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Abstract

By 2022, large-scale land acquisitions, a key component of agricultural foreign direct investment, cov-
ered more than 4% of the world’s arable land. This paper examines their impact on agricultural pro-
duction, environmental outcomes, and local communities. To identify these effects, we exploit an
exogenous increase in palm oil land acquisitions driven by the Ebola epidemic in Liberia. We find a
substantial increase in land dedicated to palm oil cultivation and increased imports of palm oil-specific
inputs, suggesting a transition from traditional to industrial production. This is associated with a
subsequent significant increase in palm oil exports. The expansion of this tradable industry generated
modest positive effects on the local economy and spurred structural transformation: women transi-
tioned from agriculture to service and sales jobs, while men shifted into manual labor positions. The
expansion also entailed negative environmental consequences, including increased deforestation, air

pollution, and forest fires.
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1 Introduction

Resource-based concessions represent an important component of investment structures in developing
economies, which experienced an overall growth of foreign direct investment of approximately 10% yearly
between 2000 and 2017, peaking at $15 billion in 2015. The primary form of these investments is the
acquisition or long-term leasing of land, commonly referred to as large-scale land acquisitions (LSLAs)—
another term for land concessions. By 2022, over 60 million hectares were acquired globally through
public large-scale land deals (4.3% of the world’s arable land—more than the total arable land in Brazil,
which ranks fifth globally in arable land area), and the number of large-scale land contracts increased by
128% over the past 13 years.! Since their inception, these concessions have sparked significant debate.” Ad-
vocates highlight potential benefits such as increased productivity, capital inflows, and positive impacts
on local economies. Critics emphasize negative environmental consequences, the absence of production
gains, and detrimental effects on local economies.” However, empirical evidence on their effects remains
scarce, as suggested by the call for further research by Liao et al. (2016). Indeed, the sparse nature of con-
cession data, combined with their endogenous allocation, makes it particularly difficult to identify their
effects.

This paper documents an exogenous increase in LSLAs and leverages this increase to examine its con-
sequences on agricultural production, environmental outcomes, and local communities. We perform our
analysis in the palm oil sector in Liberia. The country’s unique bureaucratic procedures for granting land
concessions and the specificities of the palm oil production process enable us to detect variations in land
acquisitions, usually unobserved, through changes in deforestation. Our results may be extended to land
acquisitions in developing countries characterized by extensive monocultures, accounting for more than
65% of all land deals recorded as of the end of 2024.% Notably, 15% of worldwide LSLA deals involve
palm oil exclusively. Therefore, our findings speak to the consequences of a large transformation process
affecting the agricultural sector in developing countries.

We combine geo-localized data on tree coverage, palm oil concessions, household surveys, and addi-
tional ancillary data. The resulting dataset is structured as a comprehensive grid of Liberia, comprising

30,114 cells, each covering approximately 5 km? over a nine-year period. To measure deforestation, we use

! Authors’ calculations based on data from FAOSTAT for FDI inflows; FAO report on FDI in agriculture (FAO, 2009) and
German Federal Ministry for Economic Cooperation and Development (GTZ, 2009) for investment details; Land Matrix for
data on land acquisitions; and FAO (2021) for world’s arable land (1.38 billion hectares in 2019).

2This phenomenon is more prevalent in developing countries, particularly in Africa (Deininger & Byerlee, 2011; De Schut-
ter, 2011; Nolte et al., 2016). Although less widespread, these acquisitions also occur in developed countries. For instance, in
Romania, more than 35% of agricultural land is owned by foreign investors (European Economic and Social Committee, 2015).

3For discussions of potential benefits, see for instance FAO Insights, the Report on FDI in Agribusiness in Armenia by
World Bank (2017), the UNCTAD (2009)’s World Investment Report, and the World Bank (2011)’s Agriculture and Rural
Development Report. For critiques, see FAO (2012), the Analysis of LandMatrix Data by MISEROR (2021), UNCTAD (2022),
and World Bank (2009)’s Agriculture and Rural Development Report.

* Authors’ calculations based on data from Land Matrix. Developing countries include those in Africa, South and Central
America, South-Eastern Asia, and Eastern Europe. Extensive monoculture crops are defined here as corn, wheat, cotton, palm
oil, timber, and rubber trees, which share similar production characteristics.
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MODIS Vegetation Continuous Fields, which provides percentage coverage data across seventeen mutu-
ally exclusive land cover classes. This enables us to quantify both deforestation and palm oil cultivation.
To de ne the concessions, we rely on maps provided by Global Forest Watch. To examine the e ects of
LSLA on local communities, we use data from the Demographic and Health Surveys (DHS) data. These
nationally representative household surveys collect a wide range of indicators on health, demographics,
education, and employment.

The analysis consists of three steps. First, we document an exogenous increase in LSLA contracts,
driven by the 2014 Ebola epidemic, through changes in deforestation. Deforestation allows us to measure
LSLAs, although land contracts are unobséiweldo so by employing a local di erence-in-di erence
design, using areas outside the concessions up to 10 km from the border as a control group. Our iden-
ti cation assumption is that the Ebola epidemic had no di erential inguadily just outside and just
inside areakesignated for LSL8ther than LSLAs itself. The local nature of our strategy is key for iden-
ti cation. These areas were speci cally designated for palm oil LSLA contracts, and their boundaries do
not align with administrative ones (as shown in Figure A4 in Apperfdihis)implies that the only fac-
tor discontinuous at the border is the possibility of signing large-scale land contracts. By comparing pixels
located just outside and just inside the areas of interest before and after the Ebola outbreak, we observe a
3% decrease in the percentage of evergreen broadleaf cover (more than 100 million trees lost). The stag-
gered local di erence-in-di erence analysis reveals no signi cant pre-trend in deforestation. These results
indicate an increase in LSLA contracts within the areas of interest driven by the outbreak of the Ebola
epidemic. We document one potential mechanism that may explain this pattern: the diversion of NGOs'
attention previously focused on protecting locals' land rights towards the health crisis. In Section 4.1,
and more in detail in Appendix E, we provide detailed supporting evidence for this explanation.

Second, we leverage this exogenous increase to examine the consequences of LSLAs on palm oil pro-
duction. We focus on two main production inputs: land and capital. Using the same speci cation and
identi cation assumption as in the previous analysis, we nd an increase in palm oil land cover that pre-
cisely o sets the decrease in forest cover, indicating an increase in cultivation. To complement this evi-
dence, we also use additional data that allows us to study the proportion of land allocated to each crop.
We nd that in these areas land was already being used to produce cereals, palm oil, and roots, and that,
following the Ebola outbreak, there was a substantial increase in land dedicated to palm oil cultivation.
For capital, we study imports of palm oil inputs. We compare these imports with other imports before
and after the health crisis. The identi cation strategy relies on a standard parallel trends assumption: in
the absence of the health crisis, imports of palm oil inputs would have followed the same trend as all other

SDeforestation is the essential initial step in palm oil production. Furthermore, only palm oil companies are permitted
to operate within concession areas in Liberia. Although concessions may have already been granted, companies cannot expand
production in these areas without signing new agreements with local communities. Consequently, within palm oil concessionsin
Liberia, deforestation serves as a necessary and su cient condition for LSLA contracts. Section 4.1 provides a detailed explanation
of this context.

6As a result, land use (Figure 4), wealth and health of individuals (Table 2), and their occupation (Table 3), were balanced
across the boundaries before the Ebola outbreak.



Liberian imports. Due to the aggregate nature of this analysis, however, causal identi cation remains more
limited at this stage. Nevertheless, the detailed granularity of the import data and the resulting ability to
target palm oil inputs speci cally are reassuring about our ability to identify key correlations in the data.
We nd an increase in the imports of fertilizers, harvesting tools, and palm oil extracting machines. As
a placebo exercise, we explore the e ects on other non-agricultural and agricultural imports, nding null

e ects. Most importantly, we observe no increase in similar products used in agriculture but not in the
palm oil sector (such as milling machines). These results suggest a substantial expansion in land allocated
to palm oil cultivation, and a transition from a traditional, labour intensive, production equilibrium to

a more industrial one. This is associated, approximately three to four years after the epidemic the time
required for plantations to mature, comparing the mean before 2013 to the mean in 2016 and 2017 with

a 1064% increase in the quantity of palm oil exported from Liberia (Figure 1).

Figure 1: Liberian Palm Oil Exports

NotesQuantity of palm oil exports in metric tons from Liberia during the pe-

riod from 2000to0 2018. Ittakes 3-4 years for a plantation to become productive,
which explains the lag between the Ebola outbreak (2014) and the increase in ex-
ports. Export data from BACI HS6 Revision 1992 (1995 - 2018), product cate-
gories HS: 151110 Vegetable oils: palm oil and its fractions, crude, not chemi-
cally modi ed (crude) and 151190 Vegetable oils: palm oil and its fractions,
other than crude, whether or not re ned, but not chemically modi ed (possibly

re ned).

