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Abstract

This paper investigates the impact of trade-related illicit financial flows (IFFs) on tropical
deforestation. To adjust for pre-exposure differences in deforestation rates between coun-
tries exposed to IFFs and their counterfactuals, this study adopts propensity score matching
and doubly robust weighted regression estimators. The results suggest substantial increases
in forest loss in countries exposed to large IFFs. Specifically, the treated countries exposed
to IFFs experience an annual increase in forest loss of approximately 10,344.167 hectares
compared to their counterfactual controls. This finding is largely driven by macro-financial
instability resulting from real currency depreciation and tax revenue losses due to illicit
financial outflows. The results highlight the merit of capital controls and state ownership
of assets in mitigating the impact of exposure to IFFs on forest loss.

Keywords Tllicit financial flows - Deforestation - Forest cover loss - Tropical countries

JEL Classification F2-F4-013

1 Introduction

Achieving sustainable development requires non-declining per capita wealth, where
wealth is defined in the broadest sense to include both (hu)man-made capital and natural
capital (Arrow et al. 2003). In essence, the neoclassical model predicts that capital flows
where it is scarce because capital-scarce countries have a higher rate of return to capital
than capital-abundant rich countries. Yet, prevailing economic rationality in low-income
countries is far from encouraging an inclusive wealth accumulation pattern, and it actu-
ally propels illicit financial outflows, leading to grave sustainability concerns (UNCTAD
2020). The compensation of these financial outflows to sustain wealth accumulation might
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put unprecedented stress on the natural world.!This study weighs on this argument and
presents the first plausible causal evidence of the impact of rising illicit transactions on
deforestation.

Over the last decades, tropical deforestation has reached critically high levels, with as
much as 1.48 million km? being cleared between 2001 and 2020 (Balboni et al. 2023a, b).
This pattern of deforestation has been considered a significant cause of the biodiversity
extinction crisis, climate change, human health, and food insecurity (Berazneva and Byker
2017; Lawrence and Vandecar 2014; Li et al. 2022a, b). Much of the early empirical eco-
nomics research on tropical deforestation addresses a broad set of macroeconomic forces,
including GDP, population growth, access to infrastructure, commodity trade (Amelung
1993; Barbier 2001; Barbier and Rauscher 1994; Carr et al. 2005), institutional and politi-
cal factors (Araujo et al. 2009; Ferreira 2004; Mendelsohn 1994), and microeconomic and
social behaviors (Angelsen and Kaimowitz 1999; Ehrhardt-Martinez 1998; Sunderlin et al.
2005) related to tropical deforestation levels. In the paradoxical setting of capital scarcity
stemming from illicit outflows, one should question whether low- and middle-income
countries make up the gap in their wealth accumulation through land use intensification.

As a foundational definition, illicit financial flows (IFFs) refer to illegal movements of
money or capital from one country to another as a result of some factors such as corrup-
tion, crime, terrorism, tax evasion, abusive transfer pricing, and tax abuse (Global Finan-
cial Integrity 2019). As of 2020, according to the Global Financial Integrity (GFI) esti-
mates, IFFs from developing countries totaled as much as 1-1.6 trillion dollars annually
(Vanya 2023). The GFI attributes these financial flows to the engagement of developing
countries in various forms of trade with developed economies (Global Financial Integrity
2019). With the interaction between trade openness and natural resource depletion, such as
deforestation, evidenced in the literature (Abman and Lundberg 2020; Franklin and Pin-
dyck 2018), there will likely be a positive relationship between IFFs and deforestation.

An inherent empirical challenge in identifying the effect of IFFs on deforestation is how
to deal with selection bias and, more generally, the endogeneity of illicit financial flows.
For example, because revenues from natural resource exploitation can finance illicit finan-
cial flows (Ndikumana and Sarr 2019), one may observe a substantial outflow of capital
from natural resource-rich countries, making the exposure to IFFs endogenous through the
selection bias problem. A significant part of the association between IFFs and deforestation
can be explained by the over-reliance of low-income countries on natural resource wealth
responsible for the financial resource curse (Beck 2012; Kassouri et al. 2020; Kinda et al.
2016). This is a severe form of selection bias, which means that the economic rationality in
low-income countries may subject them to IFFs. Exposure to IFFs is likely influenced by
unobservable characteristics that may be correlated to the outcome of interest (deforesta-
tion). Another identification concern is that unobserved changes and confounding corre-
lated factors in local governance of forests, land tenure security, international partnerships,
and institutions can be correlated with IFFs and deforestation, making it challenging to
identify the causal effect of IFFs on deforestation.

To address the sample selection bias and determine whether IFFs cause increases
in deforestation, it is essential first to identify countries exposed to larger IFFs and
establish plausible counterfactuals against which one can compare subsequent changes

! In developing countries endowed with forest resources, the conversion of forested land into crop and pas-
ture land, subsistence logging, and timber harvesting can be seen as ways of using natural capital to allevi-
ate poverty and capital scarcity (Leblois et al. 2017).
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in deforestation. This study relies on matching methods to tackle these two steps. The
research design begins by identifying countries that experienced a significant and sus-
tained increase in IFFs (the treatment), and later, I use a wide range of covariates to
match these countries to a set of countries that were not treated to construct a plausible
counterfactual or matched controls for each country. This identification strategy uses
inverse probability weighting to create matched control groups. It uses a doubly robust
weighted regression estimator to recover the average treatment effect on the treated
(ATT).

Using satellite-derived deforestation and forest loss estimates across 60 tropical coun-
tries and data on illicit financial flows from 2009 to 2018, I report significant deforesta-
tion and forest loss increases in response to sustained exposure to IFFs. Reassuringly, this
result is robust to various robustness checks, pre-trend, falsification, and placebo tests. I
also demonstrate that the observed evidence is driven by macro-financial instability from
IFFs exposure. Specifically, I document the influence of exchange rate misalignment, credit
constraints, and limited tax revenue as potential channels through which sustained expo-
sure to IFFs can impact deforestation.

Several empirical studies investigate the relationship between different forms of human-
made capital and deforestation (Combes et al. 2018; Culas 2006; Galinato and Galinato
2016; Kahn and McDonald 1995). For example, Gullison and Losos (1993) demonstrate
that economic deterioration linked to large foreign debt is likely to increase the use of
marginal lands and cause deforestation. In the same vein, several authors argue that debt
increases deforestation (Codjoe and Dzanku 2009; Culas 2006; Inman 2008; Marquart-
Pyatt 2004; Zagonari 1998), while others find no evidence of the relationship between debt
and deforestation (David et al. 1995; Neumayer 2005). Using funds transfers by migrants,
Duval and Wolff (2009) document that remittances significantly decrease deforestation in
developing countries. The following studies (Afawubo and Noglo 2019; Li et al. 2022a, b)
cover similar effects of remittances on deforestation. Papers in related fields explore how
access to human-made capital through government expenditure, foreign investments, and
access to credit can affect deforestation rates. Combes et al. (2018) use theoretical mod-
els and empirical investigations to demonstrate that public spending and domestic credit
fuel deforestation rates in developing countries. Similarly, AssuncAssung et al. (2020)
show that access to credit can lead to clearance activities in Brazil. As a critical source
of human-made capital to boost economic development in low-income countries, foreign
direct investments can lead to severe environmental costs with adverse consequences on
forest stocks (Brack 2014; Li and Yan 2016). The present study advances the ongoing lit-
erature by providing the first evidence of how capital outflows can shape forest conditions
in developing countries.

This study also builds on the literature examining the relationship between criminal
activities and deforestation. It is well established that illegal logging constitutes the criti-
cal driver of deforestation in the tropics (Blum et al. 2022; Rajdo et al. 2020). It represents
nearly 90% of total deforestation in Central Africa (Alemagi and Kozak 2010; Lawson
2014), and around 60 and 80% in the Amazon (Boekhout van Solinge 2013). As docu-
mented in Bolton (2020), illegal logging can occur through various means, such as falsify-
ing logging permits, logging outside of allowances, laundering illegal timber, and intermin-
gling legal and illegal timber during transportation. Corrupt officials and criminal networks
frequently participate in these activities, using complex financial structures to transfer their
illicit funds across borders, perpetuating a cycle of illegal financial flows and deforesta-
tion. This study differs from previous ones as it explicitly explores the trade and economic
dimensions of criminal activities captured by IFFs and their implications for conservation.

