegal crop cultivation through
the Global Illicit Crop Monitoring Programme (ICMP). For Peru, yearly coca cultivation
geo-data is obtained from (i.) the UNODC (for the period 2003-2017) and (ii.) its Peruvian
governmental counterpart, the Comisión Nacional para el Desarrollo y Vida sin Drogas
(DEVIDA), for the period 2018-2019. The data on coca crops is derived from the inter-
pretation and validation of satellite images from various sources. Remote sensing experts
define interpretation patterns for five different categories and stages of coca fields: young
coca field, mature coca field, harvested coca field, rehabilitated coca field, and mixed crops.
These patterns are then refined through field verification (image pre-processing), and a pre-
liminary visual interpretation is conducted using historical coca series and secondary infor-
mation from diverse sources. Identification is achieved through the use of several chromatic
compositions that highlight coca fields among other coverings. Verification over-flight fur-
ther validates the results in the territories affected by coca crops (UNODC and DEVIDA,
2006; Biesimci, 2019). In the raw data, coca density is a categorical variable ranging from
zero to five. Zero indicates the absence of coca crops, one denotes 0.1 to 1 ha of coca per km2,
two denotes 1.1 to 2 ha/km2, three denotes 2.1 to 4 ha/km2, four denotes 4.1 to 8 ha/km2,
and five denotes more than 8 ha/km2. Given the non-linearity and undercounting threat as-
sociated with this variable, I create a new coca density variable, representing the maximum
value among the aforementioned coca density intervals, and measured in ha/km2.

Figure 4 illustrates the evolution of the number of cells with coca crops. Specifically,
it focuses on the variation over time in the number of cells with a positive coca density
(CocaDensity > 0). The green markers represent values for Loreto region, while the blue
markers correspond to the rest of the country, excluding Loreto. It is notable that no coca
field was detected in Loreto prior to 2006. Between 2009 and 2010, there was a sharp rise
in the number of cells with coca cultivation. At the national level, the number of such cells
increased by approximately 60%. By the end of the study period, the number of cells with
coca fields in Loreto constituted about 40 % of the rest of the country. This temporal and
spatial variation is visually evident in in Figure 5a and Figure 5b. Figure 5a shows Percent
Tree Cover and coca crops at the baseline, while Figure 5b illustrates the distribution of coca
crops in 2019 (highlighted in red), overlaid with deforestation and reforestation gradients
in various shades of brown and green, spanning the entire analysis period. As visible in
the latter figure, there is a clear correlation between deforested areas and coca fields across
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the country — from the extreme south, near the Bolivian border, through Peru’s main illicit
coca-producing region in the Apurímac, Ene, and Mantaro River Valleys (VRAEM), to the
Loreto region in the extreme north, bordering Colombia.

This data is the most reliable source14 of information on coca cultivation. Figure 6 shows
the clear correlation between the evolution of Coca Density over time and the variation of
price of coca leaves in the Peruvian black market. Nonetheless, it has limitations due to the
complexity of monitoring this illegal activity. The undercounting of coca density is highly
plausible given the nature of the data. As stated by UNODC (2017), "under-registration
of the area with coca is likely." Geographical factors, such as precision in delimiting the
polygons identified with coca (e.g., presence of clouds in satellite images), may hinder de-
tection. Additionally, human error in interpreting satellite images and strategic behavior of
coca farmers could compromise the detection. For instance, UNODC and DEVIDA (2006)
mentions that "the decrease [in coca cultivation in Peru between 2004 and 2005] was at-
tributed to the limitation of satellite images to detect coca cultivation below tree canopy."
The Puno region, for instance, often had coca cultivation interspersed with other crops or
bushes, making detection more challenging. Coca farmers are not solely dependent on coca
cultivation but also have other crops or activities in neighboring areas, contributing to the
difficulty in identification.15

3.1.5 Nightlights

Nightlight data is included in the analysis as the best measure of economic activity available
at disaggregated level. This data is derived from yearly global satellite data at a spatial res-
olution of 30 arc-seconds (approximately 1km at the equator). Nightlights data is obtained
from Li and Zhou (2017), which uses temporally calibrated Defense Meteorological Satel-
lite Program (DMSP)/Operational Linescan System (OLS) stable nighttime light (NTL) time
series data from 1992-2013 and converted NTL time series from the VIIRS data (2014-2021).

14Illegal drug production in suspected drug-growing areas is also monitored by the US government’s
White House Office of Drug Control Policy (ONDCP). However, UNODC is considered more reliable be-
cause (i.) it collects data on coca cultivation throughout the producer countries’ entire territories, whereas
ONDCP’s data only covers a representative sample; (ii.) UNODC applies more corrections than ONDCP for
possible biases and mistakes in aerial imagery interpretation.

15Further evidence of under-reporting is provided by UNODC (2006) for Colombia’s monitoring in 2005:
"Potential small coca fields have been detected in remote areas outside the established agricultural areas of
the departments of the Orinoco and Amazon river basins. Field verification has not been carried out in these
areas because it was considered too time-consuming and too costly to verify small and isolated patches of
coca cultivation. Because of the absence of field verification, the estimate for coca cultivation in these areas
are presented as indicative and not included in the final estimate."
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3.1.6 Price Shocks to Other Commodities

For soil suitability to other agricultural commodities (coffee, cocoa, palm oil, cotton, and
sugarcane), I utilize raster data from the FAO-Global Agro-Ecological Zones (GAEZ) suit-
ability indexes at 30 arc-second resolution. The indexes are constructed based on input
levels such as climate data, soil, and crop characteristics from the period 1961-1990. Data
on gold deposits is obtained from the US Geological Survey’s Mineral Resource Database.

Prices for other commodities are collected from various sources. National data on cocoa
and coffee prices is obtained from the Ministry of Agricultural Development and Irrigation
(Ministerio de Desarrollo Agrario y Riego - MIDAGRI), which provides information on
the evolution of the average monetary value received by agricultural producers (Precio en
Chacra). National gold price data is downloaded from the Central Reserve Bank of Peru
(Banco Central de Reserva del Perú - BCRP) and reflects export prices. To the best of my
knowledge, price data for other commodities (cotton, sugar, and palm oil) is not available
at national level for the entire period of interest. Thus, international prices are sourced
from the World Bank’s Global Economic Monitor. All prices are expressed in $/kg. Figure
2b llustrates the indexed evolution (2003 = 100) of coca prices together with the relevant
commodities.

3.1.7 Administrative Areas

Administrative areas of Peru are sourced from the Database of Global Administrative Areas
(GADM, 2021), version 3.6. Peru consists of 26 regions (GADM1 level administrative units),
with Loreto being the largest and bordering Colombia, Brazil, and Ecuador. The lowest
administrative level available for Peru is GADM3, corresponding to districts. District size
varies across the country, with smaller districts situated along the mountain regions on the
west side of the country. Figure 1c illustrates the administrative levels considered in the
model.

