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Abstract

This paper examines the effects of agricultural FDI, in the form of land acquisitions,
on agricultural production and local development. We study palm oil concessions in
Liberia using a local difference-in-differences design that compares areas just inside and
outside concession boundaries before and after acquisition. We document that acqui-
sitions led to a reallocation of land from forest to palm oil cultivation, with tree cover
declining by approximately 3 percentage points within concessions. Locally, agricultural
self-employment falls by roughly 10 percentage points, while agricultural wage employ-
ment rises by 5—6 percentage points, and household welfare increases modestly. Using
product-level import data, we find substantial increases in imports of palm oil-specific
fertilizers, harvesting tools, and extraction machinery following the acquisitions, with
no comparable trend in other products. These results come with costs: CO2 emissions
rise by 29% and agricultural land ownership declines significantly within concessions.
Overall, the evidence suggests that agricultural FDI can serve as a push factor for struc-
tural transformation within agriculture in the spirit of Lewis (1954), shifting production
from a labor-intensive, subsistence system toward a more capital-intensive one.
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1. INTRODUCTION

A central question in development economics is how agricultural production modernizes.
In much of the developing world, agriculture remains characterized by small-scale, labor-
intensive subsistence farming. The classical account of structural transformation, originating
with Lewis (1954), posits that the introduction of capital into agriculture raises labor pro-
ductivity, releasing workers from subsistence activities and enabling their reallocation to
other sectors. Yet direct empirical evidence on this process—how it is triggered, what it
looks like at the local level, and whether it raises welfare—remains scarce, in large part
because the relevant shocks are difficult to observe and isolate.

This paper studies a concrete instance of capital entering a traditional agricultural sector:
large-scale land acquisitions by foreign palm oil companies in Liberia. These acquisitions
provide a setting in which the arrival of foreign capital is observable, spatially precise,
and plausibly exogenous. Palm oil production follows a visible sequence—deforestation,
planting, maturation—that can be tracked from satellite imagery. Concession boundaries are
precisely mapped and do not align with administrative divisions, enabling a local difference-
in-differences design. And repeated georeferenced household surveys allow us to examine
labor market responses at the village level, using the same boundaries that identify the
production effects.

We document three sets of results. First, using a pixel-based staggered local difference-
in-differences, we show that tree cover declines by approximately 3 percentage points within
concessions relative to areas just outside their boundaries, corresponding to roughly 90
million trees cleared between 2010 and 2018. This deforested land is converted to palm oil
cultivation: the land cover class consistent with young plantations increases by a comparable
magnitude. Event study estimates reveal no differential pre-trends, and a placebo exercise
using non-palm oil concessions (primarily timber and gold) yields null effects. These pro-
duction changes are reflected in trade data: palm oil exports increased by 64% between 2011
and 2016, and eleven-fold by 2018 (Figure 1).

Second, comparing individuals in villages just inside and outside concession boundaries
before and after acquisition, we find that agricultural self-employment falls by roughly 10
percentage points (from a baseline of 60%), while agricultural wage employment rises by
5-6 percentage points (from near-zero baselines). The DHS wealth index increases by 0.13
standard deviations, though land ownership declines by 7-10 percentage points and CO2
emissions rise by 29% within concessions. Third, using product-level import data, we show
that imports of palm oil-specific inputs—nitrogenous and potassic fertilizers, harvesting
tools, and extraction machinery—increase substantially after the acquisitions, while im-
ports of closely related but non-palm oil products (drills, saws, wood presses) and unrelated
categories (poultry equipment, telecommunications, cosmetics) do not.!

Taken together, these findings are consistent with a Lewisian account of transformation
within agriculture. Prior to the acquisitions, Liberian palm oil production was a labor-
intensive, subsistence activity serving local consumption. Foreign investment introduced
capital and technology—observable through the surge in imported inputs—that shifted the
sector toward large-scale, capital-intensive production. The local labor market adjusted
accordingly: workers moved out of self-employment into wage employment, and some reallo-
cated to non-agricultural occupations (sales for women, services and manual labor for men).
This pattern corresponds to the supply-side mechanism emphasized in models of structural

!The import analysis uses a single post-treatment cutoff rather than the staggered design, and identifi-
cation at this aggregate level is correspondingly weaker.



Figure 1: Liberian Palm Qil Exports

Notes: Quantity of palm oil exports in metric tons from Liberia during the
period from 2000 to 2018. Export data from BACI HS2 Revision 1992,
product categories HS: 151110 (Vegetable oils: palm oil and its fractions,
crude, not chemically 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). The shaded area between 2008 and 2011 indicates
the period of palm oil land acquisitions in the sample.

change (e.g., Acemoglu & Guerrieri, 2008; Bustos et al., 2016): a shift in factor intensity
within a sector that alters local employment equilibria. We interpret this evidence with
appropriate caution. The employment estimates come from repeated cross-sections rather
than individual panels, and the welfare implications are ambiguous: the modest increase in
the wealth index coexists with signi cant land dispossession and environmental costs.