@ Springer
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Overall, estimating the causal impact of exposure to IFFs on deforestation makes two
critical contributions to applied economics and policy. First, this paper is important as it
enriches the ongoing discourse on illicit finance by illuminating the challenges associated
with the liberalization of capital flows within the context of conservation. Second, it pro-
vides a timely estimate of the impacts of financial crime on deforestation, a facet over-
looked in earlier research. This is achieved by delving into an important policy-relevant
dimension of transnational illicit transactions, IFFs, and by enhancing the causal under-
standing of IFFs in this context.

2 The Linkages between lllicit Outflows and Deforestation

The weak sustainability approach remains the prominent theoretical background to vali-
date the relationship between illicit financial flows and deforestation. According to this
approach, different forms of capital are substitutes: natural capital depletion can be used to
replace the accumulation of human-made capital, leading to an unlimited economic growth
perspective. Given that the depletion of natural resources is irreversible, it is evident that
there are some limits to substitutability (Cohen et al. 2019; Drupp 2018).

Although there is no consensus on the degree of substitutability (Neumayer 2013; Quaas
et al. 2020), the weak sustainability approach allows for substitution only when the total
stock of different types of capital does not decline (Hartwick 1990). In the paradoxical con-
text of illicit outflows, where it is difficult to maintain a critical level for all capital stocks,
it is a moot point whether such outflows influence the stock of natural capital. Indeed, the
decreasing level of human-made capital due to IFFs may lower the stock of natural capital,
particularly in resource-abundant countries. This is driven by the comparative advantage
that resource-abundant countries have in exploiting natural resources. Since these countries
are not well endowed with different forms of human-made capital, there is a compelling
comparative advantage for them to rely on the exploitation of natural resources to make up
their capital gap due to illicit outflows.

While the sustainability discourse provides a valid theoretical background to empiri-
cally investigate the relationship between IFFs and deforestation, some analysts express
concerns that environmental crimes, which encompass not just wildlife crime but also fuel
smuggling and illicit mining of gold, diamonds, and other minerals and resources, account
for 64% of illicit financial flows (World Atlas of illicit flows 2018). This is indicative that
illicit outflows are largely fueled by environmental crimes such as illegal logging, illegal
land clearing for mining or extractive activities, and illegal trade of forest commodities.
Consequently, IFFs from developing countries can undermine the sustainability of global
environmental commons, leading to serious sustainability threats. Given the environmental
ramifications of IFFs, exploring the relationship between IFFs and deforestation remains a
valid empirical question. Drawing on the preceding arguments, I introduce a broad discus-
sion of potential mechanisms through which IFFs can influence deforestation by building
the discussion around three primary mechanisms: credit markets, real exchange rate, and
tax revenue.

2 Given that this study focuses on low—and middle-income countries located in the tropics, it is reasonable
to acknowledge that these regions’ primary abundant capital stock is their forest resources.
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First, IFFs can introduce instability and risks in the financial system, leading to the
contraction of credit growth (Samarina and Bezemer 2016). Interest rate movements in
response to the contraction of credits may reduce investments in intensive agricultural
techniques that are less forest-consuming and discourage switching to clean cooking prac-
tices that conserve forest products (Combes et al. 2008). As evidenced by Berkouwer and
Dean (2022), credit constraints prevent the adoption of energy-efficient cookstoves. In con-
trast, access to credit has a large positive effect on purchases of efficient charcoal stoves
in Kenya. Jayachandran (2013) shows that liquidity constraints can hinder the success of
conservation programs. The author demonstrates that in low-income countries with liquid-
ity constraints, payments for ecosystem services (PES) can incentivize pro-environmental
behaviors among forest owners to curb deforestation. However, if the payments are delayed
compared to the compliance costs, credit constraints may hinder participation in the PES
scheme. Another strand of the literature reveals that credit can be used to increase agricul-
tural production by clearing forest areas (AssuncAssung et al. 2020; Zwane 2007). Taking
the positive and negative effects of credit on deforestation as plausible, it is likely that IFFs
will shape deforestation activity via the credit channel.

Secondly, exchange rate misalignments may also be important in transmitting IFFs to
deforestation activity. The extant literature shows that extensive financial outflows can
lead to a depreciation of the domestic currency in the foreign exchange market, causing
the value of local currency to decline relative to other currencies (Dornbusch 1976; Vos
1992). Similarly, the lack of financial resources to sustain economic development can
push any nation into external borrowing, resulting in an unfavorable exchange rate posi-
tion (Aizenman and Pasricha 2013). Concerning the relationship between deforestation
and exchange rate, Arcand et al. (2008) show that the depreciation of the exchange rate by
promoting exports can increase deforestation in least-developed countries. They argue that
following the 50% devaluation of the CFA franc in 1994, heavy timber traffic increased in
Gabon, Cote d’Ivoire, and Senegal. Similarly, the collapse of the Indonesian rupiah in 1997
boosted timber exports. Consequently, real exchange rate misalignments may be impor-
tant in transmitting IFFs to deforestation activity. In the same vein, Damette and Delacote
(2012) demonstrate that a large positive shock on the real exchange rate will likely increase
the number of countries with high deforestation rates. Considering all these effects, it is
reasonable to expect that exchange rate misalignments could be a valid transmission mech-
anism of the relationship between IFFs and deforestation.

Finally, it is well documented that exposure to IFFs may pose severe challenges for
domestic tax revenue mobilization (Fofack and Ndikumana 2010; Ndiaye and Siri 2016;
Ndikumana and Sarr 2019). Failure to accurately mobilize tax revenue can push public
authorities in developing countries to increase deforestation revenues, i.e., from clear-
ing forest land for perennial crops, exploitation of forest resources, and timber harvest-
ing (Combes et al. 2015). Given the canonical fiscal identity of revenue causing expendi-
ture, which means that raising tax revenues leads to more spending, it is likely that a poor
mobilization of domestic revenue would reduce government expenditure in deforestation
activities such as the construction of road and railroad networks, posing a severe trade-off
between the expansion of government expenditure and land use changes (Damania et al.
2018; Deacon 2017; Galinato and Galinato 2016). Overall, considering tax revenue as a
channel through which IFFs can affect forest losses will unpack the inconclusive evidence
on the effect of tax revenue on deforestation.

In addition to the underlying mechanisms, the effects of illicit flows can be influenced
by the ownership structure of capital and capital control policies. It is relevant to discuss
the differential impacts of IFFs on deforestation and forest loss by considering the role of
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capital controls and state ownership of assets. The underlying intuition is very straightfor-
ward. I hypothesize that the restriction of the free flow of capital under strict capital control
can reduce the probability of experiencing exposure to IFFs, which may thus affect the
deforestation effect of the exposure to IFFs. Concerning state assets, different asset owner-
ships can play different roles in illicit financial practices. Several analysts emphasize the
increasing role of multinational foreign corporations (private actors) in the natural resource
sector in driving out capital from developing countries (Khanna 2017; Ndikumana and
Sarr 2019; UNCTAD 2020).

On the one hand, it is rational to hypothesize that countries with greater state ownership
over land and other financial assets may invest in strengthening legal frameworks, which
can provide a framework to reduce IFFs. On the other hand, some predatory government
authorities may use their positions and political pressures for personal interests, creating
room for IFFs. Building on these arguments, one may claim state ownership of assets can
either positively or negatively influence exposure to IFFs, resulting in a differential effect
of the exposure to IFFs on deforestation.

3 Identification Strategy, Methodology, and Data
3.1 Ildentification Strategy

Before delving into the identification strategy of the causal effect of IFFs on deforestation
and forest cover loss, it is worth explaining how I identify treated countries. This study
operationalizes the treatment variable as any IFFs hike greater than or equal to the 50th
percentile of the IFFs increase distribution for at least three consecutive years. There are
two potential advantages of focusing on a sustained increase to define the treatment. First,
forest conditions may lack responsiveness to short-lived, small-scale illicit financial flow
changes, partly because of the opportunity cost of relying on deforestation revenues to
compensate for short-lived IFFs. Second, the three-year window is used to characterize a
prolonged or sustained increase, indicating the consideration of time-specificity to set out
exposure to IFFs as an event.’ Given that this study operationalizes the treatment as any
sustained increase in IFFs, it is imperative to differentiate this approach from estimating a
conventional linear relationship between IFFs and deforestation.