3.2 Other Geographical and Time Level Variables

3.2.1 Cultivation density data for other crops

Cultivation density data for other crops (cocoa, coffee, cotton, and sugarcane) is obtained
from MINAGRI and covers the period 2015–2019, available at the monthly and district lev-
els. This data, reported in hectares, is converted to hectares per square kilometer (ha/km2)
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for consistency with other variables. This data originates from the National Agricultural
Survey (ENA) under the PIADER project, which combines probabilistic sampling and cen-
sus data to create a comprehensive sampling framework for agricultural activities across the
country. The framework was initially constructed using 2012 RapidEye satellite images to
map land cover and agricultural area, later updated with 2018 Sentinel-2 images for greater
accuracy (DIRECCIÓN GENERAL DE ESTADÍSTICA, SEGUIMIENTO Y EVALUACIÓN
DE POLÍTICAS, 2021). Although limited in time span and relatively aggregated, to the best
of my knowledge, this represents the best available source of cultivation data in Peru.

3.2.2 International Coca and Cocaine Market

International prices for cocaine are sourced from UNODC. The data includes street prices
of cocaine in the United States (USD per gram), later converted to USD per kilogram ($/kg)
for consistency. To the best of my knowledge, international prices for coca leaves are not
publicly available. Quantification of the hectares of coca crops existing in Colombia as of
December 31 of each year is obtained from the Government of Colombia.

4 Empirical Strategy

To examine how illegal market forces drive environmental degradation, I exploit cell-level
variation in the economic value of potential coca cultivation induced by fluctuations in
Peruvian black-market prices. Using two primary sources of cross-sectional variation, I
construct two distinct measures of Price Shocks for coca, both relying on time variation
in coca leaf prices. Specifically, each potential instrumental variable combines a source of
geographic variation in coca-growing areas—Coca Suitability (Coca Suitabilityc) or Prox-
imity to the Colombian border (Proximity to borderc)—with Standardised Coca Pricet−1,
the lagged yearly national price of coca leaves in the Peruvian black market. Both empir-
ical strategies can be interpreted as a shift–share, or Bartik (1991), instrument, in which I
interact a cell-level measure of exposure to coca ("share") with the price of coca leaves in
the Peruvian black market ("shift"). This approach is widely used in the literature on com-
modity shocks (Dube and Vargas, 2013; Sviatschi, 2022) and their effects on deforestation
(Assunção et al., 2015; Girard et al., 2022; Berman et al., 2023).16 To ensure comparability of

16To determine the extent to which the price of a relevant commodity (e.g., cattle, soybeans, palm oil) affects
demand in a specific location, the (inter)national time series of the price is interacted with a cross-sectional
measure of exposure (Balboni et al., 2022).
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estimates, Price Shocks for coca and other commodities are defined such that: (i.) commod-
ity suitability indexes are defined between 0 and 1; (ii.) prices are standardised (std), and
(iii.) lagged to account for time delays. The use of lagged prices reflects the time it may take
for coca farmers and traffickers to react to changes in prices.

4.1 Econometric Specification using Coca Suitability

4.1.1 Economic Incentives

Figure 1b illustrates the agro-ecological coca suitability index proposed by Sviatschi (2022).
Starting from the district-level data, I define the time-invariant coca suitability of cell c

(Coca Suitabilityc) as the weighted average of coca suitability values for areas that inter-
sect the cell, where the weights are given by the percentage of intersection. The Price Shock
to coca Z1,c,t−1 is defined as:

Z1,c,t−1 = Coca Suitabilityc × Std Coca Pricet−1

To study how variation in incentives to grow coca affects deforestation, I estimate a
two-way fixed-effects reduced-form model. The outcome Yc,t is either Coca Densityc,t (first-
stage) or Perc Tree Coverc,t (reduced-form), where Coca Densityc,t denotes actual coca
density in cell c and year t, and Perc Tree Coverc,t denotes the percentage of each cell
covered by tree canopy in year t. To analyze the marginal effect of an increase in coca
density of 1 ha/km2, I construct a transformed coca density variable. To alleviate under-
counting concerns related to data construction, this variable is defined as the maximum
value of the original Coca Density data within each category. The resulting categorical
variable takes values from 0 to 8 (ha/km2): it is equal to zero in the absence of coca crops;
one denotes from 0.1 to 1 ha of coca per km2; two denotes from 1.1 to 2 ha/km2; four denotes
from 2.1 to 4 ha/km2; and eight denotes from 4.1 to 8 ha/km2.17 The empirical specification
is:

Yc,t = β0 + β1Z1,c,t−1 + β2Xc,t + αc + αt + ϵc,t (1)

where c represents the 12 km × 12 km cell and t denotes the year. Yc,t is the outcome of
interest—either actual coca crops observed or forest cover levels—both defined as measures

17Observations with more than 8 ha/km2 of coca density are dropped, as they represent about 0.02% of the
sample.
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of density over [0, 100]. The preferred specification includes cell fixed effects αc, year fixed
effects αt, and a vector of controls for average nightlights and price shocks to other relevant
commodities Xc,t. All reported standard errors are heteroskedasticity-robust and clustered
at the district level18 to account for correlation over time within districts. The strategy is akin
to a difference-in-differences design, comparing areas more suitable for coca cultivation
to areas less suitable in years following high coca prices versus years following low coca
prices. In other words, I analyze the magnitude of coca-driven deforestation by exploiting
heterogeneous effects of prices, assuming that, in the absence of an increase in the returns
to cultivating coca, suitable and unsuitable areas would have experienced the same level of
deforestation.

4.1.2 The role of coca cultivation

Variations in coca prices affect deforestation levels by changing the incentives to cultivate
coca. In the following OLS model, Price Shocks to coca serve as an instrumental variable
for actual observed Coca Density:

Perc Tree Coverc,t = β0 + β1Coca Densityc,t + β2Xc,t + αc + αt + ϵc,t (2)

Both the dependent and independent variables are defined as measures of percentage
or density, potentially within the range [0, 100].

4.2 Proximity to the Colombian Border and Technological Revolution

Figure 1b shows that most of the Loreto region is unsuitable for coca cultivation. As ex-
plained in Section 2, coca plants require specific geographical conditions, particularly an
altitude between 500 and 1500 meters. The Andean hills represent the ideal biome for grow-
ing coca, whereas the Loreto region19, which was 98% covered by natural forest as of 2000
(Global Forest Watch, 2023), is not considered suitable. Moreover, coca cultivation in Loreto
is entirely illegal (shown in white in Figure 1a), as the state does not recognize any coca leaf
producers in the region. However, Figures 4 and 5b reveal that this bordering region has
become an important coca cultivation area.

The border between Peru, Brazil, and Colombia, known as the Triple Frontier or Amazon
Trapeze, has traditionally served as a transit zone in the global cocaine trade. Over the last

18Peruvian districts are demarcated with blue lines in Figure 1c.
19The region is highlighted in green in Figure 1c.
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few decades, it has evolved from a trafficking enclave to an emerging site of coca cultiva-
tion and cocaine production (López and Tuesta, 2015). According to anecdotal evidence,
coca cultivation in this region has been made possible by a technological innovation that
artificially creates the ecological conditions required to grow the crop.20 The use of agro-
chemicals21—in their maximum possible doses (UNODC, 2009)—allows not only higher
leaf yields (and, therefore, potential cocaine hydrochloride production) but also the expan-
sion of the coca cultivation frontier into new areas (UNODC, 2010). The greater use of
chemical inputs (fertilizers, insecticides, etc.), leading to yield increases, makes extensive
production systems more profitable, providing the economic rationale for forest clearing in
previously inaccessible areas (Angelsen and Kaimowitz, 2001).