Third, we explore the e ects of this increase in LSLA on the environment and the local economy. By
comparing pixels just outside and just inside concessions, before and after the Ebola outbreak, we nd a
12% increase in carbon dioxide emissions, consistent with other palm oil contexts, a 1% increase in PM2.5
and no change in N20. We also nd a signi cantincrease in re events, which is in line with the increase
in PM2.5, although the precision of the estimate varies across speci cations. To conclude, we look at
the e ects on the local economy with survey data (the DHS). We compare individuals living in villages
just outside and just inside the same concession, before and after the Ebola outbreak. Placebo tests (e.g.,



age, religion, ethnicity) con rm no pre-existing di erences or time trends. We document a 12% decline in
land ownership, con rming the link between deforestation and LSLAs in the Liberian palm oil sector. At

the same time, wealth and health indicators improve modestly, with increases in the wealth index (0.34
standard deviations), education levels (13%), and weight-for-height (0.176 standard deviations), despite
no pre-Ebola di erences in these outcomes. We nd no signi cant change in unemployment rates, but
sectoral shifts. After the outbreak, agricultural employment declines by 25% for wives and 20% for hus-
bands in the a ected areas. Wives transition primarily to sales and services (up 32%), while husbands shift
to manual labor (up 33%). All results are robust to di erent speci cations and robustness checks. For
example, when limited to the subsample of individuals who had lived in the village for at least 6 years the
minimum time period between the last year of our sample (2018) and the Ebola outbreak (2013) or when
we gradually restrict the control sample to increasingly distant villages to assess potential violations of the
SUTVA assumption.

Overall, the ndings suggestthat LSLAs have signi cantly expanded palm oil production (both by real-
locating land from forests to this cultivation and by shifting the production equilibrium from a traditional
to a more industrial, capital intensive one), targeting global markets (in line with the predetermined goals:
Republic of Liberia & International Trade Center - WTO and UN, 2014). The expansion of this tradable
industry has brought modestimprovements in wealth, health, and education outcomes for residents in the
a ected areas. Additionally, it appears to have initiated a structural transformation, with some individu-
als transitioning out of agriculture into sectors such as sales, services, and manual labor, likely re ecting
changes in the relative use of inputs within the sector. However, these developments are accompanied by
increased deforestation, higher CO2 emissions, and forest res. These ndings may extendto LSLAs, and,
more generally, agricultural FDIs in extensive crops within developing countries. Notably, 94% of LSLAs
occur in developing nations (including regions such as Africa, South and Central America, South-Eastern
Asia, and Eastern Europe), with 71% focused on extensive monoculture crops such as corn, wheat, cotton,
palm oil, timber, and rubber.

This paper relates to two related strands of literature. The primary one focuses on the e ects of re-
source concessions on local economies. Although mainly developed outside economics, this literature
has primarily examined historical concessions, highlighting negative consequences for long-run develop-
ment (e.g. Dell, 2010; Bobonis & Morrow, 2014; Lowes & Montero, 2021) with some exceptions (Dell &
Olken, 2020Y. Within this literature, the closest paper to ours is Méndez and Van Patten (2022), which
demonstrates positive e ects of land concessions on living standards in Costa Rica. We complement their
work by examining e ects on agricultural production and environmental outcomes, while also providing
an alternative mechanism for these e ects: changes in production inputs and the consequent structural

"The majority of scholars have highlighted the negative environmental consequences of this phenomenon, ranging from
controlled res (e.g., Nepstad et al., 1999; Carlson et al., 2012), to deforestation (e.g., Davis et al., 2015, 2020; Probst et al.,
2020), and water scarcity (e.g. Rulliet al., 2013; Johansson et al., 2016; Chung, 2019). Few scholars in development studies have
presented often contrasting evidence on employment (e.g., Baumgartner et al., 2015 and Nolte & Ostermeier, 2017 document
negative e ects, while Anti, 2021 null e ects) and welfare (e.g., negative e ects as documented by Rulli & D'Odorico, 2014 and
Anti, 2021, and positive as highlighted by Herrmann, 2017).
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transformation.

Looking at this question from a di erent perspective, it can be associated with the classical literature
exploring the relationship between foreign direct investment and devefopmeastidence on this re-
lationship is mixed, with contrasting results on capital accumulation (Prasad et al., 2007; Morrissey &
Udomkerdmongkol, 2012), productivity (Aitken & Harrison, 1999; Aghion et al., 2006; H. Hansen &
Rand, 2006; Contessi & Weinberger, 2009), con ict (e.g., Martin et al., 2008b; Gehring et al., 2022;
Sonno, 2024), and overall a complex causal relationship between FDI and growth in developing coun-
tries (e.g., Aitken & Harrison, 1999; Chakraborty & Basu, 208@ting conditions such as initial
income (Blomstrom et al., 1992), initial human capital (Borensztein et al., 1998), su cient nancial devel-
opment (Alfaro et al., 2004, 2010), and institutional quality (C. Li & Tanna, 2019) have been studied as
determinants for the mixed results in the literature. This paper contributes to this literature by providing
evidence that large-scale land acquisitions may stimulate production, improve local economic conditions,
and promote a process of structural transformation by opening access to foreign markets. However, this
development comes with an environmental cost.

The second strand of literature is the one on structural transformation. Since the seminal works of
Kuznets (1965, 1971, 1973), economists have linked economic development with an employment transi-
tion away from agriculture (e.g., Chenery, 1960; Rostow,'19860e recently, the literature has fo-
cused on the drivers of this process, which can be divided in two groups. Changes of demand resulting
from changes in real income, demand-sidexplanations, and cross-sector di erences in production
costs-technology, iipply-sidexplanationst These last ones could be determined, for example, by in-
novations (e.g., Gollinetal., 2002; Ngai & Pissarides, 2007; Alvarez-Cuadrado & Poschke, 2011; Bustos et
al., 2016), geographical production dispersion and migration costs (Field, 2007; Bryan et al., 2014; Mun-
shi & Rosenzweig, 2016; Bryan & Morten, 2019; Asher & Novosad, 2020; Morten & Oliveira, 2024),
or changes in factor supply and sectoral di erences in factor intensity (e.g., Caselli & Coleman II, 2001;
Acemoglu & Guerrieri, 2008). This paper contributes to this literature by highlighting saungpheside
driver of structural change: large-scale land acquisitions, and, more generally, capital-intensive agricultural

8The link between trade and economic activity has long been a major subject of enquiry in theories of international trade
and economic growth, often highlighting a positive relationship, due to lifts in productivity (e.g., Krugman, 1979; Helpman,
1981), access to foreign markets (e.g., Arrow, 1962; Krugman, 1979; Romer, 1990), and competition/reallocation (e.g., Melitz,
2003; Bernard etal., 2007). Empirically, trade liberalization has often being linked with output growth (e.g., Sachs, 1995; Alesina
etal., 2000), productivity increase (e.g., Edwards, 1998; Frankel & Romer, 1998), capital accumulation (e.g., Alvarez, 2017), and
ambiguous e ects on the labour market (e.g., Hoekman, 2005; Autor et al., 2016). More closely related to the research question
of this paper, trade openness has a close association with FDI in ows in developing economies (e.g., Lucas, 1990; Aghion et al.,
2006; Buchanan et al., 2012).

Other important contributions on this literature were made by Barbieri (1996); Martin et al. (2008a); Morelli and Sonno
(2017); lacoella et al. (2021); La Ferrara and Zufacchi (2024).

00ther important contributions on this link were made by Reynolds (1983); Parente and Prescott (1994, 1999); Laitner
(2000); Kongsamut et al. (2001); Gollin et al. (2002)

YFor thedemand-sidexplanations, see Pasinetti (1983); Echevarria (1997); Laitner (2000); Zweimdiller (2000); Caselli and
Coleman I (2001); Kongsamut et al. (2001); Gollin et al. (2002); Greenwood and Seshadri (2002); Gollin et al. (2007); Foellmi
and Zweimdiiller (2008); Duarte and Restuccia (2010); Boppart (2014). $tgpiyesidexplanations, see Baumol (1967);

Baumol et al. (1985); Ngai and Pissarides (2007); O'Mahony and Timmer (2009); Herrendorf et al. (2014).



FDIs. Indeed, these could change the employment equilibrium, possibly by shifting the factor intensity
in the agriculture industry.

The paper is structured as follows. Section 2 presents the background. Section 3 describes the data.
Sections 4 and 5 present and discuss the results, and Section 6 concludes.

2 Background

Palm oil cultivationin Liberia has alongstanding history, traditionally carried out through alabor-intensive
system. Palm trees were integrated into diverse landscapes, coexisting with forested areas and other crops.
The fruits were harvested and processed locally into red palm oil. The kernels were manually converted
into soap or other products, while the sap from the trees was used for palm wine production (Carrere,
2013). As aresult, palm oil production in Liberia predominantly served local consumption and was char-
acterized by a polycultural, labor-intensive approach (Republic of Liberia & International Trade Center -
WTO and UN, 2014).

Following the conclusion of Liberia's second civil war (1999 2003), the government sought to lever-
age the country's natural resource endowments to stimulate economic recovery. FDI in Liberia grew sub-
stantially from the mid-2000s, increasing from approximately US$100 150 million annually in 2006
2007 to around US$450 500 million annually in 2010 2011, and reaching nearly US$1 billion annually
by 2012 2013. This increase is largely attributable to substantial investments in agriculture and mining
made by multinational corporations (WorldBank, 2015). FDIs in these sectors often involve these compa-
nies acquiring land concessions for the establishment of large scale plantations, commonly referred to as
large scale land acquisitiths.

The push for the expansion of oil palm plantations has been described as the Liberia Government
is inundated with requests for [...] expansion of oil palm plantations for biofuel production [...] , and
it has received strong support from the Liberian government, as well as from in uential agencies such as
US Agency for Ininternational Development, the World Bank, and the US Department of Agriculture
(Liberian Ministry of Finance, 2008). As a result of this process, there is evidence suggesting a shift in
Liberian palm oil production from the traditional system indumstrial systenThis is characterized by
oil palm monoculture and high chemical inputs, including fertilizers, to enhance cropttiadigh
palm harvesting is still predominantly done manually particularly by using chisels for younger palms and
harvesting sickles on telescopic poles for taller, mature palms (Pashkevich et al., 2024) the processing of
the fruitinto palm oil and other secondary products is now centralized in large-scale mechanized industrial
plants (Carrere, 2013).