Having identified treated countries as those exposed to a sustained increase in IFFs, the
biggest challenge to identify the causal effect of the exposure to IFFs on forest cover loss
is to obtain a suitable control for untreated countries. Indeed, exposure to IFFs is not a
random event. For example, it may depend on a country’s level of economic development,
demographic structure, institutional quality, and macroeconomic characteristics. These fac-
tors, which can also drive deforestation, make the exposure to IFFs endogenous through
the selection bias problem. Under such conditions, standard regression analysis will pro-
vide biased estimates of the effects of exposure to IFFs.

Matching methods have been introduced as an approach for causal inference in nonexperi-
mental settings to handle selection bias problems (Rosenbaum and Rubin 1983). Basically,

3 An event is defined as one where there is a sustained increase in IFFs over a 3-year window. This is quite
appealing as it ensures that financial outflows are credible and not just noise or measurement errors due to
statistical errors in computing/reporting IFFs. This minimizes potential bias from the measurement of IFFs.
Additionally, the 3-year window allows me to recover the long-run impact of IFFs on deforestation.
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matching creates, for each treated unit, a control unit that is as similar as possible to the treated
unit to identify the average treatment effect on the treated by the difference between the aver-
age outcome among the treated and the average outcome among the set of matched controls.
To achieve this goal, this study uses inverse probability weights and creates a matched con-
trol group that mirrors the set of treated countries in terms of observable characteristics. The
inverse probability weighting (IPW) approach involves two steps. First, the probability (pro-
pensity) of exposure to IFFs given observable characteristics is calculated, also called the pro-
pensity score. Second, weights for each unit are calculated as the inverse of the probability of
being exposed to IFFs.

In contrast to conventional matching techniques, the IPW offers several advantages. First,
by employing IPW, units exposed to the treatment with a lower probability of exposure (and
unexposed units with a higher probability of exposure) receive larger weights. Consequently,
their relative influence on the comparison is increased, increasing the balance in observed
covariates between treated and control subjects, which is a key assumption for the internal
validity of the identification strategy. Second, including the weights in the analysis ensures
that the “assignment” to either the exposed or unexposed group becomes independent of the
variables included in the propensity score model, thus limiting specification and multicollin-
earity problems. Third, IPW combines the properties of the regression-based estimator and the
inverse probability-weighted estimator, making it a doubly robust method as it requires only
the propensity or outcome model to be correctly specified but not both (Kurz 2022). The dou-
bly robust weighted regression estimators give the researcher two chances to get the estimates
right provided the inverse probability weighted-estimating equation.

3.2 Methodology

The estimation approach followed in this study is based on the principle that exposure to IFFs
is the treatment. The treatment effect of exposure to IFFs on forest cover loss (ATT) is defined
as follows:

ATT =E[Y,,(1) | T =1] —E[Y,,(0) | T = 1] 1)

where, Y;,() is the outcome variable measuring log forest cover loss in
thecountry(i)andyear(t). T the treatment indicator captures whether country is exposed
to IFFs (T = 1) or not (T =0). E[Y(1) | T = 1] is the expected outcome for the treatment
group (treated countries), and E[Y(0) | T = 1] is the counterfactual outcome, which is for-
est cover loss in treated countries if they had not been exposed to IFFs.

The fundamental evaluation problem is that E[Y(0) | T = 1] is not observable due to the
non-random exposure to IFFs. In a random assignment setting, the ATT can be computed by
taking the difference in means of the outcome variable between those exposed to IFFs and
those non-exposed to IFFs. The estimation of the ATT relies on the identification of a suitable
counterfactual or comparison group with a likelihood of exposure to IFFs similar to that of
the treated countries based on observable characteristics. To estimate the treatment effect, one
must ensure that any response differences between the exposed group and control group are
due to the treatment itself and not to some intrinsic differences between groups unrelated to
the treatment. One can rewrite Eq. (1) as follows:

ATT =E[Y,,() | T=1,X=x| —E[Y,,(0) | T =0,X = x| 2)
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Fig. 1 The spatial distribution of deforestation in 60 tropical countries between 2009 and 2018

where X = x is the vector of observable characteristics that can affect both countries’
exposure to IFFs, and the outcome variables, and controlling for X makes the treatment
unconfounded. The first component is the average deforestation and forest cover loss for
countries exposed to IFFs, and the second component is the average deforestation and for-
est cover loss for countries non-exposed to IFFs (matched control group). The difference
between these two components gives the ATT conditional on a vector of covariates.

This study employs the doubly robust weighted regression estimator, a class of esti-
mators that concurrently models both the propensity score and the inverse probability
weighted-outcome simultaneously within the same framework. This approach provides
asymptotically unbiased estimates as long as either model (propensity score or outcomes)
is correctly specified. First, it consists of fitting a propensity score model (i.e., the esti-
mated probability of treatment assignment conditional on observed baseline characteris-
tics), and weights for each unit are calculated as the inverse of the probability of receiving
the actual exposure level. Secondly, it uses those weights in a regression to estimate the
treatment effect. Effectively, it provides two opportunities, instead of only one, to derive
unbiased treatment effects involving a two-step process.

3.3 Data and Descriptive Statistics

I compiled a database encompassing 60 countries and 1054 subnational districts, focusing
on deforestation rate and forest cover loss from 2009 to 2018. The analysis covers tropical
countries in Africa, Asia, and America. With this expanded geographic coverage, concerns
about the study’s generalizability are mitigated.

The database is derived from the Global Forest Change data, which offers global maps
depicting forest cover and forest loss at an approximate resolution of 30 square meters
using the year 2000 as a baseline (Hansen et al. 2013). Using the Google Earth Engine,
a cloud platform for earth observation data, I extract these data by customizing the code
developed by Morpurgo et al. (2023). The Global Forest Change data relies on a time-
series analysis of Landsat images and defines forest areas as those with a crown cover of
trees exceeding 50% and a height greater than 5 m. Forest cover loss is defined as the dis-
appearance of a forest pixel within a given year (1 =Ioss, 0=no loss). I use the available
data on forest cover (baseline year 2000) to calculate deforestation over a given year within
national boundaries relative to the forest cover in the baseline year. This study excludes
the analysis of forest gain due to the limited availability of annual estimates of forest gain
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(afforestation) only until 2013. Another reason for omitting forest gain is that such gain
results from plantation forestation rather than natural restoration (Tropek et al. 2014). The
forest loss database constructed in this study represents a noteworthy enhancement over
country-level deforestation data used in previous contributions. The visual inspection of
Fig. 1 indicates that the largest area of forest loss occurred in Brazil, followed by Indonesia
and the Democratic Republic of Congo.

The underlying database addresses potential measurement errors of forest cover loss
pointed out in the literature. Furthermore, the construction of deforestation rate and forest
cover loss measures at the subnational district level accommodates spatial heterogeneity
in natural forest conditions at the local level. It estimates precisely instances where defor-
estation intensifies within a particular country. A local scale measure of deforestation and
forest cover loss across 1054 subnational districts was employed for the sensitivity analy-
sis. While the Global Forest Change data is accessible for over 180 countries, the deci-
sion to narrow the sample to 60 countries is justified by two considerations. First, I limit
the sample to tropical countries with consistent data on IFFs without missing values over
at least three consecutive years. This criterion is important for my research design, given
that the exposure to IFFs (the treatment) is defined as a sustained increase in IFFs over
at least three years, emphasizing the importance of considering countries with consistent
time series data. Secondly, because tropical forests are renowned for their global signifi-
cance in providing ecosystem services and are among the most biodiverse places on Earth,
the drivers of tropical deforestation were widely investigated in several previous studies.
Building on this contextual background, the present study focuses on tropical countries
with a sample period dictated by the availability of IFFs data, spanning from 2009 to 2018.
Tables 7 and 8 provide a complete description and sources of each variable and basic sum-
mary statistics.

The primary variable of interest used in formulating the treatment variable is the ratio of
illicit financial flows to GDP in each country sourced from the Global Financial Integrity
Database. Although, there is no data on different forms of IFFs, the analysis relies on trade-
based illicit financial flows data from the Global Financial Integrity database. This data
encompasses trade-embedded illicit transactions where trade activities are used as mecha-
nisms to execute illicit transactions.

The benchmark definition of treatment is when a country experiences an increase
greater than or equal to the fiftieth percentile of the IFF increase distribution. I required the
growth to be sustained over at least three years to indicate that financial outflows are cred-
ible, not just noise or some measurement errors in the data. Table 9 shows the number of
treated and untreated countries and subnational districts based on the benchmark definition
of the exposure to IFFs and after implementing the matching procedure.