The growth and expansion of Loreto’s “Narco-Infrastructure” (Silverstein, 2021) is shaped
by geography, with a “tangle of forests and rivers creating a web of opportunities for clan-
destine transit” (López and Tuesta, 2015). The Amazon River serves as (i.) a direct connec-
tion to Brazil and (ii.) a “door” to the European and African markets through the Atlantic
Ocean. Additionally, cocaleros in Loreto are only hours away by river from Peruvian cities
and institutions. Furthermore, the narco-infrastructure knows no borders and “supports
the balloon effect of failed counter-narcotics policy” (Silverstein, 2021), allowing for the dis-

20“The technological improvement of cultivation and the handling of large volumes of agrochemicals
causes severe and irremediable problems for the environment. For many years, Sevín was one of the products
most frequently used in coca cultivation. This product has currently been replaced by others much more toxic
and highly polluting such as Cypermec, Monitor, Caporal, Benomil, Faramate, Tamarón, Thiodan, Antracol,
among many others, whose use has been restricted and/or prohibited in other countries, essentially due to
the great damage they cause to the environment.” (UNODC, 2009)

21Similarities are found with the methodologies used in the non-traditional yet extractive cultivation of
coca in Colombia, implying that the technological improvement might have been imported by Colombian
Narcos. “In Colombia, coca farmers do not use traditional cultivation methods as in parts of Peru and Bolivia,
as coca cultivation is mostly for cocaine production. Coca growers are frequently people displaced from other
areas, with no knowledge of local and traditional agricultural activities. Their main goal is to maximize the
harvest rather than to maintain long-term soil productivity.” (UNODC, 2006)
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placement22 of Colombian Narcos targeted by anti-drug policies.23

The cultivation, implementation, chemical handling, and processing of leaves [in Putumayo and
Bajo Amazonas] continue to be given under the "Colombian" modality; that is, the police

interventions have not found either "drying places" nor maceration ponds in coca farms, as is
typical in the rest of the country [of Peru]. (UNODC and DEVIDA, 2016)

To capture this source of geographic variation, the second definition of Price Shock to
coca, Z2,c,t−1, exploits Proximity to the Colombian border (measured in 100 km units, 0 at
the border, negative further away), shown as the red line in Figure 1c.

Z2,c,t−1 = Proximity to borderc × Std Coca Pricet−1

In analogy with equation (1), a baseline border-based specification relates outcomes to
this price shock as follows:

Yc,t = γ0 + γ1Z2,c,t−1 + γ2Xc,t + αc + αt + υc,t. (3)

In this context, technological change permits cultivation of the crop regardless of soil char-
acteristics. Colombian traffickers and farmers can relocate just across the border and exploit
the returns to higher prices while escaping national anti-drug policies. Thus, the empir-
ical strategy mirrors equation (1), exploiting the differential impact of price variation by
comparing Coca Density and Perc Tree Cover in areas closer to the border with areas
farther from Colombia. In the empirical analysis, I combine this joint inclusion of Z1,c,t−1

and Z2,c,t−1 with the full set of shift–share shocks for legal crops and gold. Lastly, I interact

22“Coca cultivation has continued to spread in the country [of Peru], with the northern border seeing
the most pronounced increase in the final years of the previous decade. This is a complicated area for a
number of reasons, including allegations that Colombians have moved into the zone to cultivate coca. The
Peruvian government suspects that members of the Revolutionary Armed Forces of Colombia (FARC) rebels
who have not demobilized are also taking advantage of the remote area.” (Grisaffi, 2020)

23Silverstein (2021) on the narco-partnership between Amazonian Colombia and Loreto: “Antinarcotics
operations in the region targeted air traffic, with the authorization to shoot down planes for suspicion of
narco-involvement. In the wake of these drug war policies, and in conjunction with glyphosate-spraying coca
eradication campaigns in Colombia, the province of Ramón Castilla (Peru) was reinvented as a coca-growing
zone. Thus, Mishkiyacu’s participation in illicit coca cultivation is relatively new; people estimated that they
began growing coca somewhere in the early 2000s. Around this time, representatives from drug trafficking
organizations arrived in Mishkiyacu, as well as surrounding communities, seeking to establish new spaces to
house both coca plants and maceration operations. They did not arrive as strangers. Rather, they drew on
historical ties to rural communities with whom they, or their associates, had partnered to help facilitate the
transfer of PBC for the past several decades.”
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both suitability-based price shocks and border-based price shocks with a post-technology
indicator. to investigate time-heterogeneous effects.

4.2.1 Share endogeneity and the exogenous-shares perspective

I interpret the empirical design as a shift–share strategy in which the “shares” are fixed
geographic characteristics and the “shift” is the national coca leaf price. Formally, the price
shocks Z1,ct−1 and Z2,ct−1 combine cell-level exposure (coca suitability or proximity to the
Colombian border) with a common time shock to coca profitability. Following Borusyak
et al. (2025), this places the identifying assumption in the exogenous-shares class rather than
the “many exogenous shifts” class: conditional on controls and fixed effects, units with
different shares are assumed to follow similar counterfactual trends in forest cover in the
absence of changes in coca profitability.

In this framework, the shares are explicitly tailored to coca. The coca suitability index
is an agro-ecological measure that captures the biophysical feasibility of coca cultivation
in each grid cell; it is time-invariant and is not intended to proxy general agricultural pro-
ductivity or generic forest-frontier potential. Proximity to the Colombian border captures
differential access to cross-border narco-infrastructure and to the “Colombian” cultivation
technology, rather than generic market access or suitability for legal crops. This tailoring is
in line with the guidance in Borusyak et al. (2025), who stress that shares closely tied to the
treatment mechanism are more credible than broad composition measures.

A natural concern is that coca-suitable or border-proximate areas may exhibit different
underlying trends in forest cover, or may be exposed to other shocks that load on the same
shares. A key limitation of this setting is that there is no clean pre-treatment period with-
out coca: coca cultivation and coca-related deforestation pre-date the availability of coca
data, and the tree-cover series start in 2000. This is consistent with historical evidence that
coca-driven deforestation is already underway at the beginning of the sample, so standard
pre-trend tests necessarily reflect a mixture of structural differences and pre-existing coca
dynamics.

Given this limitation, I interpret identification as resting on an exogenous-shares as-
sumption that holds conditional on the included controls and fixed effects. All specifica-
tions include cell and year fixed effects, which absorb time-invariant geographic hetero-
geneity and aggregate shocks. To address the possibility that other markets might load
on similar geography, I further include a full set of shift–share price shocks for legal crops
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and gold—constructed by interacting their prices with their own suitability (or deposit)
shares—whenever I use coca suitability as the share, and an analogous set of border-based
price shocks when I use proximity to the Colombian border. As shown in the results sec-
tion, conditioning on this vector of other commodity shocks leaves the estimated coca effect
unchanged, and in the border-based design the coca price shock interacted with border
proximity is quantitatively important while analogous shocks for other commodities are
small and statistically insignificant. Under the maintained assumption that, conditional on
these controls and fixed effects, the residual variation in the coca shift–share is orthogonal to
other unobserved forces correlated with coca suitability and border proximity, the estimated
coefficients can be interpreted as the incremental effect of changes in coca profitability on
deforestation.