This structural change towards a more capital-intensive monoculture approach has corresponded with

12The Liberian palm oil sector comprises seven companies, six of which are part of large multinational groups, collectively
owning approximately 10,000 %in palm oil concessions an area larger than the total surface of a small country, such as
Cyprus.

135ee the article Palm Oil Cultivation - a West African Story in Cambridge-Africa (2023).



aredirection of palm oil production towards the international market (Republic of Liberia & International
Trade Center - WTO and UN, 2014), positioning palm oil as a strategic sector in Liberia, with exports
totalling $90.8 million in 2022. However, Liberia remains a minor player in the global market; in 2022,
the leading palm oil exportersincluded Indonesia (US$ 28.7 billion), Malaysia (US$ 17.7 billion), Thailand
(US$ 1.31 billion), the Netherlands (US$ 1.18 billion), and Papua New Guinea (US$ 193 billion).

The bureaucratic procedure for granting land concessions is unique in Liberia, making this setting
a unique laboratory to study the e ects of large-scale land acquisitions, as we discuss in Section 4.1. To
establish large-scale palm oil production in Liberia, companies have to follow a two-step procedure. First,
lease land from the central government. For example, two major palm oil agreements signed in 2009 and
2010 granted 440,000 ha to two companies. These large tracts of land are called areas of interest and
represent oureatment grouplowever, the agreement does not grant any production rights to the com-
panies. Before converting land into plantations, companies must obtain the consent of local communities.
Speci cally, the company must sigh a Memorandum of Understanding with the village living on the land
to transform a portion of the area of interest into a working concession. Only once the contract is signed,
the designated portion of the area of interest is converted into a concession, allowing the company to de-
forest and start production (Lowenstein, 2017).

3 Data

To study the e ects of LSLA, we combine geolocalized data on the percentage of tree coverage, palm oil
areas of interest, agricultural productivity, and household surveys, together with other ancillary data. The
main dataset is structured as a full grid of Liberia. Each cell has an area of approxirhdtels Sotah
of 30,114 cells observed over nine years.

Land Cover Data.The primary source of datais MODIS Vegetation Continuous Fields (Dimiceli et
al., 2015), which provides a quantitative representation of the annual percentage of land cover at a 0.05-
degree pixel resolution (approx. %kior the entire globe for the period 2000-2020. Speci cally, for
each pixel, we observe the percentage covered by each class as recorded by the International Geosphere-
Biosphere Programme (IGBP). This programme categorizes types of land cover into 17 mutually exclusive
and precisely de ned classes, such as Water Bodies (permanent water bodies) and Evergreen Needleleaf
Forests (evergreen conifer trees with a canopy >2m), among others. Figure A3 in Appendix A shows a
cross-sectional plot of the most widespread class in Liberiain 2010, namely Evergreen Broadleaf Forests .
This is our main dependent variable, and since Evergreen Broadleaf Forest is the most common type of
tree cover in Liberia, the term percentage of tree cover will hereafter refer to the percentage of Evergreen
Broadleaf Forest without loss of generality. Thus, we will measure deforestation as a decrease in the per-
centage of tree cover. Crucially, this dataset also allows for the measurement of changes in other land cover

145ee, for example, OEC - palm oil data. Last accessed: January 23, 2025.



types, ultimately allowing us to measure palm oil land'€over.

Palm Oil Areas of Interest.To determine whether a cell belongs to an area of interest, we use data
from Global Forest Watch, which provides information on the shape, location, and ownership of palm oil
areas of interest in LibetfaNo information about the dates of a concession is provided. Therefore, we
utilized the ownership datato retrieve this information. Based on several technical reports, we can conclude
that all of the areas of interest in our sample were granted By Jolévoid potential endogeneity
arising from the opening of new areas, we restrict our sample to the period between 2010 and 2018. More
information about the palm oil companies can be found in Appendix D.

Individual Level Outcomes.To study the e ects of LSLA on local communities, we use the De-
mographic and Health Surveys (DHS) data. The DHS surveys are nationally representative household
surveys that gather a wide range of indicators on health, demographics, and education. We combine these
surveys with the Malaria Indicator Survey (MIS), also administered by the DHS program, which focuses
more speci cally on malaria. From both surveys, we use individual data for men and women aged 15-64.
The data provides the geographic coordinates of the households interviewed, allowing us to observe a re-
peated cross-section of individuals in di erent villages in Liberia across di erent waves: before the Ebola
outbreak in 2007, 2009, 2011, and 2013, and after it in 2016 and 2019. Figure A4 in Appendix A illus-
trates the geographical distribution of the DHS-surveyed villages. Figure A5 in Appendix A zooms in on
one area of interest to also show the time variation. We observe villages both outside and inside the areas
of interest before and after the Ebola outbreak. Consequently, we can compare individuals in villages just
outside and just inside these areas before and after the health crisis. From these surveys, we will extract
demographic characteristics (age, whether they live in a town or not, whether the head of the household is
a male, religion, ethnicity), wealth and education indicators (whether they own any land, the DHS wealth
index, the maximum level of education achieved, the ration weight/height, and the same ratio for chil-
dren), and occupational outcomes (whether they are employed and the sector of occupation, categorized
as sales, agriculture, services, manual jobs, or other).

Other data. We complete our set of data with additional sources of data, such as BACI exports,
SPAM, population, and weather. See Appendix F for a detailed description of these data.

Descriptive statistics.Table Al in Appendix B presents descriptive statistics for the sample period.
Panel (a) displays the summary statistics for the entire sample, while Panel (b) focuses speci cally on the
areas of interest. A few features of the data are worth mentioning. First, the average percentage of tree
cover is lower in areas of interest than in the full sample, which is expected, as concessionaires must rst
deforest in order to plant palm oil trees. Conversely, the average percentage of a cell covered by woody
savannas is higher within these areas. Second, there is no substantial di erence in rainfall between cells
inside and outside the areas of interest. Third, Panel (a) indicates that approximately 10% of the cells are
located in areas of interest and, indeed, Panel (b) has about 10% as many observations as Panel (a). Thisisan

Additional details can be found in Section 4.2.1 and Appendix C.
%Global Forest Watch. 2019. World Resources Institute. Accessed on 07/23/2020.
YFor example, Making concessions in Liberia - Agriculture (The Africa Report, 2012).
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impressive gure, considering thatthe total land area covered by concessions is approximately 10 thousand
km?. To put this into perspective, this area is larger than the total surface area of a small country like
Cyprus, and only slightly smaller than the total surface area of Lebanon. Fourth, the percentage of urban
land is higherin Panel (a) than in Panel (b), which is consistent with these areas being predominantly rural.
Fifth, turning to DHS data, individuals in concessions are less educated and signi cantly poorer.

4 Results

In this paper, we study the impact of LSLAs on agricultural, environmental, and local communities. The
ideal experiment would consist of a comprehensive dapaiseis#ly geolocalsettandomly allocated

LSLAs. However, these conditions are impossible to atdgal&and contracése often unobserved,

and rms do not acquire land randomly. In addressing the research questions at hand, the absence of
randomization is a particularly challenging problem since LSLA ackasamalidating any com-

parison of inside/outside areas after the contract and locals ddwd® sign contracts creating bias

in simple pre/post comparisons within areas of interest.

We proceed in three steps. In Section 4.1, we document an exogenous increase in LSLA contracts,
through changes in deforestation. Given this increase in LSLA contracts, in Section 4.2, we study how
this has changed production in the palm oil sector. To conclude, in Section 4.3, we explore the e ects on
the environment and the local economy.

4.1 Large-scale land acquisitions

Inthe rst part of the paper, we document an exogenous increase in LSLA contracts, through changes in
deforestation, following the Ebola outbreak.

Measuring LSLA  To the best of our knowledge, a comprehensive dataset of local land contracts
with detailed information about their locations does notéfisaddress this constraint, we use changes
in deforestation observable at a very granular level from satellite images to detect variation in large-
scale land acquisitions. In the palm oil sector, deforestation is the initial fundamental step of production.
Moreover, only palm oil companies are allowed to operate on a large scale in these concessions. Therefore,
a large increase in deforestation within palm oil areas indicates an increase in companies' activities. Given
the bureaucratic process described in Section 2, in the Liberian context, an increase in operations implies
the signing ohewLSLA contracts. Indeed, companies cannot expand cultivations withoutrségning
contracts with local communities. Therefore, we can conclude that an increase in deforestation within the

The only existing land deals dataset is Land Matrix, which records some land deals worldwide as well as some of their
characteristics. However, the recorded contracts are often not local, the spatial structure of land deals is almost always missing,
and is often particularly poor.



Liberian areas of interest indicates an increase in LSLA caftracts.

Suggestive evidence Figure 2 displays deforestation events for one of the palm oil areas of interest
in Liberia. Inthe rstmap, located at the top-left, pixels @Dmeters) are coloured red if a deforestation
event occurred between 2001 and 2010, and each successive map represents the passdgesof one year.
shown, subsequent deforestation events were quite rare up to 2013. However, in 2014 and 2015, during
the Ebola outbreak, there was a signi cant increase in deforéstatiecdotal evidence also supports
this connection between Ebola and LSLA contracts. During the years from 2010to 2014, one leading palm
oil company signed agreements for a total area of approximately 2@08kenthree months between
August and October 2014, i.e. just after the epidemic's outbreak, the number of agreements increased by
45% (Global Witness, 2015).