I check the robustness of the results to alternative definitions of the treatment variable in
terms of the duration of the increase and the definition of the threshold for a slight rise in
IFFs. Furthermore, I also check the robustness of the baseline results to alternative meas-
ures of financial outflows, namely capital flight, which consists of unrecorded financial out-
flows from a country.4

In alignment with the literature on deforestation drivers (Galinato and Galinato 2016;
Kassouri 2024a), I select the following control variables: GDP per capita growth, corrup-
tion control, year of schooling, agriculture as a share of GDP, net official development

4 The literature often uses the terms capital flight and illicit financial flows interchangeably (Léonce Ndiku-
mana and James K. Boyce, 2018).
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assistance, external debt, population size, forest rents, and the share of agricultural land.
I use the lag of these variables by one period to mitigate potential reverse causality prob-
lems. In the heterogeneity analysis, I also examine whether the control of the movement
of capital and the ownership structure of assets mediate the effects of exposure to IFFs on
deforestation and forest loss cover.

Following the discussion in Sect. 2 on the route through which exposure to IFFs can
influence deforestation rates and forest loss, I examine if macroeconomic instability cap-
tured by tax revenue losses, real exchange rate misalignments, and credit constraints can be
considered as potential channels through which the exposure to IFFs influences deforesta-
tion and forest loss. To do this, I collect real effective exchange rate data, domestic credit
to the private sector, and tax revenue. Overall, these data were collected from different
sources, as pointed out in Table 7.

3.4 ldentification Validity: Preliminary Tests

The identification of the causal effect of IFFs is made using the inverse probability weight-
ing approach to construct a suitable counterfactual that closely mirrors countries experi-
encing an increase in IFFs in terms of a pre-determined set of characteristics. The first
question in matching analysis is the selection of a set of covariates to match on.

For regression or matching methods to provide unbiased results, “the selection on
observables” assumption must be held true (Basu et al. 2007). Practically, I select variables
that are known from previous studies to influence both the treatment (IFFs) and the out-
come (deforestation rates). Indeed, exposure to illicit financial flows is not a random occur-
rence. It can be influenced by several factors, including a country’s economic development,
licit financial flows (external debt stock and net official aid), institutional structure, forest
rents, population size, human capital, and the proportion of agricultural land. As demon-
strated in previous studies, these factors play an important role as drivers of illicit finan-
cial flows (Brandt 2023; Ndikumana and Boyce 2003; Ndikumana and Sarr 2019). These
factors, which can also shape deforestation activities, make exposure to IFFs endogenous
due to selection bias. For example, Bhattarai and Hammig (2001) demonstrate that institu-
tional and governance factors, economic development, and population size affect tropical
deforestation.

Similarly, Combes et al. (2015) reveal the role of human capital, agricultural land, and
institutions as determinants of deforestation. In a more comprehensive study, Balboni et al.
(2023a, b) point out the role of macro-financial factors such as financial flows, human capi-
tal, and resource rents as drivers of tropical deforestation. In our analysis, selection bias
may arise because countries exposed to illicit financial flows may share similar character-
istics, such as weak governance, reliance on natural resources, low economic development,
high population size, low human capital, or dependence on external debt. These charac-
teristics can also make them prone to deforestation activities. To address this problem, we
use the inverse probability weighting approach to construct a suitable counterfactual that
closely mirrors countries exposed to IFFs in terms of a pre-determined set of character-
istics. While the literature is mixed on what is recommended, here I match based on vari-
ables that determine the treatment (any increase greater than or equal to the median IFFs
over three years) and variables that influence the outcome (deforestation).

By doing so, the matching rules out any confounding driving the treatment and the
outcome variable simultaneously. Specifically, I match on covariates reflecting economic,
demographic, institutional, and macroeconomic characteristics, including lagged real GDP
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Table 1 Probit model of the

Coefficient Standard Error

exposure to IFFs

Lag real GDP per capita 0.038#** 0.005

Lag forest rents — 0.175%** 0.006

Lag corruption control — 0.483%** 0.173

Lag population — 1.02e-09%** 5.41e-11

Lag agriculture share of GDP — 0.005%** 0.001

Lag agricultural land 0.017%#%* 0.001

Lag external debt stock — 0.016%** 0.001

Lag net official aid 6.47e-10%** 2.36e-11

Lag mean years of schooling — 1.374%%* 0.107

Log-likelihood —3698.36

R-squared 0.328

Observation 600 600

This table reports estimates from a probit model with lagged covari-
ates and robust standard errors. ***, ** * represent 1%, 5%, and 10%
significance levels, respectively

per capita growth, lagged share of agriculture in GDP, lagged corruption in executive,
lagged forest rents, lagged external debt, lagged agricultural land, lagged mean years of
schooling, lagged net official development assistance, and lagged population. GDP, agri-
cultural land, agriculture share of GDP, population, and forest rents are likely to be impor-
tant determinants of deforestation and IFFs. At the same time, external debt, net official
aid, years of schooling, and corruption are also included as potential determinants of expo-
sure to IFFs.

Table 1 contains the estimated probit model I use to generate propensity scores in the
inverse probability weighting approach. Unsurprisingly, GDP per capita growth, agricul-
tural land, and net official aid are positive and significant predictors of the occurrence of
IFFs, while schooling, corruption control, forest rents, population, and external debt are
negative and significant predictors of IFFs.

A key assumption underlying the validity of the research design is that countries
exposed to IFFs are statistically similar to their counterfactuals or controls in terms of eco-
nomic, demographic, institutional, and macroeconomic characteristics. This assumption is
essential to ensure that the occurrence of IFFs is not endogenous with respect to the under-
lying economic, demographic, institutional, and macro-financial characteristics.

Table 2 presents the performance of the inverse probability weighting based on the dif-
ference in the sample mean of the underlying covariates obtained before and after the [PW
approach. One remarkable observation is that the difference between the treated and the
counterfactual control groups obtained from IPW is no longer statistically significant. This
implies that the IPW is a valid weighting approach to obtain plausible counterfactuals that
perfectly mirror every country exposed to IFFs in terms of the mean values of observable
characteristics, satisfying the internal validity. The matching approach, conditional on the
identifying assumptions discussed above, reduces or eliminates selection bias arising from
the potential endogeneity of IFFs, yielding a plausibly causal interpretation of the results.

One can also scrutinize the relationship between deforestation and IFFs by comparing
deforestation rate and forest cover loss in the treated group and their associated counterfactual
group, as reported in Table 3. Table 3 indicates that treated countries are characterized by high
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Table 3 Deforestation and forest cover loss across treated and control units

Treated Control Difference t-stat p-value
Deforestation rate (%) 0.712 0.564 0.147 - 13.773 0.000
Forest cover loss (Ha) 2698.1 1534.2 1163.9 11.860 0.000

This table reports the sample mean difference of deforestation and forest cover loss in the treated and con-
trol countries

Table 4 Effects of exposure to IFFs on deforestation and forest loss

1 2 3 4 5 6 7 8

Panel A Dependent variable: Deforestation rate
Exposure to [IFFs  0.224%*** (.198*** (.095%** (.087*** (.225%** (.198*** (.095%** (.087***
(0.013)  (0.011) (0.015)  (0.014)  (0.013)  (0.010) (0.015) (0.014)

Covariates No No No No Yes Yes Yes Yes

Year FE No Yes No Yes No Yes No Yes

Country FE No No Yes Yes No No Yes Yes

Observation 600 600 600 600 600 600 600 600

R-squared 0.051 0.118 0.742 0.719 0.083 0.149 0.752 0.797
Panel B Dependent variable: Log forest loss

Exposure to IFFs  2.273%%% 2. 075%%* (225%%* (.204*** 2273%%*k 2 (075%** (225%%% (.204%**
(0.159)  (0.145)  (0.022) (0.032) (0.159) (0.145) (0.022)  (0.032)

Covariates No No No No Yes Yes Yes Yes
Year FE No Yes No Yes No Yes No Yes
Country FE No No Yes Yes No No Yes Yes
Observation 600 600 600 600 600 600 600 600
R-squared 0.042 0.065 0.878 0.888 0.313 0.321 0.875 0.884