5 Results

5.1 Main Results

Table 2 presents the main results of this paper and shows that an increase in coca prices is
associated with reductions in tree cover. In Column 1, I report the estimated coefficients
of the baseline specification (equation 1). A one-standard-deviation increase in coca prices
leads, on average, to a 1.7 percentage point reduction in tree cover, equivalent to a 4% de-
crease relative to the average Percent Tree Cover. This finding is consistent with arguments
by Young (2004a) and with the spatial correlation in Figure 5b, both of which show concen-
trated deforestation in coca-growing areas. Column 2 includes nightlight data as a proxy
for economic activity; the results remain robust.

5.1.1 Other commodities shocks

Exclusion restrictions could be violated if there are other commodities whose production is
closely linked to coca cultivation and, in turn, contributes to deforestation. These commodi-
ties should meet two conditions: (i) they are geographically concentrated in areas prone
to coca cultivation, and (ii) their price trends are correlated with coca leaf prices. Conse-
quently, price shocks to these commodities could introduce confounding variation.

I address these concerns by including controls for price shocks to other key commodi-
ties, using national-level data for the most relevant commodities, e.g., cocoa, coffee, and
gold, while data for other important commodities, e.g., palm oil, cotton, and sugar cane,
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are only available at the international level.24 For each crop, the price shock is defined anal-
ogously to Price Shocks to coca, as the interaction between the soil suitability index and the
standardised lagged price. For gold, the geographical prediction is derived from the share
of mineral gold deposits per cell in the 1970s. Column 3 of Table 2 shows that the estimate
for coca remains robust with the inclusion of price shocks to these commodities.

5.1.2 Back-of-the-envelope calculation

My findings show that the 40% increase in coca prices observed during the study period
led to an estimated loss of 6,450 km2 of tree cover. To estimate the share of deforestation
attributable to coca cultivation, I perform a back-of-the-envelope calculation. A 30% in-
crease in coca prices, such as that observed between 2013 and 2014, in cells that are at least
partially suitable (accounting for 36.5% of the country) is estimated to have contributed ap-
proximately 18% of the total tree cover loss that occurred in Peru in 2014—the year that
witnessed the highest tree cover loss over the time horizon considered (37,000 km2, repre-
senting a 6% decrease compared to 2013). To calculate this share, I multiply the predicted
narco-deforestation estimate (derived from the results of Column 2, Table A1) by the in-
crease in coca price (+1$/kg) observed between 2013 and 2014, the proportion of suitable
areas, and the tree cover area in 2013.

Given the available data, it is not possible to disentangle, within a given cell-year, the
share of tree cover loss that corresponds to intact or primary forest from the share that
corresponds to reforested areas with woody vegetation taller than 5 meters (e.g., palm oil).
As a result, I cannot accurately determine the extent of intact or primary forest loss from
year to year. These limitations prevent a precise quantification of the overall share of coca-
driven deforestation over the entire period under consideration.

5.1.3 The effects of coca density

Changes in coca prices affect deforestation rates through changes in the incentives to grow
coca. Columns 4–7 of Table 2 complement the analysis by incorporating data on Coca

24As explained in Section 2.1, anecdotal evidence suggests that agricultural expansion to forested areas
and illegal gold mining are important drivers of deforestation in the Peruvian Amazon. The choice of relevant
commodities aligns with the existing economic literature on coca cultivation: coffee and gold (Sviatschi, 2022),
and cocoa, palm oil, and sugar cane (Mejia and Restrepo, 2013). According to data from MIDAGRI (Ministerio
de Agricultura y Riego, 2019), in 2018, the relevant crops represented the following shares of the total Peruvian
cultivated area (leading permanent and semi-permanent crops): coffee 33%, cocoa 12%, palm oil trees 5%,
sugar cane 6%, and cotton 1%.
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Density and presenting results using Ordinary Least Squares (OLS), First-Stage (FS), and
Two-Stage Least Squares (2SLS) methods. Column 4 re-establishes the negative correla-
tion between coca cultivation and tree cover visible in Figure 5b. Column 5 reports that a
one-standard-deviation increase in coca prices is associated with a statistically significant
increase in Coca Density of about 74% relative to its average value. In turn, a marginal in-
crease in Coca Density corresponds to an average reduction in tree cover of approximately
24 percentage points (Column 6), and this relationship remains robust when controlling
for price shocks in other commodities (Column 7). However, as explained in Sections 3.1.4
and 4, the 2SLS estimates may appear large, both in absolute terms and relative to the OLS
estimates in Column 4, because of an unmeasured undercount in coca density.

5.1.4 Robustness

Table A2 addresses endogeneity concerns related to the shift component of the design, i.e.,
the national coca price, arising from supply-side dynamics. For comparability, Column 1
of Table A2 again reports the coefficients for the environmental effect of Price Shocks to
coca and other relevant commodities (Column 3 of Table 2). One concern is reverse causality:
deforestation may affect coca prices rather than the other way around. If producers expand
coca cultivation and clear forest, the resulting increase in supply could depress coca prices.
In that case, contemporaneous movements in prices and deforestation would partly reflect
this feedback, complicating the interpretation of the reduced-form relationship between
coca price shocks and tree-cover loss. More generally, coca prices and deforestation may
be jointly determined: higher prices raise incentives to expand coca and clear forest, while
changes in supply conditions induced by deforestation can feed back into prices.

To mitigate these supply-side concerns about the shift, Columns 2 and 3 of Table A2
replace the national coca leaf price with two external proxies for coca profitability: inter-
national cocaine prices (U.S. retail prices) and reductions in coca cultivation in Colombia.
These proxies are plausibly exogenous to local deforestation in Peru but still affect the prof-
itability of Peruvian coca through international markets. Figure A1 shows that these exter-
nal series are empirically relevant for Peruvian coca prices. The Peruvian coca leaf price
co-moves positively with U.S. retail cocaine prices, while it is strongly negatively correlated
with coca cultivation in Colombia, especially after 2007. This pattern is consistent with the
idea that reductions in Colombian supply shift demand towards Peruvian producers and
increase farm-gate coca prices.
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As expected, because these proxies are noisier measures of local coca profitability, the
point estimates are smaller in magnitude; however, the results are qualitatively unchanged.
This evidence complements the exogenous-shares discussion in Section 4: while that sec-
tion focuses on the exogeneity of the shares (coca suitability and border proximity), Table
A2 shows that the main findings are robust to using plausibly exogenous shifts in coca prof-
itability instead of domestic coca prices.

5.2 Technological Revolution

The results above show that coca market forces play a central role in driving local deforesta-
tion in the Peruvian Amazon rainforest. These aggregate patterns, however, mask spatial
heterogeneity. As discussed in Section 4.2, the northern region of Loreto plays a distinctive
role in the coca economy of the broader area.