Methodology By leveraging the relationship between LSLA contracts and deforestation, we use
a staggered local (up to 10km from the border) di erence-in-di erence to document an exogenous shift
in LSLAs within the areas of interest following the Ebola epidemic. Figure A2 in Appendix A presents a
map of the desigit.We compare areas just outside and justinside the areas of interest before and after the
outbreak of the health crisis. The identi cation assumption is that Ebola has no di erentisgdaalbact
outside and inside are@signated for LSl 8ther than LSLAs itself. The reduced form model is:
3018
Pkt =+ tTt A+ kt it Ukt (1)
t=2010
wherek,r,t) stand for cell, region, and year, respectyglyndicates the percentage of tree covarg
year dummies (2013 is used as reference yea); &a dummy variable equal to one for cells belong-
ing to areas of interest. Cell) and region-year {) xed e ects are included, and standard errors are
clustered at the cell level in all speci cations.

¥This is true under the assumption that companies acquire the land and begin production in the same year. We believe this
is a reasonable assumption for two main reasons. First, leaving land uncultivated is a second-best choice for a pro t-maximizing
rm. Second, these are large companies, thus unlikely to face production constraints, having been present in Liberia well before
the period of study. Under this assumption, in Liberia, within palm oil areas of interest, deforestation is a necessary and su cient
condition for the signing of new LSLAs. Necessary because, assuming LSLA contracts had been signed, then companies would
start production in the same year and, therefore, we would observe deforestation. Su cient because, assuming large deforestation
within palm oil areas of interest had occurred since only palm oil companies were allowed to operate at this scale within the
concessions, then LSLA contracts must have been signed.

20To easily visualize tree cover loss, we use data at approximatimater resolution (M. C. Hansen et al., 2013).

ZAnecdotal evidence suggests that this may be attributed to a diversion of attention of NGOs (Global Witness, 2015;
Roundtable on Sustainable Palm Oil Complaint Portal; Forest Peoples Programme, 2015), which may have constrained com-
panies' acquisitions before the health crisis. Although our results are not reliant on this mechanism, we present several evidence
supporting itin Section E. An alternative explanation might be an increase in the price of palm oil, however, this is not supported
by the data, as shown in Figure Al in Appendix A. Other potential mechanisms are explored in Section E, together with their
potential implications for the identi cation assumption.

22The distance from cells to boundaries is computed as the (shortest) path from the centroid of each cell to the area's boundary,
and 10 km is the maximum distance from a cell to the boundary of the area of interest. Hence, by restricting the sample to cells
within 10 km of the boundary we are guaranteed that the sample will include all cells withimtbegroup.
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Figure 2: Ebola and deforestation

NotesThe gure presents the deforestation process within one palm oil area of interestin Liberia. In particular, in the top-left mapOpixels (30
meters) are coloured red if a deforestation event occurred between 2001 and 2010. Each successive map represents the passage of one additional
year. As can be seen, deforestation events were quite rare within the area of interest up to 2013, but in 2014 and 2015 there was a quantum leap.

Results  Figure 3 presents the results. There does not appear to be any signi cant pre-trend in
deforestation: near the boundaries, there is no notable di erence in tree cover during the years preceding
the Ebola outbreak. However, beginning in 2014, there was a marked decrease in the percentage of tree
cover within the areas of interéest.

To calculate the magnitude of these results, we perform a simple local di erence-in-di erence, com-
paring cells located just within and just outside (up to 10km) the areas of interest before and after the
Ebola outbreak. The results (detailed in Table A2 in Appendix B) con rm a decrease in the percentage of
evergreen broadleaf cover of approximately 3% across all speéf Gatjmrtghis into perspective, this
corresponds to a loss of over 100 million trees from 2014 t52018.

ZFigure A6 in Appendix A examines the sensitivity of the results to the sample choice of 10 km. Speci cally, we change this
number from 5 km to 20 km, with steps of 1 km. Results are consistent across all speci cations.

ZThese results hold with cell and year xed e ects (column 1 of Table A2 in Appendix B), similar to a standard two-way xed
e ects approach, controlling for rainfall and population in the cell (column 2), and with the more demanding (and favourite)
speci cation with region year xed e ects (column 3). Table A3 in Appendix B assesses the sensitivity of the results. The
conclusions remain unchanged with robust standard errors and when accounting for their spatial and temporal correlation, as
elaborated by Colella etal. (2019), based on the work of Conley (1999). The results are robust to di erent sets of weather controls
(lagged rainfall, SPEI, no controls), cell characteristics (nightlights), and di erent sets of xed e ects (such as omitting cell xed
e ects, applying cell-year xed e ects, or using only cell xed e ects).

%Given the density of trees in Liberia pef k285,600, see the Liberia National Forest Inventory 2018/2019), and the size
of a cell (25 ki), approximately 285,60025 0.03 214,200 trees were cut down per cell. Multiplying this by the total
number of cells within areas of interesb00), we obtain a tree loss of approximately 107 million trees.
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Figure 3: Deforestation - Event study

NotesThis gure presents the event-study results from equation (1), with 2013 as reference category. Standard errors are clustered at the cell level,
with 95% con dence intervals shown. The coe cient re ects the change in tree cover for cells within the areas of interest, with respect to the
control group (10km outside the boundaries), controlling for cell and region-year xed e ects. We measure tree cover as percentage of Evergreen
Broadleaf Forests MODIS land cover category, as this is the category associated with forests in Liberia.

In conclusion, the onset of the Ebola epidemic appears to have stimulated deforestation within areas
of interest. Under the assumptions outlined at the beginning of this section, this indicates an increase
in LSLA contracts. In section 4.3.2, as a check for this conclusion, we show a reduction in the prob-
ability of owning any land with individual-level data. Substantial anecdotal evidence suggests that the
mechanism behind the relationship between the Ebola epidemic and LSLAs may be due to a diversion of
attention among local and international NGOs (Global Witness, 2015; RSPO complain; Forest Peoples
Programme, 2015) which were, before the health crisis, limiting the acquisitions. Appendix E provides
detailed suggestive evidence in favor of this mechanism.

4.2 Palm oil production

In this section, we examine the e ects of this increase in LSLAs on palm oil production. We focus on
two main inputs: land and capital. For land, we explore how land cover and area cultivated for di erent
crops have changed within areas of interest after the Ebola outbreak, using the same methodology as in
the previous section (staggered local di erence-in-di erence). For capital, we examine changes in capital
utilization in the sectors by studying changes in imports of di erent inputs for the palm oil production
process. Here, we compare the imports of palm oil production inputs with other imports before and after
the health crisis. Given the non-local nature of this last step, identi cation of causal e ects is understood

to be signi cantly weaker than in the previous steps, where we exploited di erences across borders of areas
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designated for LSLAS speci cally.

4.2.1 Land

Land cover We investigate whether land allocated to palm oil production increased following LSLAs.

The MODIS data, as presented in Section 3, 0 ers a direct opportunity to examine this by tracking palm oil
cultivations as changes in Woody Savannas land&eigure 4 presents the staggered local di erence-

in-di erence analysis for the percentage of the cell of the 10 MODIS most relevant categories in the coun-
try,i.e. usingthem Bg,; in equation (13’ The graph shows a steady decrease in the presence of Evergreen
Broadleaf Forests, as shown in Figure 3, together with a corresponding increase in Woody Savannas, the
category associated with palm oil cultivation. The two trends are not only opposite in direction but also
comparable in magnitude, suggesting a substitution between the two categories, as expected.

Crops To further investigate the robustness of our results, we look at crop distribution using a
di erent source of data, i.e. the SPAM database (see Appendix F for additional details). This contains es-
timated global gridded maps of agricultural production. Given its nature and the substantial uncertainty
in its spatial allocation methodology, results using these data have to be taken with a grain of salt, particu-
larly regarding the actual geographic distribution of crops and crop production/productivity. Hence, we
discuss only the area cultivated for di erent crops. Table A4 in Appendix B presents the average values
of area cultivated, both before (2010) and after (2020) the Ebola outbreak, in areas outside and inside
the areas of interest. A few things are worth mentioning. First, palm oil, as well as other agricultural
products, were already being produced before the Ebola outbreak within areas of interest likely by locals
or companies with pre-existing LSLA agreements. Second, the production equilibrium was very similar
within and outside the areas of interest before the Ebola outbreak. In both areas, land was used to pro-
duce mostly cereals, palm oil, and roots in order of importance followed by fruits, pulses, and other
products. Third, in line with the previous evidence, there is a substantial increase in the area dedicated
to palm oil cultivation after the Ebola outbreak within areas of interest. This is true both in the raw data
(Table A4 in Appendix B) and when using the local (10km) di erence-in-di erence approach (Table A5
in Appendix B). While the precise spatial distribution of crop production may be poorly captured due to
SPAM's allocation methodology, these results suggest a diverse production before the Ebola outbreak in
areas of interest, and a substantial increase in the amount of land dedicated to palm oil following this shock.

Consequently, in areas with a diverse crop cultivation, including palm oil, LSLAs have expanded palm
oil production by converting forests into agricultural land.

26gpeci cally, this dataset not only records the percentage cover of Evergreen Broadleaf Forests (referred to as tree cover in the
previous analysis, as it is the most prevalent type in Liberia) but also includes data on 16 other mutually exclusive and precisely
de ned land cover classes. Appendix C provides the reason why we classify palm oil plantations as Woody Savannas .