The dependent variables are deforestation rate in panel A and log forest loss in panel B. The treatment
dummy “Exposure to IFFs” goes to 1 when the illicit financial flow is greater than or equal to the 50th
percentile of the IFF increase distribution over a 3-year window. Covariates include real GDP per capita
growth, agricultural share in GDP, corruption, forest rents, external debt, agricultural land, years of school-
ing, net official development assistance, and population. Robust standard error in brackets. ***, #* * repre-
sent 1%, 5%, and 10% significance levels, respectively

deforestation rates and forest cover loss relative to their counterfactuals or matched controls,
with a difference of 0.15 percentage points statistically significant at 1% for deforestation rate
and 1163.9 Ha for forest loss, which is also significant at 1%. Figure 3 reinforces this cor-
relational analysis. Only a formal causal analysis would elucidate the effects of IFFs on forest
cover loss and deforestation rate.
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4 Baseline Results

Table 4 presents the ATT of IFFs on deforestation rate (panel A) and forest loss (panel
B) using the doubly robust weighted estimator. The treatment dummy “Exposure to IFFs”
goes to 1 when changes in IFFs are greater than or equal to the 50th percentile of the IFF
increase distribution over a 3-year window. The first columns of the table show the regres-
sion results without covariates. Column 1 excludes country and year fixed effects, columns
2-3 include year fixed effects and country fixed effects, respectively, and column 4 simul-
taneously includes year and country fixed effects. Columns 5-8 repeat the same exercise
after controlling for the matching covariates, including GDP per capita growth, corruption,
forest rents, external debt, and population.

Regardless of the underlying specifications, the results reveal a strong and significantly
positive impact of exposure to IFFs on deforestation and forest loss. The point estimates
are relatively stable across specifications (columns 4 & 8). For example, column 8 (satu-
rated model®), which reports estimates from the preferred specification, suggests that, over
a 3-year horizon, there is an increase in deforestation rate and forest cover loss of 0.08
and 0.2 percentage points higher in the treated countries exposed to IFFs compared to
their matched controls. Put differently, a country would experience 0.08 percentage point
increase in deforestation rate and 0.2 percentage point increase in forest loss from their
exposure to a sustained increase in IFFs compared to what they otherwise would have
experienced. Comparing the effect sizes, one may reveal a relatively higher effect size on
forest cover loss relative to deforestation rate. At first glance, the estimated effects of IFFs
may appear to be small. However, relative to the control group, on average, these coeffi-
cients indicate a nearly 10,344.167-hectare annual increase in forest loss.

4.1 Robustness Checks

Given the significant and sizeable effect of exposure to IFFs on deforestation, it is crucial to
demonstrate that the estimated treatment effect is robust to different model specifications.

First, although the doubly weighted model finds support for the assumption of parallel
trends (balance covariates between treated and matched controls), one may wonder about
the ability of the IPW approach to accurately construct a suitably matched control when
exposure to IFFs (treatment) changes dynamically (staggered exposure) across countries
and over time. As demonstrated in Schmidheiny and Siegloch (2023), event studies are
instrumental when treatment is not randomized to compare outcomes and trajectories
before and after treatment, as well as across treated and matched control units. Using the
weighted sample, I estimate the following event study model:

8 .

In Yie = 2/&_67/‘1};, + Bxi,t tuty e, 3)
where, the independent variable of interest is a set of dummies Dﬁ , indicating an event
happening (any changes in IFFs greater than or equal to the 50th percentile of the IFF
increase distribution over a 3-year window), X includes the pre-defined covariates. y; and
y, represent countries and year fixed effects. ¢;, stands for the disturbance term. The event

5 Conditioning on the matching covariates corrects bias due to observed time-varying confounders with
potential time-varying effects on the outcome.
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Fig.2 (a) This figure shows the ©
event-study plots of the exposure (a)
to IFFs on deforestation rate as
specified in Eq. 3. The vertical
line indicates the year preceding
exposure to IFFs. The shaded
band represents 95 percent
confidence intervals. The model
includes year and country fixed
effects with robust standard
errors. The green dots represent
the aggregation of the periods
beyond the specified leads and °
lags. (b) This figure shows the
event-study plots of the exposure CL . . . . . . .
to IFFs on forest loss as specified 6 -4 2 0 2 4 6 8
in Eq. 3. The vertical line indi- Years relative to IFFs

cates the year preceding expo- o Point Estimate 95% Cl

sure to IFFs. The shaded band

represents 95 percent confidence

intervals. The model includes (b)
year and country fixed effects

with robust standard errors. The o
green dots represent the aggrega-
tion of the periods beyond the
specified leads and lags

Effect on deforestation rate
2
.

Effect on log forest loss

0 2
Years relative to IFFs

|. Point Estimate 95% Cl |

study tests both the presence of pre-trends and captures the evolution of the treatment
effect over time.

Figures 2(a) and (b) summarize the results of the event study. The following insights
stand out from these results. (i) Upon visual inspection, there is no evidence of pre-trends
potentially affecting the estimation results. Although the visual inspection of the event
study is a widely recognized and convincing way to analyze pre-treatment trends in empiri-
cal analysis, we have also included additional information on the joint test in the captions
of Figs. 2(a) and (b).® Specifically, the Wald statistics are 3.99 for deforestation and 1.84
for log forest loss. Wald statistics for tests in which the leading estimates are jointly O are
reported with a 10% critical value of 7.779; the null hypothesis cannot be rejected for either
outcome variable. As expected, the test fails to reject the null hypothesis, confirming that
the joint pre-treatment effects are not statistically different from 0 at the 10% significance
level. (ii) The direction of the treatment effect aligns with those reported in the previous

® 1 also provide pre-trend estimates for periods beyond the specified leads and lags in the green dots in
Fig. 2. They confirm the lack of significant pre-treatment trends for periods beyond the specified leads.
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sections. (iii) Most of the results indicate that the effects of IFFs on deforestation and forest
loss increase and persist over time, offering new evidence of the dynamic effects of IFFs.
(iv) One may conclude from these figures that IPW provides a reliable matched control,
reinforcing the validity of the doubly robust weighted regression estimator adopted in this
study.

Considering some concerns about potential pre-trends over an extensive event win-
dow, I check the sensitivity of the event study results by estimating a saturated model that
includes all possible leads and lags see Fig. 6 (in the appendix). Reassuringly, the baseline
results do not show any significant pre-trends within this large event window, which under-
scores the robustness of the results. The cumulative lead estimates (green dots) perfectly lie
on the horizontal line, suggesting the absence of pre-trends, which is critical for a plausible
causal interpretation of the effect of IFFs on deforestation.

Second, even if IFFs affect deforestation and forest loss at the country level, the effects
might be substantial at the local scale due to the heterogeneity within countries regarding
deforestation and forest loss patterns. This observation has led recent studies to investigate
the drivers of deforestation at the subnational level or even finer local scale (Lundberg and
Abman 2022; Morpurgo et al. 2023; Salemi 2021). This study also looks into this avenue
and assesses the sensitivity of the baseline results by extracting deforestation and forest
loss for 1054 subnational districts in 60 tropical countries. The estimation results in Table 4
(in the appendix) suggest that higher exposure to IFFs leads to deforestation and forest loss
at the subnational level, although the positive effects on deforestation become statistically
insignificant when controlling for district fixed effects. Despite the advantage of the greater
statistical power to detect a positive and significant effect on forest loss, one may argue that
the significant effect on deforestation may be obscured by omitted variable bias at the local
scale or may not be sufficiently large to be measurable at the district level as the magnitude
of the point estimate become small and even close to zero as depicted in columns 2 and 4
(Table 10). Detecting the local effects of IFFs on deforestation and forest loss suggests the
robustness of the baseline results to within-country heterogeneity in the deforestation and
forest loss patterns. These findings provide new insights in favor of the potential cumula-
tive effects of IFFs from the subnational to the country level and that the aggregate country
level trends in deforestation and forest losses do not drive the results.

Third, the results thus far have been based on defining treatments in terms of a sustained
increase in IFFs over three years. It is critical to ensure that the inference is not sensitive to
the statistical definition of the treatment as a sustained higher increase in IFFs. One way to
investigate this sensitivity is to re-estimate the baseline regression using a new treatment,
defined as any changes in IFFs greater than or equal to the 50th percentile of the distribu-
tion of IFFs, without imposing restrictions on the duration. Table 11 in the appendix shows
that the standard errors and the magnitudes of the point estimates obtained under the new
treatment largely accord with those of the main specification of the study. This suggests
that the main findings are robust to changes in the definition of the treatment.