Table 3 documents this spatial heterogeneity using a specification that includes both the
suitability-based and the border-based price shocks and allows their coefficients to differ
between Loreto and the rest of Peru. Column 1 shows that outside Loreto, coca suitability
is the dominant predictor of coca density: the coefficient on the suitability-based price shock
is large and precisely estimated, while the border-based shock is small and not statistically
related to coca outcomes. In contrast, within Loreto (Column 2) the pattern reverses. Coca
density responds strongly to price shocks interacted with proximity to the Colombian bor-
der, whereas the suitability-based shock becomes weakly correlated with coca cultivation.
This pattern is consistent with the idea that, in this strategic frontier region, the relevant
margin of adjustment is not agronomic suitability per se—more prevalent in the south of
Loreto (see Figure 1b)—but rather access to the border and trafficking routes. In the context
of coca cultivation, producers therefore face a location-choice problem in which they trade
off agronomic productivity against market access. Before 2006, coca cultivation was con-
strained to high-suitability areas and the marginal return to clearing forest in remote, low-
suitability border cells was low. The introduction of agro-chemical inputs around 2006 can
be interpreted as a technological change that relaxes this constraint: it lowers the marginal
cost of cultivating coca in non-suitable areas and increases the relative profitability of re-
mote cells with good access to the border, thus potentially reshaping where coca-related
deforestation occurs.

Building on this evidence, Table 4 investigates how the 2006 technological revolution
reshaped the relative importance of the two geographic channels. All columns estimate
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variants of equation 1 that include both exposure measures to national coca price shocks:
a suitability-based price shock, Suiti × Pt, and a border-based price shock, Borderi × Pt.
Columns 1–3 pool the entire 2003–2019 period, while Columns 4–5 and 6–7 allow the coef-
ficients on the suitability-based and border-based shocks, respectively, to differ before and
after 2006 by interacting them with the post-technology indicator.

Columns 1 and 2 replicate, with the inclusion of the border-based price shock, the first-
stage and reduced-form estimates that use coca suitability as the source of cross-sectional
variation in exposure (Columns 5 and 2 of Table 2). The suitability-based price shock re-
mains the main driver of coca outcomes: a one-standard-deviation increase in the price
shock raises coca density (Column 1) and reduces Percent Tree Cover by about 1.9 percent-
age points, or 4.4 percent of its mean value (Column 2). Importantly, the border-based price
shock also has a statistically significant but much smaller association with coca density and
forest loss. Column 3 introduces an interaction between the border-based price shock and
an indicator for Loreto; the coefficient shows that, in Loreto, the effect of border-based price
shocks on tree-cover loss is roughly three times larger than in the rest of the country, con-
sistent with the descriptive patterns in Figure 5b.

Columns 4 and 5 turn to the role of technological change in the suitability channel. The
specification interacts the suitability-based price shock with an indicator for the post-2006
period, while still conditioning on the border-based shock. The first-stage estimates in
Column 4 show that the sensitivity of coca density to suitability-based price shocks is un-
changed by the technological shift: the pre-2006 coefficient is 0.089 and the post-2006 differ-
ential is economically negligible and statistically indistinguishable from zero. In contrast,
the reduced-form estimates for Percent Tree Cover in Column 5 reveal a large change in
how deforestation responds to suitability-based price shocks. Before 2006, a one-standard-
deviation increase in the suitability-based shock reduces tree cover by 7.7 percentage points,
corresponding to about 17.7 % of the mean tree-cover level; after 2006, the implied effect
falls to roughly 3.8 % of the mean. Taken together, Columns 4 and 5 indicate that price
shocks in suitable areas continue to translate into higher coca density, but each additional
unit of price increase is associated with substantially less forest loss. This points to a shift
from extensive to more intensive production systems in traditional coca-growing zones.

Columns 6 and 7 then focus on the border channel, allowing the coefficient on the
border-based price shock to change after 2006, while controlling for the suitability-based
shock. Before the technological change, the border-based price shock has essentially no
effect on coca density (Column 6) and is associated with a small increase in tree cover (Col-
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umn 7). I do not attach a structural interpretation to this positive pre-2006 coefficient: con-
ditional on suitability-based price shocks and other commodity shocks, cells closer to the
border experience slightly weaker deforestation pressure than more distant cells when the
coca price increases, likely reflecting other land-use dynamics. After 2006, however, the
coefficient on the border-based price shock becomes positive and statistically significant
for coca density and turns negative for tree cover. The interaction term in Column 7 im-
plies that the effect on tree cover switches to significantly negative after the technological
shift. In other words, only after the technological revolution do price shocks transmitted
through border proximity become a strong predictor of both coca cultivation and forest
loss. This pattern supports the interpretation that the adoption of agro-chemicals made
previously marginal, low-suitability border areas profitable for coca, thereby shifting the
locus of narco-deforestation towards the Colombian border.

5.2.1 Coca vs other commodities

Table 5 presents elasticity estimates across different commodities. Column 1 highlights the
impact of price shocks in areas suitable for each specific crop, showing that the elasticity
estimate for coca aligns closely with that of cocoa, which is known to be one of the main
drivers of deforestation (Vale Costa H, 2021; Earthsight, 2016). The coefficients of coca and
cocoa are not statistically different from each other.25 Additionally, as expected, price shocks
to gold are associated with tree cover loss. However, this estimate is not statistically signif-
icant, likely because deforestation driven by gold mining is highly localized. A positive
estimate is found for palm oil, which is consistent with Percent Tree Cover satellite images
capturing woody vegetation higher than 5 meters.

A clearer difference between coca and other commodities appears when examining ge-
ographic variation based on proximity to the border. Cultivation in those border areas is
highly sensitive to prices, and this is true only for coca. Only coffee and sugar cane show
a negative environmental impact, though these estimates are statistically insignificant. For
other commodities, effects on the environment are positive but not significant, with gold as
the exception, showing positive and significant effects, possibly due to the concentration of
gold mining activity in the southern area of Madre de Dios. This pattern connects directly to
the exogenous-shares discussion: the same border share that strongly amplifies coca price
shocks does not systematically transmit price shocks to other commodities, reinforcing the

25The lincom test (linear combination of coefficients) returns a P-value of about 0.8.
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interpretation that border proximity mediates coca-specific rather than generic agricultural
or mining forces.

These border areas are characterized by higher tree density than coca-suitable areas: as
reported in Table 5, at baseline, the average tree cover in Loreto exceeds that in coca-suitable
areas by more than 20 percentage points. This finding supports the argument that coca’s il-
legal status drives its cultivation into remote, densely forested areas, making it an outlier in
terms of environmental impact. Figure 7 illustrates this by depicting the cumulative distri-
bution functions of baseline tree cover levels (PTC2003) and changes in tree cover from 2003
to 2019 (PTC2019−2003), conditional on: (i.) the presence of coca and absence of other crops
(in red), and (ii.) the presence of other crops and absence of coca (in purple). Figure 7a indi-
cates that areas with coca have, on average, higher levels of tree cover than areas with other
crops. Additionally, Figure 7b displays the distribution of changes in tree cover between
2003 and 2019 across locations associated with different crop types. For coca-growing ar-
eas, tree cover decreases in approximately 70% of locations, as evidenced by the red line’s
dominance on the left (negative) side of the distribution. In contrast, for locations associated
with other crops, tree cover decreases in only 30% of cases, with the majority showing pos-
itive values, indicating an increase in tree cover. Together, these figures demonstrate that
coca cultivation first-order stochastically dominates other crops, both in terms of presence
in densely forested areas and in terms of deforestation impact (Figure 7b).