2'\We exclude water, permanentice, barren land, mixed forests, deciduous needleleaf forests, and deciduous broadleaf forests,
and we merge the two types of shrublands.
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Figure 4: Increase in Palm Qil land cover - Event study

NotesThis gure presents the event-study results from equation (1), with 2013 as reference category. Standard errors are clustered at the cell
level, with 95% con dence intervals shown. The coe cient re ects the change in in di erent MODIS land cover categories for cells within the

areas of interest, with respect to the control group (10km outside the boundaries), controlling for cell and region-year xed e ects. We exclude
Water, Permanent Ice, Barren Land, Mixed Forests, Deciduous Needleleaf Forests, and Deciduous Broadleaf Forests, and we merge the two types
of Shrublands. Evergreen Broadleaf Forests is the category associated with forests in Liberia. Woody Savannas is the category associated with palm
oil cultivation, details in Appendix C.
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4.2.2 Fertilizers, harvesting tools, and extractive machines

Methodology The anecdotal evidence presented in Section 2 suggests that LSLAs were associated with
a shift from traditional production systems tovirddstrial ones. This shift is characterized by higher
capital intensity, represented by the use of chemical inputs (fertilizers) and more e cient tools for har-
vesting and processing. Unfortunately, given the absence of production data from individual plantations,
we cannot directly measure change in the use of these inputs. To indirectly provide evidence of a shiftin
production equilibrium (alongside the previously presented evidence on labor), we focus onimports. The
idea stems from the fact that these inputs are not commonly domestically produced. Therefore, if these
companies want to use them in production, they need to import them. Moreover, it is unlikely that locals
would import these inputs autonomously. To conclude, the availability of these data over time, together
with the detailed granularity of import records, allows us to measure changes in the presence of palm oil
inputs in the country around the health crisis.

We compare imports of palm oil inputs with other imports before and after the health crisis. The iden-
ti cation assumption is a standard parallel trends assumption, with palm oil input imports following the
same trend as all other Liberian imports in the absence of the health crisis. Given the aggregate nature of
this exercise, identi cation in this step is signi cantly weaker. However, the detailed granularity of import
data and the consequent ability to target palm oil inputs speci cally, is reassuring about our ability to iden-
tify key correlations in the data.

Products To study changes in inputs, we use BACI imports data. This is a comprehensive interna-
tional trade database that provides bilateral trade ows between countries using the Harmonized System
(HS) product classi cation. The database categorizes traded goods at the 6-digit HS level, enabling detailed
analysis of speci ¢ products.

The palm oil production process is mainly divided into four phases: (1) seeding and plantation, (2)
cultivation and harvesting, (3) oil extraction and primary processing and (4) re ning and fractionation. In
this section, we discuss our product selection choices. Additional details on product codes and character-
istics are provided in Table A6 in Appendix B. Firstly, given that palm oil is indigenous to Liberia, we do
not consider seed imports and the associated equipment. Moreover, inputs related to the rst phase have
already been addressed in our discussion on deforestation and land allocation for palm oil cultivation.

For the second phase, based on the anecdotal evidence presented in Section 2 and the characteristics
of agricultural production, we focus on fertilizers (HS: 31) and hand tools for manual work (HS: 8467).
Speci cally, we concentrate on nitrogenous and potassic fertilizers (HS: 3102 &hdn3dddijion,

ZNitrogen and potassium fertilizers are by far the most important for oil palm because these nutrients have the highest up-
take rates mature palms require 193 kg/halyear of nitrogen and 251 kg/ha/year of potassium, which are immobilized in large
guantities in vegetative tissue and exported through harvested crops. These two nutrients show signi cant interactions, with ni-
trogen being identi ed as the key limiting element, making them essential for realizing the palm's high genetic growth and yield
potential. In contrast, phosphorus and magnesium are needed at much lower rates (50-60 kg/ha and 30-40 kg/ha, respectively),
and single responses to these nutrients are rare. Sources: FAO and Dubos, Bonneau, and Flori (2020). Itis important to under-
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we include hand tools used for harvesting (HS: 846722 to 846791) as saws or chain saws, while excluding
unrelated equipment such as drills or polishers.

The third phase is carried out mainly using machines with individual functions (HS: 8479). These
include machines for extraction or preparation of animal or xed vegetable fats or oils (HS: 846920)
and mixing, kneading, crushing, grinding, screening, sifting, homogenising, emulsifying or stirring (HS:
846982). Thus, in this category, we can target palm oil-speci ¢ machinery with greater precision than
in previous classi cations. This allows us to exclude other types of machinery which, although used in
agriculture or industry, are not typical of this sector, such as presses for the manufacture of particle or
ber board (HS: 847930).

To conclude, we do not include re ning in our analysis, as it is only sparsely carried out locally.

Results Figure 5 presents the quantities imported for three aggregate product categories (nitroge-
nous/potassic fertilizers, harvesting tools, and extraction machines) over time. Table A6 in Appendix B
presents the 6-digit products in each category. Imports of these key palm oil inputs were very low before
the Ebola outbreak, but starting in 2014, there was a substantial increase in imports across all these product
categories. The growth rates of imported quantities between the selected years were 495% for nitrogenous
and potassic products (2013 2020), 401% for harvesting tools (2013 2019) and 178% for extracting ma-
chines (2013 2016). Moreover, the timing of the increase in fertilizers and harvesting tools is consistent
with the palm oil production process: an increase in fertilizers rst, and, three to four years after the health
crisis the time required for a palm oil tree to be productive the increase in harvestingtdalble
A7 in Appendix B reports the di erence-in-di erences estimates using imports from all other products
as the control group. Given the nature of import data (severely skewed with many null values), we use
the inverse hyperbolic sine transformation (Panel A) or a simple logarithmic one (Panel B). The results
align with the raw import data: a substantial increase in inputs for the palm oil industry after the Ebola
outbreak, consistent with increased investment and capital intensity in the sector.

Table A8 in Appendix B presents di erence-in-di erences estimates for placebo products. Panel A fo-
cuses on non-agricultural products (drills, cosmetic, telecommunications, o ce equipments, and musical
instruments). Panel B examines products used in agriculture but not in the palm oil sector (fungicides,
farm equipment, milling machines, poultry farming machines, and soil preparation machiges).
interaction coe cient is small and not statistically di erent from zero for all these products.

Table A9 in Appendix B replicates the analysis for all 6-digit products within the relevant 4-digit cate-
gories (fertilizers, hand tools, and extraction machines). The results show that increases are present almost

line that characterizing fertilizers as palm oil-speci c or not is challenging, and it is possible that other fertilizers are also used in
this cultivation.

Extractive machines are, instead, imported almost immediately. This could be due to expected technical time for their
transportation and installation.

30 Farm equipment refers to a broad range of agricultural machinery used in harvesting and primary processing activities on
the farm. This includes equipment for haymaking, baling, threshing (including combine harvesters), as well as machines for root
crop harvesting and for cleaning or sorting agricultural produce. Relevant spare parts are also included under this term.
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Figure 5: Palm oil inputs imports

Fertilizers - Nitrogenous/Potassic

Harvesting tools

Extracting machines

NotesThis gure imports in Liberia for three categories of products related to the palm oil production: nitrogenous and potassic fertilizers
(HS: 3102 and 3104), hand tools used for harvesting (HS: 846722 to 846791), and extracting machines (HS: 846920 and HS: 846982).
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exclusively in products related to the palm oil industry, while changes in imports for other similar prod-
ucts are, on average, very small and not statistically di erent from zero. In categories where distinguishing
between non-palm oil and palm oil inputs is challenging (fertilizers), we also observe increases in products
not speci cally characterized as palm oil-related. However, this is not true for product categories where
classi cation is more straightforward: harvesting tools and extraction machines. For harvesting tools, we
observe no increase in other tools (e.qg., drills, HS: 846721). For extraction machines, there is no increase
even in similar products used in agriculture, but not in the palm oil sector, such as presses for wood pro-
cessing (HS: 847930). This provides strong evidence of the speci ¢ connection between imports in the
palm oil sector and the health crisis, reinforcing con dence in our identi cation assumption and the ac-
tual connection between LSLAs and the imports of these inputs.

Theseresults pointtoward a change inthe palm oil production system from atraditional labor-intensive
approach to an industrial one characterized by the use of chemical inputs and machinery. Consistent with
thistransition, in Section 4.3.2 we document a lower probability of working in agriculture for people living
near the plantations.

4.2.3 Palm oil exports

Considering all the results from this section together, the increase in LSLAs detected in section 4.1 has led
to a substantial expansion in land allocated to palm oil cultivation and an increase in imports of palm oil
production inputs (fertilizers, harvesting, extraction, and milling machines), suggesting a transition from
atraditional production system to a more industrial one. These changes are accompanied approximately
three to four years after the onset of the epidemic (i.e., the time required for a plantation to become
productive) by a 1064% increase in palm oil quantity exported by Liberia relative to the pre-Ebola period
(Figure 1). This aligns with the anecdotal evidence presented in Section 2, suggesting a redirection of palm
oil production toward the international market.

4.3 E ects on environment and local economy

In this section, we explore the e ects of the increase in LSLA on the environment and the local economy.
To do so, we compare cells (villages) located just outside and just inside areas of interest, before and after
the Ebola outbreak. The identi cation assumption is the one previously presented in Section 4.1: Ebola
has no di erential impatdcally outside and inside ardasignated for LSL.8ther than LSLA itself.