Fourth, although it is typical to establish a cut-off around the median (50th percentile) in
empirical analysis, there is some degree of arbitrariness in how the treatment is established,
in particular, any increase greater than or equal to the 50th percentile of the distribution of
IFFs. To check the sensitivity of the result to the definition of the treatment, I re-estimate
the baseline specification using a new threshold around the 60th percentile of the distribu-
tion of IFFs. Treated countries are those experiencing a jump in IFFs greater than or equal
to sixty percentiles of the distribution of IFFs. Tables 12 and 13 (in the appendix) report
the results of the balance tests and the average treatment effect, respectively. Table 12
indicates that the inverse probability weighting approach yields reliable matched control
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groups that perfectly balance exposed countries to high IFFs with their counterfactuals,
which is essential for the internal validity of the identification strategy. Table 13 shows that
baseline results remain statistically unchanged to the introduction of a new treatment vari-
able capturing a significant increase in IFFs, although there is a slight increase in the point
estimates of the effects of IFF exposure on forest loss cover.

Fifth, I consider the robustness of the construction of the matched controls or counter-
factual groups to alternative matching methods. To do so, I rely on three matching tech-
niques: the nearest neighbor matching method, propensity score matching, and the entropy
balancing procedure. Table 14 (in the appendix) reports the results across different match-
ing methods. The ATT shows relatively larger positive effect sizes for forest loss relative to
deforestation, consistent with the baseline results. This suggests that the alternative match-
ing specifications are similar to the preferred baseline estimates in terms of precision.

Sixth, I conduct a placebo test to investigate if the likelihood of exposure to IFFs is iden-
tifying the causal effects of a sustained increase in IFFs on deforestation and forest losses
or whether the effects I find are simply due to chance as a result of potentially confounding
issues such as model misspecification or lack of power. To test this, I use the permutation
test by comparing the preferred estimates to a distribution of pseudo-treatment effects. To
conduct the permutation test, [ define a placebo by randomly assigning treatment (exposure
to IFFs) to the countries in the sample. After the random treatment assignment, I follow the
doubly robust weighted regression approach as in the baseline specification. The distribu-
tion of results from the permutation test is illustrated in Fig. 4. It is clear that none of the
placebo runs generated estimates close to the actual derived treatment effect, as denoted by
the dashed line in Fig. 5. This suggests that the doubly robust weighted regression estima-
tor is indeed powered to estimate causal exposure to IFFs.

Seventh, I also perform a falsification analysis using the share of terrestrial and marine
protected areas as alternative dependent variables. The idea is to test whether the baseline
treatment effect is not driven by a time-varying conservation policy correlated with defor-
estation rates and forest losses. As reported in Table 15, the absence of treatment effect in
the falsification exercise provides strong evidence that land conservation policy or any land
reforms cannot be a source of bias. Overall, the falsification tests indicate the validity of
the research design and address potential confounding concerns related to land conserva-
tion policy.

Eighth, to assess whether the baseline results are sensitive to the doubly robust weighted
estimator, | re-conduct the analysis using interactive fixed effect models (Bai Jushan 2009),
along with panel fixed effects and unweighted least squares. One of the appealing features
of the interactive effect model is that it facilitates the control for cross-section dependence
caused by spatial correlation and spatial spillovers resulting from countries being exposed
to a common set of shocks or global business cycle effects. Therefore, the interactive effects
model uses factor model estimators, rather than OLS, to estimate the traditional two-way
fixed effects specification so that it can accommodate unobservable common factors with-
out having to make specific assumptions about the form of the unobserved common factors
(Kim and Oka 2014).” Tables 16 and 17 in the appendix show that exposure to IFFs signifi-
cantly increases deforestation and forest loss. Based on the IFE results, sustained exposure
to IFFs significantly increases deforestation and forest loss by 0.131 percentage points and

7 As suggested by Moon and Weidner (2017), parameter estimates tend to stabilize after the true number of
factors has been reached. Building on this argument, I report the IFE results with two common factors: the
number of common factors beyond which the point estimates remain relatively stable.
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Table 5 Differential analysis: Interaction effect of state assets and the control of the movement of capital

Deforestation rate Log forest loss
1 2 3 4
Exposure to IFFs 0.380%%*%* 0.178%%** 2.914%#%* 1.241%%%*
(0.086) (0.038) (0.404) (0.134)
State assets 0.023*%*%* 0.100%%*%*
(0.006) (0.034)
Control of capital —0.038**%* —0.235%%*
(0.005) (0.041)
Interaction of IFFs with
State assets (lag) —0.044 %% —(0.372%**
(0.013) (0.054)
Control movement of capital (lag) —0.019%** —0.141%%*
(0.005) (0.018)
Year FE Yes Yes Yes Yes
Country FE Yes Yes Yes Yes
Covariates Yes Yes Yes Yes
R-squared 0.797 0.803 0.884 0.884
Observations 600 600 600 600

Dependent variables are deforestation rate and log forest loss. The treatment dummy “Exposure to IFFs”
goes to 1 when movements in IFFs are greater than or equal to the 50th percentile of the IFF distribution
over a 3-year window. Covariates include real GDP per capita growth, agricultural share in GDP, corrup-
tion, forest rents, external debt, agricultural land, years of schooling, net official development assistance,
and population. Robust standard error in brackets. ***, ** *_ represent 1%, 5%, and 10% significance lev-
els, respectively

0.285 percentage points, respectively (columns 2 & 4 in Table 17). This result for forest
loss perfectly aligns in magnitude with the baseline ATT reported in Table 4. Overall, these
findings show once again that exposure to IFFs increases deforestation and forest cover
losses, implying the robustness of the doubly robust weighted regression estimator.

Ninth, one may argue that the underlying identification strategy is analogous to the
standard two-way fixed effects regression model with a treatment dummy. However,
recently, several scholars have pointed out the classic two-way fixed effects do not give the
ATT in the presence of treatment effect heterogeneity (de Chaisemartin and D’Haultfceuille
2020; Wooldridge 2021). As such, the underlying identification strategy may not be tenable
to recover ATT. To provide additional credibility, I apply the two-way Mundlak regres-
sion coined by (Wooldridge 2021) that allows for treatment effect heterogeneity over time
and across groups. Table 18 shows that the ATT remains positive and statistically signifi-
cant across the standard difference in difference (TWFE) and the heterogeneous/staggered
difference-in-differences (DiD) specifications. However, the estimated effect is somewhat
larger under the heterogeneous DiD specification. I corroborate this finding with Fig. 5 by
plotting the coefficients on each calendar year across all groups.

Tenth, in the final robustness check, I re-estimate the baseline treatment effect using
the alternative measure of IFF, namely capital flight provided by (Ndikumana and Boyce
2018). As the data on capital flight is only available for African countries and broadly used
in the literature (Kassouri 2024b). This exercise can also be seen as a sensitivity analysis
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Table 6 Potential channel Dependent variable  Credit to the Real effective ~ Tax revenue

analysis private sector ~ exchange rate
Exposure to IFFs —0.193%%%* 0.512%%* —0.046%**
(0.051) (0.216) (0.004)

Year FE Yes Yes Yes
Country FE Yes Yes Yes
Covariates Yes Yes Yes
R-squared 0.766 0.415 0.948
Observations 600 600 600

All models include control variables and fixed effects at the country
and year levels. Control variables include real GDP per capita growth,
agricultural share in GDP, corruption, forest rents, external debt, agri-
cultural land, years of schooling, net official development assistance,
and population. Robust standard error in brackets. ***  ** *_ repre-
sent 1%, 5%, and 10% significance levels, respectively.

of the treatment effect to a subsample of African countries as capital flight costs African
countries around $ 50 billion per year, outweighing the amount of official development
assistance the continent receives annually (UNCTAD 2020). Using the same definition of
the treatment and estimation approach as in the baseline specification, I re-estimate the
deforestation impact of exposure to capital flight for 29 African countries. Table 19 shows
that IPW provides a valid control group as covariates are, on average, balanced between
treated units and their untreated matches. Table 20 reports the ATT across different speci-
fications. Overall, the results support the baseline results that sustained outflows of capital
increase deforestation rate and forest cover loss.