6 Conclusion

World’s forests, and in particular, tropical rainforests have a key role in the fight against
climate change. As explained by Brown (1996), they can either provide a carbon sink, ab-
sorbing carbon through photosynthesis and respiration, or a carbon source – releasing into
the air the carbon previously stored. Increasing evidence from Geography and Environ-
mental studies experts indicates that criminal activities associated with drug production
and trafficking are among the main drivers of forest loss in the entire American continent.
While extensive research examines environmental externalities in legal markets, the impact
of market dynamics within illegal markets — such as those influencing coca cultivation —
remains largely unexamined. Regarding the narco-deforestation phenomenon specifically,
satellite remote sensing has enabled scientific studies to emerge; however, research quanti-
fying its scale and significance remains limited.

I contribute to the interdisciplinary literature by investigating this phenomenon in Peru.
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I construct a novel panel dataset spanning from 2003 to 2019, gathering and processing
high-resolution yearly satellite images and model-based geographical raster data at a spa-
tial resolution of 12km x 12km. The results are relevant both from an economic and policy
point of view. Leveraging geographic variation in coca-growing areas and yearly fluctua-
tions in coca prices in the Peruvian black market, I demonstrate that variation in the return
to cultivate coca lead to deforestation of the Peruvian Amazon Forest. I show that the 40%
increase in coca prices observed during the study period led to a loss of more than 6,450
km2 of tree cover - equivalent to more than eight times the land area of New York City.
Furthermore, consistent with anecdotal evidence, I find spatially heterogeneous effects and
suggestive evidence of the technical change which involved the widespread use of toxic
and highly polluting agrochemicals. This shift has expanded the illegal coca cultivation
frontier to previously unsuitable strategic locations. The illegal nature of coca production
pushes cultivation into isolated forested areas, where it dominates other crops in terms of
both prevalence and environmental impact.
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7 Figures

Figure 1: Geographical Variation
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Notes: Panel a reports DEVIDA (2021) and ENACO regional level data. It shows in red the regions where coca cultivation might be legal - there is at least one state-recognised coca

leaf producers, while in white regions where coca leaf cultivation is entirely illegal (no state-recognised coca leaf producers). Panel b shows geographical variation of Sviatschi

(2022)’s coca suitability index at district level. In white non-suitable areas. Panel c maps the administrative levels used in the empirical analysis: in gray the layer of Peruvian

districts (GADM3); in blue the layer of Peruvian regions (GADM1). Lastly, in green the region of Loreto and in red the border between Peru and Colombia. See Section 3 for a

full description of the data sources.
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Figure 2: Coca Leaf Prices in Peru
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(b) Coca vs other commodities
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Notes: Panel a shows the evolution of average yearly prices of sun-dried coca leaf in the Peruvian black market, from 1994 to 2019. Prices are in $/kg. The black dashed vertical

line represents the beginning of the period of analysis. Panel b reports the indexed evolution (2003 = 100) of coca prices in comparison with other commodities (e.g. cocoa, coffee,

gold, cotton, palm oil and sugarcane). See Section 3 for a full description of the data sources.
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Figure 3: Tree Cover - MODIS/Terra VCF

Legend
Percent Tree Cover - 2000 ([0,100], Water=200)
Value
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Notes: Panel a provides a visual representation of MODIS VCF satellite data for Peru (year 2000). Please zoom in for a more detailed visualization. See Section 3 for a full

description of the data sources.
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Figure 4: Summary Statistics
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Notes: This Figure shows how coca crops expanded over time. It reports the evolution for the region of Loreto (green line) and the rest of Peru (blue line – i.e. without considering

the northern region at the border to Colombia), together with the time series of standardised lagged prices of coca leaf in the Peruvian black market. In particular, for each

geographical area, it shows variation over time of the number of cells with coca fields. The gray vertical line (Year 2006) highlights when coca first appeared in Loreto. See

Section 3 for a full description of the data sources and concerns related to undercount in Coca Density.
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Figure 5: Tree Cover and Coca Density

(a) Baseline Map

Legend
Coca (Density > 0) - 2003
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(b) Endline Map

Legend
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Δ PTC_c,2019-3 = PTC_c,2019 - PTC_c,2003
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Notes: Panel a provides the Baseline Map, showing the location of (i.) 2003 coca crops in red (first available year) and (ii.) Percent Tree Cover as of year 2000 (geo-processing of

Figure 3). Panel b provides the Endline Map, showing the location of (i.) 2019 coca crops in red (last available year), (ii.) deforestation/reforestation occurred between 2003 and

2019 (percentile distribution of ∆PTCc,2019−03), and (iii.) the region of Loreto (contoured in green). Please zoom in for a more detailed visualization. See Section 3 for a full

description of the data sources and concerns related to undercount in Coca Density.
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Figure 6: Coca Density Variation

Notes: The Figure shows the evolution of Coca Density over time in (i.) suitable areas (green line) and (ii.) proximity to the Colombian border (orange line), estimating, for each
geographic source of variation, the following equation:

Coca Densityc,t = γ0 +

2019∑
t=2003

γ1t(αt ×Geo Sourcec) + γ2Xc,t + αc + αt + νc,t

2003 is the reference year. The dashed red line indicates the evolution of standardised lagged coca leaf prices in Peru. Regressions include the full set of fixed effects and

nightlights. Standard errors clustered at district level. See Section 3 for a full description of the data sources and concerns related to undercount in Coca Density.
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Figure 7: Coca vs other crops
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(b) Change in Tree Cover
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Notes: Panel a illustrates the distribution of tree coverage in 2003, conditional on the (i.) presence of coca and absence of any other crop (in red) and (ii.) presence of other crops

and absence of coca (in purple). Panel b reports the cumulative distribution function plot which compares 2019 coca presence (in red) and 2019 other crops presence (in purple)

in terms of overall deforestation patterns. See Section 3 for a full description of the data sources and concerns related to undercount in Coca Density.
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8 Tables

Table 1: Summary Statistics

Obs. Mean Std. Dev Min Max
Main Variables

Avg Percent Tree cover [0,100] 161616 43.49 32.80 0.00 85.34
Coca Density 162923 0.09 0.54 0.00 8.00
Prox to border (100 km) 162962 -7.65 3.94 -15.92 0.00
Prox to river (5km) 162962 -4.20 7.09 -39.34 0.00
coca suit 162962 0.07 0.13 0.00 1.00
Std Coca Pricet−1 162962 0.00 1.00 -1.82 1.87
Avg Nightlights 162273 0.94 3.50 0.00 63.00

Other Commodities
coffee suit 161653 0.23 0.23 0.00 0.88
cocoa suit 161653 0.21 0.23 0.00 0.73
palm oil suit 161653 0.24 0.28 0.00 0.84
cotton suit 161653 0.03 0.06 0.00 0.53
sugar suit 161653 0.21 0.22 0.00 0.77
Share of gold deposits (MRDS) 162962 0.00 0.02 0.00 1.00
Std coffee Pricet−1 162962 0.13 0.97 -1.71 2.37
Std cocoa Pricet−1 162962 0.21 0.85 -1.10 1.94
Std gold Pricet−1 162962 0.16 0.93 -1.30 1.66
Std Inter palm oil Pricet−1 162962 0.20 0.85 -1.04 1.86
Std Inter cotton Pricet−1 162962 0.07 1.03 -0.99 3.35
Std Inter sugar Pricet−1 162962 0.10 1.01 -1.38 2.04