It is important to mention that, given the identi cation strategy and the nature of the data, here we
will identify and estimate local impacts of an aggregate shock, similarly to Autor et al. (2016). In other
words, we will explore how outcomes change with the equilibrium shift, without focusing on identifying
the treatment e ect per se. This means that the e ects described herein will represent the sum of all the
changes generated by LSLAS, including both direct and indirect (e.qg., the e ects of LSLAS' pollution on
health).
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A second important point to discuss before results is that we present the e ects of LSLA stimulated
by the health crisis. This type of LSLA may di er from others, as in a Local Average Treatment E ect
framework. In other words, the e ects presented here are those of the complier group, those of the
LSLA contracts prompted by the Ebola outbreak. However, we believe there is no inherent reason to
presume that these are systematically di erent from others, as further discussed in Section 5.

4.3.1 Environmental e ects

Outcomes Previous research has highlighted potential adverse consequences of LSLAs on the envi-
ronment (e.g., Nepstad et al., 1999 on deforestation and res, Probst et al., 2020 on deforestation, and
European Economic and Social Committee, 2015 on potential soil degradation). We already discussed
deforestation in Section 4.1, where we exploited this well-known adverse environmental consequence to
detect the change in LSLA contracts. In the following analysis, we focus on air quality indicators (CO2,
N20, PM2.5, and re incidence) due to data availability and the nature of the industry (for illustrative
purposes, Figure A7 in Appendix A illustrates the pre-epidemic CO2 emissions, i.e. in 2010). Indeed,
palm oil production is typically associated with signi cant air pollution. For instance, in Indonesia, palm

oil production emitted an annual average of 220 million tonnes of carbon dioxide equivalent between
2015 and 2022 this accounts for nearly one- fth of Indonesia's total annual emissions of 1.23 gigatonnes
in 2022 (SEI, 2024).

Results Table 1 presents the results from the local di erence-in-di erence analysis. Consistent with
expectations, we observe an increase in air pollution. The magnitude of these e ects varies signi cantly:
an increase of 1% for PM2.5, 12% for CO2, and null for N20O. Therefore, as in the Indonesian context,
the expansion of palm oil cultivation is associated with a substantial increase in carbon dioxide emissions.
In column 4, we evaluate the e ects on the probability of re events. Due to the inevitable spillover of
res, especially those occurring at the boundary of areas of interest, we expanded the control sample to
include cells up to 20km from the boundary, rather than the usual 10km. We found a 37% increase in the
probability of re, which aligns with the observed increase in PM2.5. Indeed, these two factors are often
linked, as highlighted inthe related literature (see e.g. Burke etal., 2023). Table A10in Appendix B assesses
the sensitivity of this result to di erent model choices and thresholds. As shown in the table, when using
the benchmark speci cation (10km bu er), the coe cient remains substantial approximately a 10% in-
crease in the incidence of re events but it is no longer statistically di erent from zero. This increase in
estimation noise is clearly explained by the spillover of res beyond the boundaries of the areas of interest.
When considering logit models rather than OLS, the e ect is positive and statistically signi cant across all
speci cations.
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Table 1: Environmental outcomes - Local di erence in di erence

(1) (2) 3) (4)
Dep. Variable PM25 CO2 N20 Fire event
Ebola Area of Interest 0.363*** 124.8** -0.000822 0.0244*

(0.0817) (63.37) (0.0165) (0.0133)

Observations 7,002 7,002 7,002 10,692
R-squared 0.834 0.976 0.989 0.178
CellFE Yes Yes Yes Yes
Year FE Yes Yes Yes Yes
Rain, Population Yes Yes Yes Yes
Sample 10km 10km 10km 20km
Mean Dep. Vaj.Ebola=0& Area=0 30.956 1008.29 1.469 0.054

Notes MWFE estimator. HDFE local linear regression. Sample restricted to be within the km in the sample row from the Ar-

eas of Interest bandwidth. Standard errors in parentheses. *** ** * = indicate signi cance atthe 1, 5, and 10% level, respectively.
Standard errors clustered at the cell level model€Ebtias a dummy equal to one after 2042a of Interess a dummy

equal to one for cells in an area of interest. PM25 is the average PM25 emission in the year-cell (ACAG B6GLO1 data); CO2

is the average CO2 emission in the year-cell (EDGAR v8.0 data); N20 is the average N20 emission in the year-cell (EDGAR
v8.0 data); re eventis a dummy variable indicating a re eventin the year-cell (USGS - MDC64A1 data).

4.3.2 E ects on local communities

Methodology  In this section, we examine the impact of LSLA agreements on the local &conomy.

To do so, we turn to survey data. As mentioned in Section 3, we use DHS and MIS surveys (henceforth
referred to as DHS) from the waves conducted in 2007, 2009, 2011, 2013, 2016, and 2019. Figure A4
in Appendix A illustrates the geographical distribution of DHS villages. Employing the pixel-based de-
sign with this data is not particularly useful. The local di erence-in-di erence method, when applied to
this data, involves comparing individuals residing in villages just outside and just inside areas of interest,
before and after the Ebola outbreak. However, di erent areas of interest may be quite distant from one
another. Thus, using all villages outside as a control group for all villages inside may not be the appropriate
approach.

With individual-level data, we can enhance our analysis by incorporating an area of interest xed e ect,
given the increased statistical power due to the large number of individuals. By doing so, we compare
individuals living in villages just outside and just insidart@rea of interest, before and after the Ebola
outbreak. Figure A5 in Appendix A presents an example of the variation being used in this estimation.
The reduced-form linear model we utilize for this analysis is as follows:

Yiaw = + Wi+ 2By Wi+ an + Uaw (2

%IRemember that, as mentioned at the beginning of this section, we cannot di erentiate between the direct e ects (e.g.,
changes in the production structure) and the various possible indirect e ects (e.g., negative health consequences stemming from
environmental outcomes, migration) of LSLAS. Moreover, these e ects should be interpreted in a LATE framework as those
of the LSLAs stimulated by the health crisis.
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whereYiay denotes the outcome of individuakesiding in a village within or outside the area of interest

a, during wavev; W; is a dummy variable indicating whether the village is located within the area of in-
terestE,, is a dummy variable equal to one after 2013; gncepresents area-by-wave xed e ects. Itis
important to note thatwe do notinclude a within xed e ectin this model. Thisis because the inclusion
of Wi not only controls for time-invariant unobservable di erences between villages inside and outside ar-
eas of interest, but the coe cient itself is of interest. Speci cally, it indicates the pre-Ebola di erences in
outcomes between individuals living in the two types of villages, thereby serving as a balance check prior
to the occurrence of the exogenous shock. The identi cation assumption is similar to the previous ones:
Ebola has no di erential impdotally on individuals living in villages just outside and just inside areas
designated for LS|.Ather than LSLAs itseff.

Placebo Toassessthe strength of ouridenti cation assumption, Table A12 in Appendix B summa-
rizes the results for ve placebo outcomes: age, adummy variable indicating whether the village is classi ed
as atown or arural area, adummy variable indicating whether the head of the household is male, adummy
variable indicating whether the individual is Christian, and a dummy variable indicating belonging to the
Gola ethnicity (one of the most common ethnic groups in Liberia). All these outcomes are unlikely to be
in uenced by LSLAs at least within the 6 to 7-year period of our sample thus serving as a check for the
identi cation assumption. The di erences observed before the Ebola outbreak are minimal (respectively,
0.2%, 4%, 3%, 1%, and 8%) and not statistically di erent from zero. This indicates that these characteris-
tics are balanced between villages just outside and just inside the same area of interest prior to the health
crisis. The results remain consistent when considering the period following the Ebola outbreak, with all
coe cients being very small and not statistically di erent from zero at any conventional signi cance level.
While these results do not constitute a direct test, they provide reassurance regarding the strength of the
proposed identi cation strategy. Figure A15 in Appendix A presents the coe cients plotted individually,
and Figure A16 in Appendix A presents the di erence coe cient ovettifies exercise is useful for
understanding potential time trends. All coe cients are very small, with most being statistically indistin-
guishable from zero or lacking any discernible time*trétkrefore, we can con dently exclude any
pre-Ebola, post-Ebola, or time-trend di erences in these placebo outcomes for individuals residing in vil-
lages justinside and just outside the same area of interest.

32The pixel-based local di erence-in-di erence methodology can be applied one last time to study the potential e ects of
LSLAs on population dynamics (for additional information on this data, please refer to Appendix F) and nightlights using re-
motely sensed data. The results (Table A1l in Appendix B) show a positive (albeit small, 0.07 standard deviations) e ect on
the population and a very limited (negative) impact on nightlights. Neither of the two results is statistically di erent from zero.
However, it is important to note that this widespread measure of economic development has signi cant limitations when assess-
ing developmentin rural areas (Keola et al., 2015, Gibson et al., 2021, and Perez-Sindin et al., 2021).

33This is done with a staggered local di erence-in-di erence analysis, obtained by running the following linear model sepa-
rately foreachwavéaw = + Wi+ aw + Uaw W =2007;2009 20112013 2016, 2019 We opted not to include
areference category and instead ran the entire model in a single regression as done previously, in accordance with an event-study
design due to the limited number of time periods.