4.2 Differential Analysis: the Role of Capital Control and Asset Ownership

Table 5 reports the results of the differential analysis by separately including two interac-
tion terms, one between lag capital control and exposure to IFFs and another one between
lag state asset and exposure to IFFs.® Columns 1 and 3 show that state assets positively and
significantly increase deforestation and forest loss, suggesting that countries with a sig-
nificant state ownership of assets would experience an overexploitation of forest resources.
However, the negative and statistically significant interaction terms show that countries
with strong state ownership of assets tend to mitigate the positive influence of exposure to
IFFs on the depletion of forest resources. As capital control is negatively and significantly
associated with deforestation and forest losses in columns 2 and 4, one may claim that con-
trols over the movements of capital can reduce the exploitation of forest resources. Inter-
estingly, the interaction effect shows that capital control significantly reduces the defor-
estation and forest loss effects of exposure to IFFs. Overall, these findings indicate that

8 Tt is essential to clarify that the interaction of IFFs with capital control/ownership cannot necessarily be
interpreted causally, as capital control could be correlated with other variables that also could plausibly
moderate IFFs-deforestation relationships. Instead, these interactions approximate how the causal effects of
IFFs differ in countries with different levels of capital controls. However, to minimize endogeneity concerns
in the differential analysis, we interact IFFs with lagged (one-year lag) capital control and asset ownership.
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countries with greater state ownership of assets and strict capital control can reverse the
depletion of forest stocks stemming from exposure to IFFs.

4.3 Underlying Channels

I examine the role of real effective exchange rates, access to credit, and tax revenue as
possible channels through which exposure to IFFs could potentially influence deforesta-
tion rate and forest cover loss. The results in Table 6 show that exposure to IFFs is associ-
ated with a significant decrease in access to credit and tax revenue losses and an increase
in real effective exchange rate (real currency depreciation). This suggests that exposure to
IFFs increases deforestation through currency depreciation, credit constraints, and lower
tax revenue.

5 Discussion and Policy Implications

This paper explores the effect of exposure to large illicit financial outflows on deforest-
ation and forest cover loss, bringing several contributions to the literature on this issue.
First, I have broadly established that exposure to a sustained increase in IFFs leads to
deforestation and the loss of forest coverage. This finding is consistent with the intuition
from previous studies that under conditions of insufficient human-made capital in low-
and middle-income countries, forest resources do and can contribute to substituting other
forms of capital (Razafindratsima et al. 2021; Sunderlin et al. 2005). One could argue that
the lack of human-made capital due to IFFs presents barriers to unlocking investments in
new technologies to manage forest resources. By reducing the pool of money available to
invest in sustainable forest-agriculture landscapes, IFFs can severely undermine investment
towards climate risk management required to mitigate the effects of climate shocks on for-
ested land. In addition, the disappearance of capital for domestic sustainable investment
due to IFFs can push governments in the tropics to rely heavily on the exploitation of the
relatively more abundant natural resource (tropical forest products) as a source of exter-
nal revenues to make up the financial gaps needed to support economic development. As
a result of these macroeconomic factors, exposure to IFFs can positively influence defor-
estation and forest loss. This study expands previous studies related to the macro-financial
impact of illicit financial flows and capital flight (Ashman et al. 2011; Leonce et al. 2014;
Moulemvo 2016; Muchai and Muchai 2016; Yalta 2010), by providing the first evidence on
the land use changes associated with IFFs.

Secondly, this study unpacks the literature on the political economy of deforestation
(Burgess et al. 2012; Larcom et al. 2016) by documenting the merit of capital controls
and state ownership of assets to mitigate the positive influence of the exposure to IFFs on
forest loss. However, unlike capital controls, it is documented that state ownership over
land and assets can be detrimental to the preservation of forest resources. This finding is
consistent with the argument that state ownership can sometimes conflict with customary
ownership rights, encouraging rent-seeking and the overexploitation of forest resources
(Burgess et al. 2012). The finding that capital controls enhance forest conversation implies
that restrictions over capital movements may lead to greater efficiency by shifting capital
flows towards sustainable ends beneficial for conservation and lowering financial outflows
in tropical countries.
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Thirdly, the channel analysis reveals that real exchange rate, access to credits, and tax
revenue losses are essential channels through which exposure to IFFs can lead to defor-
estation and forest cover loss. The results indicate that exposure to IFFs is associated
with real currency devaluations (higher real exchange rate), making exporting agricul-
tural and forest products more profitable. This leads to severe concerns over inappropri-
ate forestland conversion to agriculture and encourages deforestation. The channel of
real exchange rate misalignments seems consistent with several previous contributions
(Arcand et al. 2008; Damette and Delacote 2012). Access to credit plays a crucial role in
driving the influence of IFFs on deforestation. I document that exposure to IFFs reduces
the availability of credit, preventing capital expenditures required to improve agricul-
tural technology and productivity, which may actually increase deforestation. Looking
at the tax revenue channel, it is documented that the contraction of tax revenue resulting
from the exposure to IFFs mitigates public resources available to monitor and invest in
the sustainable use of forest resources, suggesting that domestic revenue leakage from
IFFs could pose severe threats to existing forest resources. This provides new insights
into the argument that an effective mobilization of resources can substantially reduce
forest cover loss in resource-rich countries (Kinda and Thiombiano 2021).

This study offers important implications for curbing financial crimes and preserv-
ing forest resources. The findings imply that national governments must intensify their
efforts in the fight against capital flight by, among others, establishing the conditions
for better-quality institutions with stronger stakeholder accountability and corruption
control to mitigate the adverse effects of capital flight on deforestation. Another impor-
tant implication is the need for international financial reforms in the fight against IFFs.
While the Global Forum’s information-sharing mechanisms have been effectively used
to combat illicit transactions (Langenmayr and Zyska 2023), it is essential to consider
the ecological impacts of these illicit flows when setting new cross-border financial
information exchange policies. Since pressures on forest resources and land degrada-
tion in tropical countries can accelerate the ongoing worldwide biodiversity and eco-
logical crises, conservation policy debates must consider the environmental and land
use ramifications of financial crimes, which have been overlooked in the current policy
discourse.

While this study is the first to characterize the impact of financial crimes on tropical
deforestation, it still faces some limitations that provide a direction for future investigations.
Although I explore the potential channels through which exposure to IFFs can influence
forest conservation in an empirical framework, one can design a very stylized theoretical
model to capture the relationship between capital outflows and natural resource depletion
in a resource-abundant setting, though this will be the subject of future work. Additionally,
future studies could employ continuous treatment models or leverage exogenous variations
through an instrumental variable approach to further investigate the relationship between
illicit financial flows (IFFs) and environmental outcomes.

Appendix

See Figs. 3, 4, 5, 6 and Tables 7, 8, 9, 10, 11, 12, 13, 14, 15, 16, 17, 18, 19, 20.
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Fig.3 Average deforestation and forest loss across treated and untreated countries
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Fig. 4 Distribution of ATT from placebo tests, shows histograms of the estimated effects of IFF exposure
on deforestation and log forest loss from 1000 simulations where treatment is randomly assigned. The
dashed vertical lines indicate the estimates from our preferred baseline specification (non-placebo esti-
mates) from column 8 in Table 4
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Fig.6 Event study analysis over a large window. This figure shows the event-study plots of the exposure
to IFFs on deforestation rate as specified in Eq. 3. The vertical line indicates the year preceding exposure
to IFFs. The shaded band represents 95 percent confidence intervals. The model includes year and country
fixed effects with robust standard errors. The green dots represent the aggregation of the periods beyond the
specified leads and lags
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Table 8 Summary statistics

Variables Obs Mean std. dev Min Max
Deforestation rate 600 0.633 0.542 0.004 3.852
Forest loss 600 2077.39 4969.128 0.291 47,991.41
IFFs 600 7701.698 11,410.128 3 51,239
IFF_GDP 600 2.211 4213 0.001 26.528
GDP per capita growth 600 4083.872 3548.29 274.131 18,651.09
corruption 600 0.374 0.119 0 0.672
Schooling 600 0.464 0.198 0 0.894
Population 600 8.01e+07 2.29¢+08 230,247 1.35e+09
Debt 600 37.523 28.331 4.950 369.3481
Aid 600 9.48+¢e08 1.1e+09 —4.1e+08 4.9¢+09
Agricultural land 600 39.059 17.707 0.469 79.166
Agriculture 600 19.689 10.693 0.456 60.286
Forest rents 600 2.561 3.828 0.016 30.065
Tax revenue 600 7.871 0.924 0 9.81
Credit 600 44.574 36.375 2.659 149.3733
real exchange rate 600 100.186 13.040 65.326 144.147
state assets 600 7.090 1.144 2.98 9.31
Controls of capital 600 6.467 1.404 0.79 9.08
Obs: observation, std. dev.: standard deviation, Min: minimum, and Max: maximum
Table 9 Treated and untreated Unmatched sample Matched sample
samples
Treated  Untreated  Treated  Untreated