Notes: This Table reports the summary statistics for the main set of variables employed in the analysis. See Section 3 for a description of the variables and sources.
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Table 2: Main Results (Coca Suitability)

(1) (2) (3) (4) (5) (6) (7)
Perc Tree Cover

RF
Perc Tree Cover

RF
Perc Tree Cover

RF
Perc Tree Cover

OLS
Coca Density

FS
Perc Tree Cover

2sls
Perc Tree Cover

2sls
Coca Density -0.323∗∗∗ -23.896∗∗ -23.826∗∗

[0.076] [10.552] [9.268]
Std Coca Pricet−1 × coca suit -1.685∗∗∗ -1.678∗∗∗ -1.849∗∗∗ 0.069∗∗

[0.382] [0.372] [0.348] [0.028]
Std cocoa Pricet−1 × cocoa suit -1.719∗∗∗ -0.702

[0.336] [0.618]
Std gold Pricet−1 × Share of gold deposits -2.473 -0.200

[1.553] [3.156]
Std coffee Pricet−1 × coffee suit -0.243 -0.538

[0.362] [0.460]
Std inter cotton Pricet−1 × cotton suit 0.253 -1.184

[0.288] [0.808]
Std inter sugar Pricet−1 × sugar suit -0.091 0.701

[0.222] [0.523]
Std inter palmoil Pricet−1 × palmoil suit 1.227∗∗∗ 0.763∗

[0.228] [0.390]
Cell FEs (9,586) Yes Yes Yes Yes Yes Yes Yes
Year FEs (2003-19) Yes Yes Yes Yes Yes Yes Yes
R2 0.988 0.988 0.988 0.988 0.741 -3.397 -3.397
Control for Nighlight No Yes Yes Yes Yes Yes Yes
Mean dep. var. 43.490 43.527 43.535 43.527 0.093 43.527 43.534
F-test of excluded instrument 6.3
Districts 1,369 1,366 1,366 1,366 1,369 1,366 1,366
Observations 161616 161270 160709 161231 162234 161231 160670

Notes: This Table reports the main results of the paper. Column 1 and 2 report the RF estimates of the baseline specification (equation 1), respectively without and with nightlights.

Column 3 addresses potential confounding concerns by additionally controlling for price shocks to coffee, cocoa, palm oil, cotton, sugar cane, and gold. Columns 4-7 report

respectively OLS, FS, 2sls results, and 2sls results with controls for price shocks to other commodities. If not otherwise specified, all the columns include nightlights, Cell and

Year FE. Standard errors in brackets: clustered at district level. Stars indicate significance in the usual way. See Section 3 for a full description of the data sources and concerns

related to undercount in Coca Density. See Section 5.1 for a full explanation of the results.
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Table 3: Spatial Heterogeneity - Peru vs Loreto

(1) (2)
Coca Density
Rest of Peru

Coca Density
Loreto

Std Coca Pricet−1 × coca suit 0.104∗∗∗ 0.055
[0.028] [0.037]

Std Coca Pricet−1 × Prox to border (100 km) 0.000 0.017∗∗∗

[0.001] [0.004]
Cell FEs (9,586) Yes Yes
Year FEs (2003-19) Yes Yes
R2 0.779 0.496
Control for Nighlight Yes Yes
Control for Price shocks to other commodities Yes Yes
Mean dep. var. 0.108 0.057
Districts 1,321 47
Observations 114779 46472

Notes: This Table reports the main results of the paper. It investigate FS spatial heterogeneous effects by comparing the impact of coca suitability and proximity to the Colombian

border on coca density in Peru (no Loreto) – Column 1 – versus Loreto (Column 2). If not otherwise specified, all the columns include nightlights, controls for price shocks to

other commodities, Cell and Year FE. Standard errors in brackets: clustered at district level. Stars indicate significance in the usual way. See Section 3 for a full description of the

data sources and concerns related to undercount in Coca Density. See Section 5.1 for a full explanation of the results.
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Table 4: 2006 Technological Change and Proximity to Border

(1) (2) (3) (4) (5) (6) (7)
Coca Density Perc Tree Cover Perc Tree Cover Coca Density Perc Tree Cover Coca Density Perc Tree Cover

Std Coca Pricet−1 × coca suit 0.080∗∗∗ -1.918∗∗∗ -1.730∗∗∗ 0.089∗∗ -7.731∗∗∗ 0.080∗∗∗ -1.876∗∗∗

[0.027] [0.348] [0.322] [0.039] [1.676] [0.027] [0.345]
Post Tech Revolution=1 × Std Coca Pricet−1 × coca suit -0.001 6.071∗∗∗

[0.035] [1.624]
Std Coca Pricet−1 × Prox to border (100 km) 0.003∗∗∗ -0.067∗∗∗ 0.003∗∗∗ -0.068∗∗∗ 0.000 0.223∗∗∗

[0.001] [0.017] [0.001] [0.017] [0.000] [0.060]
Loreto=1 × Std Coca Pricet−1 × Prox to border (100 km) -0.220∗∗∗

[0.052]
Post Tech Revolution=1 × Std Coca Pricet−1 × Prox to border (100 km) 0.002∗∗ -0.328∗∗∗

[0.001] [0.061]
Cell FEs (9,586) Yes Yes Yes Yes Yes Yes Yes
Year FEs (2003-19) Yes Yes Yes Yes Yes Yes Yes
R2 0.741 0.989 0.989 0.741 0.989 0.742 0.989
Control for Nighlight Yes Yes Yes Yes Yes Yes Yes
Control for Price shocks to other commodities Yes Yes Yes Yes Yes Yes Yes
Mean dep. var. 0.093 43.535 43.535 0.093 43.535 0.093 43.535
Districts 1,366 1,366 1,366 1,366 1,366 1,366 1,366
Observations 161251 160709 160709 161251 160709 161251 160709

Notes: This Table reports the main results of the paper. Columns 1 and 2 focus on Coca Suitability and report the FS and RF estimates of the baseline specification (equation

1), further controlling for coca price shocks at the border. Column 3 adds an interaction between the border-based price shock and a dummy for Loreto to capture spatial

heterogeneity. Columns 4 and 5 investigate time-heterogeneous effects of the suitability-based price shock (before/after the 2006 technological change), by interacting it with a

post-2006 indicator. Columns 6 and 7 analogously estimate pre-/post-2006 effects for the border-based price shock. All the columns include nightlights, controls for price shocks

to other commodities, Cell and Year FE. Standard errors in brackets: clustered at district level. Stars indicate significance in the usual way. See Section 3 for a full description of

the data sources and concerns related to undercount in Coca Density. See Section 5.1 for a full explanation of the results.
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Table 5: Geographical distribution: Coca vs other commodities