34Some coe cients are exactly zero; this occurs when the question was not included in that wave, or when the number of
non-missing observations is insu cient to estimate the model.
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Land ownership  As a sanity check on the expansion of large-scale land acquisitions, Table A13
in Appendix B presents estimation results on a dummy variable indicating whether the DHS respondent
owns any land. In column 1, we show the model without controls, and in column 2, with controls. Indi-
viduals in villages within areas of interest appear to have a lower probability of owning land prior to the
Ebola outbreak, although this di erence is not statistically signi cant at any conventional level. This ob-
servation aligns with the fact that some LSLA contracts had already been signed before the health crisis.
However, this di erence widens signi cantly following the Ebola outbreak, with approximately a statisti-
cally signi cant 10% reduction. This nding supports the deforestation measurement of LSLAs discussed
in Section 4.1: within areas of interest, after the Ebola outbreak, individuals have a lower probability of
owning land, in line with an increase in LSLA contracts being signed. Figure A8 in Appendix A presents
the time trend for the probability of land ownership. Unfortunately, we only have non-missing observa-
tions for this question across two waves (one before, i.e. 2011, and one after, 2016). As indicated in the
regression speci cation, we observe a statistically insigni cant negative di erence before the health crisis,
followed by a substantial negative di erence, statistically di erent from zero, after the Ebola outbreak. Fig-
ure A9 in Appendix A presents sensitivity to the 10km threshold of the local di erence-in-di erence.

Wealth, Education, Health  Table 2 presents the results for wealth and health indicators: (1) the
DHS-constructed wealth index; (2) the maximum level of education achieved by the individual (ranging
from 0 no education to 3 secondary education); (3) weight over height, a commonly used health mea-
sure computed by DHS, standardized by categories of individuals; and (4) average child weight-for-height,
a widely recognized measure of maternal Fe&¥hcontrol for age, gender of the household head and
the religion of the respondent.

We nd no di erences in wealth between individuals living in villages just inside and just outside the
areas of interest before the Ebola outbreak. Following the outbreak, we observe a positive e ect on wealth,
although very limited, estimated at 0.34 standard deviations, e.g. the corresponding of owning an addi-
tional cupboard® Similarly, we note a positive e ect on the maximum level of education achieved, with

%The wealth index is a composite measure of a household's overall living standard. Itis calculated using data on a household's
ownership of selected assets, such as televisions and bicycles; materials used for housing construction; and types of water access
and sanitation facilities. Each asset for which information is collected is assigned a weight or factor score derived through principal
components analysis (for details, see DHS Wealth Index website). The resulting asset scores are standardized using country/wave
means and standard deviations. Each household receives a standardized score for each asset, which varies depending on ownership
(or, in the case of sleeping arrangements, the number of people per room). These scores are summed for each household, and
individuals are ranked based on the total score of their household. The sample is then divided into quintiles. The nal Wealth
Index is a number indicating the number of standard deviations from the national mean. For example, a 100000 indicates a
1.00000 standard deviation higher wealth with respect to the country's mean.

%6This corresponds to a standard deviation 0.17 standard deviations increase with respect to the country average. To put
things into perspective, we use the asset scores provided by the DHS (DHS Wealth Index website). This increase is comparable
to individuals living within the areas of interest, after the Ebola outbreak, owning an additional bicycle (i.e., owning a bicycle
increases the wealth score by 0.172 standard deviations).
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Table 2: Wealth and Health - Local di erence in di erence

(1) 2 3) (4)

Dep. Variable  Wealth Index Max educatior Weight/Height Child W/H
Within 0.00372 0.0389* 0.000509 -0.0145

(0.0282) (0.0221) (0.0434) (0.0637)
Ebola Within 0.340*** 0.0977*** 0.172** -0.0156

(0.0440) (0.0357) (0.0823) (0.112)
Observations 11,155 11,153 4,488 2,423
R-squared 0.261 0.205 0.051 0.013
Mean Dep. Var. std 0.908 std std

Notes MWFE estimator. HDFE local linear regression. Sample restricted to be within 10km from the Areas of Interest
bandwidth. Standard errors in parentheses. ***** * = indicate signi cance at the 1, 5, and 10% level, respectively. Ro-
bust standard error shovibolais a dummy equal to one after 204/&hin is a dummy equal to one for individuals

within an area of interest. Wealth Index is a comprehensive score of wealth computed by DHS. Max education ranges
from 0 (no education) to 3 (secondary education). Weight/Height is a standardized (by categories of individuals) mea-
sure of this ratio computed by DHS. Controls are age, male head and religion.

an increase of 10%, which is equivalent to approximately a month increase in*$cHoelindings

related to health indicate similar trends: no di erences were noted before the Ebola outbreak, while a pos-
itive but modest improvement is observed in weight over height (0.172 standard deviations). In contrast,
we nd no signi cant di erences in average children's weight over height, either before or after the health
crisis.

Overall, the results indicate a modest improvement in the wealth and health of individuals residing
in villages within areas of interest. These conclusions are robust to di erent speci cations. Table A14 in
Appendix B replicates the results presented in Table 2 without the controls. Figure A10 in Appendix A
illustrates the plotted time di erences. Once again, we observe almost no di erences before the health cri-
sis, alongside a small but positive and statistically signi cant di erence following the Ebola outbreak in
nearly all outcomes. Figure A1l in Appendix A presents the time trends for the other wealth outcomes.
Remarkably, in nearly all measures, there is no visible pre-trend: almost all di erences are not statistically
di erent from zero before the outbreak. They become positive and statistically signi cant afterwards, ex-
cept for average child weight over height. Given the local nature of the identi cation strategy, a concern
about the validity of SUTVA may arise in the presence of spillovers across areas of interest (and/or mi-
gration). To deal with this, we perform two sensitivity exercises. First, Table A15 in Appendix B repli-
cates the result on the subsample of individuals who had lived in the village for at least 6 years which is
the minimum time distance between the last year of our sample (2018) and the Ebola outbreak (2013).
The results are quantitatively and qualitatively similar across all speci cations. Second, Figure A12 in Ap-
pendix A replicates results by gradually restricting the control sample. In particular, we replicate the lo-

$7Assuming 8 years of education to progress from 0 (no education) to 3 (secondary education) and 160 school days in a solar
year, the coe cient can be transformed into the number of days as ftitd®s:8)=4 160 32days.
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cal di erence in di erence regression for the main outcomes by gradually restricting the control sample
(in the spirit of Michalopoulos & Papaioannou, 2014). Starting with the initial control group of villages
within the distance range[6km; 10km], we systematically modify the lower bound by adding 1km in
each speci cation creating samples/tém; 10km], [2km; 10km], and so on while maintaining the

same upper distance limit. It is important to mention that in the last speci cations, the sample size is sig-
ni cantly reduced. Results on the wealth index are robust. The education result is robust in the majority
of the speci cations, losing statistical signi cance from 5km onward. Figure A13in Appendix A replicates
this robustness for the probability of owning land. Figure A14 in Appendix A presents sensitivity to the
10km threshold of the local di erence-in-di erence.

Employment  Table 3 presents the results of the local di erence-in-di erence analysis for the fol-
lowing outcomes (dummy variables): (1) unemployment status; (2) a dummy variable indicating whether
individuals work in sales; (3) in agriculture; (4) in services; or (5) in manual jobs. Two panels of results
are included: Panel (A) for wives and Panel (B) for husbands. We control for age, gender of the household
head, and the religion of the respondent. We nd no signi cant di erence in the probability of being un-
employed either before or after the health &i$tsis absence of signi cant e ects conceals considerable
mobility between employment sectors. For both husbands and wives, there is no ex-ante di erence in the
probability of working in agriculture consistent with the comparability of villages just outside and just
inside areas of interest before the Ebola outbreak. However, this situation changes after the health crisis,
with a 29% reduction for wives and a 22% reduction for husbands in the probability of working in this
sector within the areas of interest. In other words, following LSLAs, individuals are moving away from
agriculture. Then, we study where these individuals transition to. Wives appear to transition to jobs in
sales and services, re ecting an average increase of 35%, whereas husbands are moving into manual jobs,
with a 31% increase observed.

Table A16 in Appendix B replicates Table 3 omitting the controls for age, the gender of the household
head, and religion. Figure A17 in Appendix A illustrates the di erences in outcomes for wives and hus-
bands residing in villages just outside and just inside the areas of interest, both before and after the Ebola
outbreak. Figure A18 in Appendix A presents the time trends associated with these outcomes. Unfortu-
nately, we have su cient information regarding occupation only in the DHS waves conducted in 2009,
2013, and 2019. Consequently, information regarding pre-trends is limited to the two pre-outbreak waves.
That being said, also in this case, there is no visible pre-trend in outcomes, with almost all the di erences
being small and not statistically di erent from zero prior to the outbreak. Moreover, itis evident that there
has been a decline in the probability of working in agriculture, accompanied by a corresponding increase
in employment in sales and services for wives, as well as manual jobs for husbands. Table A18 in Appendix
B presents sensitivity using logit rather than OLS. Table A17 in Appendix B replicates the result on the

%8t should be noted that the number of husbands declaring unemployment within these villages is very low, limiting the
linear model's power to identify any di erences.
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Table 3: Occupation - Local di erence in di erence

€ 2) 3) 4 5)
Dep. Variable Unemployed Sales Agricultural Services Manual
Panel A: Wife
Within 0.0280* -0.0428*  -0.00112 0.000752 0.00963*

(0.0168)  (0.0166)  (0.0186)  (0.00346) (0.00562)

Ebola Within ~ 0.00765  0.0477*  -0.104**  0.0450* -0.00570
(0.0262)  (0.0254)  (0.0294)  (0.0155) (0.00682)

Observations 6,617 6,617 6,617 6,617 6,617
R-squared 0.254 0.089 0.248 0.075 0.011
Mean Dep. Var. 0.333 0.219 0.356 0.050 0.018