IFF exposure 4.230 0.243 4.230 0.471

Number of countries 22 38 22 38

Number of districts 579 475 579 475

@ Springer
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Table 10 Effects of the exposure to IFFs on deforestation and forest loss at the local scale

Dependent variable Deforestation rate Log forest loss
1 2 3 4 1 2 3 4
Exposure IFFs 0.204*** 0.029  0.177*** 0.023  0.083*** (0.015%** 0.076%** 0.014%***
(0.022)  (0.035) (0.020)  (0.034) (0.011)  (0.002)  (0.011)  (0.002)
State FE No Yes No Yes No Yes No Yes
Year FE No No Yes Yes No No Yes Yes
R-squared 0.020 0.592  0.043 0.610 0.010 0.795 0.014 0.798
Observations 10,540 10,540 10,540 10,540 10,540 10,540 10,540 10,540

The dependent variables are deforestation rate and log forest loss at the subnational level. The treatment
dummy “Exposure to IFFs” goes to 1 when changes in IFFs are greater than or equal to the 50th percentile
of the IFF distribution over a 3-year window. Covariates include real GDP per capita growth, agricultural
share in GDP, corruption, forest rents, external debt, agricultural land, years of schooling, net official devel-
opment assistance, and population. Robust standard error in brackets. ***, #** *_ represent 1%, 5%, and
10% significance levels, respectively

Table 11 Effects of the exposure to IFFs on deforestation and forest loss using any increase in IFFs over
three years as treatment

1 2 3 4 5 6 7 8

Panel A Dependent variable: Deforestation rate
Exposure IFF  0.226%** (.195%*% (.096%** (.086%*** (.216%** (.183%** (.100%** (.066%**
(0.013) (0.011) (0.015) (0.014) (0.013) (0.012) (0.015) (0.014)

Covariates No No No No Yes Yes Yes Yes

Year FE No Yes No Yes No Yes No Yes

Country FE ~ No No Yes Yes No No Yes Yes

Observation 600 600 600 600 600 600 600 600

R-squared 0.052 0.118 0.742 0.791 0.084 0.152 0.751 0.796
Panel B Dependent variable: Log forest loss

Exposure IFF  2.299*#%*  2.080%** (.227#%*% (.199%** 2.645%** 2456%*%* (.360%** (.222%**
(0.159) (0.144) (0.022) (0.033) (0.154) (0.143) (0.032) (0.039)

Covariates No No No No Yes Yes Yes Yes
Year FE No Yes No Yes No Yes No Yes
Country FE ~ No No Yes Yes No No Yes Yes
Observation 600 600 600 600 600 600 600 600

R-squared 0.042 0.065 0.878 0.888 0.318 0.321 0.875 0.884

The dependent variables are deforestation rate in panel A and log forest loss in panel B. The treatment
dummy “Exposure IFF” goes to 1 when changes in IFFs are greater than or equal to the 50th percentile of
the IFF increase distribution. Covariates include real GDP per capita growth, agricultural share in GDP,
corruption, forest rents, external debt, agricultural land, years of schooling, net official development assis-
tance, and population. Robust standard error in brackets. ***, **_* represent 1%, 5%, and 10% significance
levels, respectively
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Table 13 Effect of the exposure to large increase in IFFs on deforestation rate and forest losses

1 2 3 4 5 6 7 8
Panel A Dependent variable: Deforestation rate
Exposure IFF  0.243%%%  (0.243%%*% (0.046%* 0.091%** 0.297*** (0.270%** 0.055%** 0.081%**
(0.022) (0.017) (0.018) (0.015) (0.014) (0.013) (0.018) (0.015)
Covariates No No No No Yes Yes Yes Yes
Year FE No Yes No Yes No Yes No Yes
Country FE ~ No No Yes Yes No No Yes Yes
Observation 600 600 600 600 600 600 600 600
R-squared 0.565 0.149 0.769 0.818 0.105 0.173 0.751 0.797
Panel B Dependent variable: Log forest loss
Exposure IFF  3.033%#* 2 .885%#* (0.076%* 0.306%** 3.2909%%* 3 147+%* (.334%** (.473%**
(0.202) (0.200) (0.033) (0.041) (0.205) (0.197) (0.041) (0.054)
Covariates No No No No Yes Yes Yes Yes
Year FE No Yes No Yes No Yes No Yes
Country FE No No Yes Yes No No Yes Yes
Observation 600 600 600 600 600 600 600 600
R-squared 0.065 0.085 0.870 0.888 0.328 0.321 0.875 0.884

The dependent variables are deforestation rate in panel A and log forest loss in panel B. The treatment
dummy “Exposure IFF” goes to 1 when changes in IFFs are greater than or equal to the 60th percentile of
the distribution of IFFs. Covariates include real GDP per capita growth, agricultural share in GDP, corrup-
tion, forest rents, external debt, agricultural land, years of schooling, net official development assistance,
and population. Robust standard error in brackets. ***, ** *_ represent 1%, 5%, and 10% significance lev-

els, respectively

Table 14 Effects of exposure
on deforestation and forest
loss based on nearest neighbor
matching method

Matching methods Deforestation rate Log forest loss
Coefficient Std. Err  Coefficient  Std. Err
Nearest neighbor (NN)  0.096***  (0.022) 1.129%**  (0.078)
Nearest 2 neighbors 0.104%** (0.022)  1.164%** (0.078)
Nearest 3 neighbors 0.163%** (0.009)  1.234%*:* 0.077)
Nearest 4 neighbors 0.164%*%%  (0.009) 1.234***  (0.077)
NN exact matching 0.187***  (0.009) 0.737***  (0.061)
NN bias adjusted 0.201%**  (0.029) 2.538***  (0.088)
Propensity score 0.285%%#:% (0.009) 2.303%** (0.099)
Entropy balancing 0.026%* (0.011) 0.225%**  (0.040)
Year FE Yes Yes
Country FE Yes Yes
Covariates Yes Yes
Observations 600 600

The baseline ATT results using alternative matching techniques to
construct the matched control group. Covariates include real GDP
per capita growth, agricultural share in GDP, corruption, forest rents,
external debt, agricultural land, years of schooling, net official devel-
opment assistance, and population. Robust standard error in brackets.
wak Rk * represent 1%, 5%, and 10% significance levels, respectively
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Table 15 Falsification test Dependent variable: log terrestrial and marine

protected areas

1 2 3 4
Exposure to IFFs —-0.311 —0.358 0.002 —0.048

(0.201) (0.224) (0.006) (0.046)
Year FE No Yes No Yes
Country FE No No Yes Yes
Covariates Yes Yes Yes Yes
R-squared 0.148 0.163 0.124 0.980
Observations 600 600 600 600

This table reports the falsification analysis using log terrestrial and
marine protected areas as a dependent variable. Covariates include
real GDP per capita growth, agricultural share in GDP, corruption,
forest rents, external debt, agricultural land, years of schooling, net
official development assistance, and population. Robust standard error
in brackets. *¥* ** * represent 1%, 5%, and 10% significance levels,
respectively

Table 16 Estimation results using OLS and panel fixed effect

Pooled OLS Panel fixed effects

1 2 3 4 5 6 7 8

Exposure to IFFs  0.144%#% (.149%#% 1. 163%+% 1 813%++ (14500 (. 101%%% 0.400%++ 0.444%%
(0.0250) (0.026)  (0.292)  (0.084) (0.022)  (0.024)  (0.050)  (0.047)

Year FE No No No No Yes Yes Yes Yes
Country FE No No No No No Yes No Yes
Covariates No Yes No Yes No Yes No Yes
R-squared 0.018 0.097 0.013 0.352 0.196 0.224 0.069 0.091
Observations 600 600 600 600 600 600 600 600

The dependent variable is deforestation rate in columns 1 and 2 and columns 5 and 6, while columns 3 and
4 and columns 7 and 8 use log forest loss as dependent variable. The treatment dummy “Exposure to IFFs”
goes to 1 when 