(1) (2)
Perc Tree Cover (RF)
Entire study period

Perc Tree Cover (RF)
Post Tech Revolution=1

Std Coca Pricet−1 × coca suit -1.849∗∗∗

[0.348]
Std cocoa Pricet−1 × cocoa suit -1.719∗∗∗

[0.336]
Std gold Pricet−1 × Share of gold deposits -2.473

[1.553]
Std coffee Pricet−1 × coffee suit -0.243

[0.362]
Std inter cotton Pricet−1 × cotton suit 0.253

[0.288]
Std inter sugar Pricet−1 × sugar suit -0.091

[0.222]
Std inter palmoil Pricet−1 × palmoil suit 1.227∗∗∗

[0.228]
Std Coca Pricet−1 × Prox to border (100 km) -0.148∗∗∗

[0.031]
Std cocoa Pricet−1 × Prox to border (100 km) 0.043

[0.031]
Std gold Pricet−1 × Prox to border (100 km) 0.048∗∗

[0.019]
Std coffee Pricet−1 × Prox to border (100 km) -0.040

[0.052]
Std inter cotton Pricet−1 × Prox to border (100 km) 0.002

[0.029]
Std inter sugar Pricet−1 × Prox to border (100 km) -0.019

[0.021]
Std inter palmoil Pricet−1 × Prox to border (100 km) 0.045∗∗∗

[0.014]
Cell FEs (9,586) Yes Yes
Year FEs (2003-19) Yes Yes
R2 0.988 0.989
Control for Nighlight Yes Yes
Mean PTC in 2003 in suitable areas 53.073
Mean PTC in 2003 in Loreto 74.106
Lincom P-value (Suit): coca vs cocoa 0.812
Lincom P-value (Post Tech Revolution=1): coca vs cocoa 0.001
Districts 1,366 1,366
Observations 160709 132426

Notes: This table examines how the impact of price shocks on forest cover varies across commodities and geographic dimensions. The dependent variable is Percent Tree Cover.

Column (1) reports reduced-form estimates for the full sample period; Column (2) restricts the sample to the post–technological revolution period (Post Tech Revolution= 1).

All the columns include nightlights, Cell and Year FE. Standard errors in brackets: clustered at district level. Stars indicate significance in the usual way. See Section 3 for a full

description of the data sources. See Section 5.1 for a full explanation of the results.
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A Appendix

Table A1: Back-of-the-envelope

(1) (2)
Perc Tree Cover

RF
Perc Tree Cover

RF
Coca Pricet−1 × coca suit -2.815∗∗∗ -3.100∗∗∗

[0.623] [0.584]
cocoa Pricet−1 × cocoa suit -2.952∗∗∗

[0.577]
gold Pricet−1 × Share of gold deposits -0.000

[0.000]
coffee Pricet−1 × coffee suit -0.381

[0.569]
cotton Pricet−1 × cotton suit 0.666

[0.756]
sugar Pricet−1 × sugar suit -0.944

[2.302]
palmoil Pricet−1 × palmoil suit 6.332∗∗∗

[1.179]
Cell FEs (9,586) Yes Yes
Year FEs (2003-19) Yes Yes
R2 0.988 0.988
Control for Nighlight Yes Yes
Mean dep. var. 43.527 43.535
Districts 1,366 1,366
Observations 161270 160709

Notes: This Table reports RF estimates for the Back-of-the-envelope calculation - Price shocks to coca defined using prices in level. Column 1 includes only the interaction between

coca prices and coca suitability. Column 2 addresses potential confounding concerns by additionally controlling for price shocks to coffee, cocoa, palm oil, cotton, sugar cane,

and gold. If not otherwise specified, all the columns include nightlights, Cell and Year FE. Standard errors in brackets: clustered at district level. Stars indicate significance in the

usual way. See Section 3 for a full description of the data sources and concerns related to undercount in Coca Density. See Section 5.1 for a full explanation of the results.
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Figure A1: Coca & Cocaine Market
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Notes: This figure illustrates the indexed evolution (2003 = 100) of key variables in the coca and cocaine market from 2003 to 2019. The red line represents the price of coca leaf

in Peru, while the orange line shows the retail price of cocaine in the United States. The blue line indicates the hectares of coca crops existing as of December 31 of each year in

Colombia. See Section 3 for a full description of the data sources and concerns related to undercount in Coca Density.
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Table A2: Robustness check

(1) (2) (3)
Perc Tree Cover

Baseline
Perc Tree Cover

International Prices
Perc Tree Cover

Colombian Quantity
Std Coca Pricet−1 × coca suit -1.849∗∗∗

[0.348]

Std inter cocaine Pricet−1 × coca suit -0.639∗∗

[0.273]

Reduction in hectares in Colombia - Std Hat−1 Colombia × coca suit -0.511∗∗

[0.228]

Cell FEs (9,586) Yes Yes Yes

Year FEs (2003-19) Yes Yes Yes
Control for Nighlight Yes Yes Yes
Control for Price shocks to other commodities Yes Yes Yes
Mean dep. var. 43.535 43.535 43.535
Districts 1,366 1,366 1,366
Observations 160709 160709 160709

Notes: This Table presents robustness checks to address potential endogeneity concerns arising from supply-side dynamics in the relationship between coca price shocks and

deforestation. Column 1 reproduces the main estimates from Table 2, Column 3, for comparability. Columns 2 and 3 introduce alternative proxies for coca price fluctuations

to mitigate concerns of reverse causality and simultaneity. Specifically, Column 2 uses international cocaine prices (U.S. retail prices), while Column 3 employs reductions in

coca cultivation in Colombia as an external measure of supply shocks. These results reinforce the robustness of the main findings, suggesting that the observed relationship

between coca price shocks and deforestation is not merely driven by endogenous supply-side adjustments. Standard errors in brackets: clustered at district level. Stars indicate

significance in the usual way. See Section 3 for a full description of the data sources. See Section 5.1.3 for a full explanation of the results.
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Table A3: Additional Results (Prox to border)

(1) (2) (3) (4)
Perc Tree Cover

OLS
Coca Density

FS
Perc Tree Cover

RF
Perc Tree Cover

2sls
Coca Density -0.323∗∗∗ -25.515∗∗∗

[0.076] [8.072]
Std Coca Pricet−1 × Prox to border (100 km) 0.003∗∗∗ -0.074∗∗∗

[0.001] [0.013]
Cell FEs (9,586) Yes Yes Yes Yes
Year FEs (2003-19) Yes Yes Yes Yes
R2 0.988 0.741 0.988 -3.880
Control for Nighlight Yes Yes Yes Yes
Mean dep. var. 43.527 0.093 43.527 43.527
F-test of excluded instrument 10.0
Districts 1,366 1,369 1,366 1,366
Observations 161231 162234 161270 161231

Notes: This Table reports OLS (Column 1), First Stage (Column 2), Reduced Form (Column 3) and 2sls (Column 4), employing Proximity to Border in the definition of Price

Shocks to coca, and, therefore, IV for Coca Density. If not otherwise specified, all the columns include nightlights, Cell and Year FE. Standard errors in brackets: clustered at

district level. Stars indicate significance in the usual way. See Section 3 for a full description of the data sources and concerns related to undercount in Coca Density. See Section

5.1.3 for a full explanation of the results.
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