Panel B: Husband
Within 0.000267 -0.0147 0.00111 0.00560 -0.0101

(0.000242)  (0.0116)  (0.0220)  (0.00866) (0.0181)

Ebola Within  0.00973  -0.00492  -0.114**  0.00530 0.0658**
(0.0140)  (0.0156)  (0.0369)  (0.0187)  (0.0292)

Observations 4,862 4,862 4,862 4,862 4,862
R-squared 0.072 0.021 0.102 0.050 0.084
Mean Dep. Var. 0.018 0.059 0.524 0.060 0.211

Notes MWFE estimator. HDFE local linear regression. Sample restricted to be within 10km from the Areas of Interest
bandwidth. Standard errors in parentheses. *** ** * = indicate signi cance at the 1, 5, and 10% level, respectively. Robust
standard error showRbolas a dummy equal to one after 20&8thin is a dummy equal to one for individuals within

an area of interest. Unemployed is a dummy variable equal to 1 when the wife - panel A - or the husband - panel B - declares
to be unemployed. Similarly, sales, agricultural, services, manual, are all dummy variables indicating employment in these
macro sectors. Other category omitted. Controls are age, male head, and religion.

subsample of individuals who had lived in the village for at least 6 years. The results are quantitatively
and qualitatively similar across all speci cations. Figure A19 in Appendix A replicates results by gradually
restricting the control sample. Results are unchanged in the majority of the speci cations. Figure A20 in
Appendix A presents sensitivity to the 10km threshold of the local di erence-in-di erence.

5 Discussion

Summary Palm oil is a traditional crop in Liberia and was cultivated alongside other crops. In this
context, LSLAs appear to have reallocated land from forests to palm oil plantations and changed the pro-
duction equilibrium, from a traditional, labor-intensive approach to a more industrial, capital-intensive
one. The capital requirements of large palm oil plantations, combined with the technical and logistical
constraints of accessing international markets, likely prevented large-scale palm oil cultivation before the
acquisitions. This transformation process characterized by the expansion of cultivated land, changes in
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production inputs, and reorientation of existing production toward international markets resulted in a
substantial increase in the quantity exported of Liberian palm oil.

The expansion of this tradable industry has yielded limited but positive e ects on the local economy,
manifesting as modest improvements in wealth, health, and education among individuals residing in vil-
lages within the a ected areas. In addition, it appears to have spurred a process of structural transforma-
tion, with increased capital intensity in agriculture associated with decreased employment in this sector
and a transition to other industries, such as services, sales, and manual labor. However, this economic de-
velopment came at a signi cant environmental cost, including increased deforestation, forest res, CO2,
and PM25 emissions.

Back-of-the-Envelope Calculation Comparing the costs and bene ts of LSLAs is inherently
complex, as these issues span di erent areas of the economy and social environment. In this paragraph,
our aim is to provide a rough, highly approximated, and necessarily limited, back-of-the-envelope calcu-
lation, converting the bene ts and costs of this phenomenon into monetary equivalents. Therefore, the
results presented here should be taken with caution and seen as highly indicative.

We estimated a 12% increase in CO2 emissions within the areas of interest. The average CO2 emissions
per cellinthe control group i.e., cells outside concessions before the Ebola epidemic are 1008.29 tons
peryear. There are 467 cells within the areas of interest, and the estimated price for 1 ton of CO2 emissions
is 12.83 US$. Based on these gures, the estimated cost of the increase in CO2 emissions is 0.72 million
US$ (00829 467 1283 0:12).3° We proceed in a similar way for PM25 emissions, nding an
estimated approximate cost of 15.9 millions9Si#ice costs related to forest res and deforestation are
often linked with CO2 and PM25 emissions, we consider only these categories in our analysis.

Assessing the overall bene ts of LSLAs on wealth and education is even more complex. First, using
LandScan data and the average number of family members in Liberia, we estimate approximately 100k
families living in villages within the areas of interest. Based on this gure, and considering the increase in
wealth (equivalent to one additional bicycle per family) and the average cost of a bicycle (assumed to be $30
USD), we estimate a total increase in wealth of roughly $3 million USD. Regarding educational bene ts,
we estimate an increase of approximéé%lyn school days. Using an estimated 10% return on average
annual income from one additional year of schooling (Jones, Sohnesen, & Trifkovic, 2023), an average
income of $710 USD (source: https:/Mmwww.worlddata.info/africa/liberia/index.php), and three children
per family, the total bene ts from increased education amount to about $1.45 million USD.

Finally, the simplest bene t to quantify is from increased palm oil exports. For comparison with
the other estimates, we consider exports up to 2020. The approximate increase of 110k metric tons in
export volume during 2017 2020, multiplied by the average price per metric ton (500 US $, source:

39The nature-based carbon o set cost is set at $14.40 per tonne of carbon (source: https:/www.ft.com/content/29565f44-
ba71-4a44-8e84-d1e421ddb958). Given that 1ton is 907.185kg, 1ton of CO2 costs $12.83.

40gpeci cally, 30:956 (base mean of cells outside concessions before the epidemic) 467
110000(estimated cost for PM25 emissions from agricultural sources Wolfe et al. 01 @he estimated increase).

26



https://fred.stlouisfed.org/series/PPOILUSDM), results in an estimated increase of $55 million USD in
export value.

In summary, summing the estimated costs and bene ts suggests that LSLAs have a positive e ect on
the economy, primarily driven by increased export revenue. However, as emphasized earlier, these are
rough calculations that should be interpreted with caution.

External Validity = The generalizability of these results to other large-scale land acquisitions, and
more in general FDI in the agricultural sector, ultimately depends on the mechanisms identi ed and the
speci ¢ characteristics of the LSLA examined. The rst step in evaluating the external validity of the nd-
ings is to determine whether the land acquisitions prompted by the health crisis di er fundamentally from
other LSLAs. Asin a Local Average Treatment E ect framework, we present results for the complier ac-
quisitions, i.e. those stimulated by the Ebola outbreak. If this group is signi cantly di erent from other
LSLA groups, the ndings may not extend entirely to these. However, we believe there is little evidence to
suggest that these LSLAs are systematically di erent from other acquisitions, especially within a develop-
ing country context. A second key aspect of this study is its speci ¢ focus on Liberia. This is a low-income
country with weak institutions, leading to at least two signi cant consequences. First, its poor institutions
could have determined the acquisition constraint which was relaxed by the health crisis, as we explore in
Appendix E. Second, the low percentage of land dedicated to agriculture prior to the acquisitions. Results
may di er signi cantly in a developed country context, where land availability is near saturation. In such
scenarios, LSLAs could lead to the substitution of existing crops rather than the expansion of cultivated ar-
eas. Athird aspect to consider is that this study focusaisrooilland acquisitions. Large-scale palm oil
is known to be an extensive, monoculture, and capital-intensive woody crop. These characteristics could
have possibly in uenced our ndings.

As a result of these three considerations, and the mechanisms highlighted, the ndings presented in
this paper can be extendable to LSLAs, and agricultural FDIs in general, in extensive (capital-intensive)
crops within developing countries. This type of LSLA is the most common, i.e. 94% of LSLAs are located
in developing countries (countries in Africa, South and Central America, South-Eastern Asia, and East-
ern Europe) and 71% of LSLAs are performed for extensive (capital-intensive) monoculture crops (corn,
wheat, cotton, palm oil, timber trees, rubber trees), with 15% of deals on palm oil only and 66% on mono-
culture crops in developing countries (author's computation from Land Matrix data).

6 Conclusions

After Liberia's second civil war, FDI surged from $100-150 million annually in 2006-2007 to about $1
billion per year by 2012-2013, largely due to signi cant investments in agriculture and mining by multi-
national corporations (WorldBank, 2015). FDIs in these sectors typically involve companies securing land
concessions for the development of large-scale plantations, i.e., large-scale land acquisitions (LSLAS).
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This paper examines the impact of LSLAs on agricultural production, environmental outcomes, and
thelocaleconomy. We rstdetected anincreasein LSLA contracts through areductionintree coverage
prompted by the outbreak of the Ebola epidemic, leveraging the bureaucratic framework of the palm oil
sector in Liberia.

We then studied the e ects of this increase in LSLAs on palm oil production in two steps. First, we
documented an expansion of land dedicated to palm oil production by converting forests into agricultural
land. Second, we found an increase in imports of palm oil inputs (fertilizers, harvesting machines, and
extraction machines), possibly linked to an increase in capital intensity in the sector. As a result, we con-
cluded that these acquisitions both expanded the land allocated to palm oil cultivation and changed the
production equilibrium from a traditional, labor-intensive system to a more industrial one.

We then examined the e ects of these acquisitions on the local economy. On one hand, we nd an
increase in forest res and carbon dioxide, and PM25 emissions, suggesting negative environmental conse-
guences. On the other hand, we nd a modest positive e ect on the wealth and health of individuals living
close to the plantations. Connected to the previous point, these acquisitions also appear to have spurred a
process of structural transformation in the local economy, diverting individuals from agriculture toward
other occupations, primarily in services, sales, and manual labor.

The ndings presented in this paper may be extendable to LSLAs in developing countries focused on
extensive monocultures (approximately 66% of all land deals).

Further research could focus on the long-term impacts of LSLAS, as they are often associated with
monoculture practices and potential for soil degradation over time (European Economic and Social Com-
mittee, 2015). Moreover, the e ects could change depending on di erent characteristics of the acquisi-
tions, such as the availability of uncultivated land or the type of crop involved.
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