This paper contributes to three literatures. First, it provides direct evidence on how
agricultural FDI a ects local production and employment. The existing literature on land
concessions has primarily examined historical settings, documenting negative long-run con-
sequences (e.g., Dell, 2010; Bobonis & Morrow, 2014; Lowes & Montero, 2021), with notable
exceptions (Dell & Olken, 2020; Méndez & Van Patten, 2022). The closest paper to ours is
Méndez and Van Patten (2022), who study the United Fruit Company's concessions in Costa
Rica and nd positive e ects on living standards. We complement their work by focusing
on contemporary acquisitions and by tracing the production channel explicitly from land
conversion through capital imports to employment restructuring.?

Second, the paper connects to the literature on FDI and development. The evidence on
whether FDI promotes growth in developing countries is mixed, with results depending on
initial conditions such as human capital (Borensztein et al., 1998), nancial development
(Alfaro et al., 2004), and institutional quality (C. Li & Tanna, 2019). 3 Our contribution
is to document one speci ¢ channel the transformation of agricultural production through
land acquisitions and to show that it operates through a shift in factor intensity rather

2A related literature in development studies has documented environmental consequences of land acqui-
sitions, including deforestation (Davis et al., 2015, 2020), res (Nepstad et al., 1999; Carlson et al., 2012),
and water scarcity (Rulli et al., 2013; Johansson et al., 2016), as well as mixed evidence on employment and
welfare (Baumgartner et al., 2015; Anti, 2021; Herrmann, 2017).

3For broader reviews of this relationship, see Aitken and Harrison (1999); Prasad et al. (2007); Contessi
and Weinberger (2009).



than through technology spillovers or market access, the mechanisms typically emphasized
in the FDI literature.

Third, we contribute to the literature on agricultural transformation and structural
change. Since Kuznets (1965), economists have studied the drivers of labor reallocation
away from agriculture, distinguishing demand-side explanations from supply-side ones such
as innovations (Gollin et al., 2002; Bustos et al., 2016), migration costs (Bryan et al., 2014;
Bryan & Morten, 2019), and changes in factor intensity (Caselli & Coleman I, 2001; Ace-
moglu & Guerrieri, 2008). Our evidence suggests that foreign capital, entering through land
acquisitions, can act as such a supply-side push factor at least within the con nes of a single
commodity and country. Whether these local e ects aggregate into broader transformation,
and whether the welfare gains persist, are questions our data cannot fully answer.

The remainder of the paper proceeds as follows. Section 2 provides background on
the palm oil sector in Liberia. Section 3 describes the data. Section 4 presents results on
deforestation and land cover. Section 5 examines employment and imports of capital inputs.
Section 6 discusses the results. Section 7 concludes.

2. BACKGROUND
2.1. The Palm Oil Sector in Liberia

Palm oil cultivation in Liberia has a longstanding history, traditionally carried out through

a labor-intensive system Republic of Liberia and International Trade Center - WTO and
UN (2014). 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 was used for
palm wine production (Carrere, 2013). Capital requirements were minimal, processing was
artisanal, and production served local consumption the infrastructure required to access
international markets was absent.

Following the conclusion of Liberia's second civil war (1999 2003), the government sought
to leverage the country's natural resource endowments to stimulate economic recovery. FDI
grew from approximately US$100 150 million annually in 2006 2007 to nearly US$1 bil-
lion by 2012 2013, largely driven by multinational investments in agriculture and mining
(WorldBank, 2015). The expansion of oil palm plantations received strong support from
the Liberian government and international agencies (Liberian Ministry of Finance, 2008).
Palm oil production shifted from the traditional system to an industrial one, character-
ized by monoculture, chemical inputs, and centralized mechanized processifigThis shift
corresponded with a redirection toward the international market (Republic of Liberia &
International Trade Center - WTO and UN, 2014), with exports totalling $90.8 million in
2022°

To establish production, companies follow a two-step procedure: rst, lease land from the
central government; then, obtain the consent of local communities by signing a contract with
the village to convert a portion of the concession area (Lowenstein, 2017). This structure
government lease followed by community consent implies that concession boundaries are

4 Although harvesting remains predominantly manual (Pashkevich et al., 2024), the processing of fruit
into palm oil is now centralized in large-scale mechanized plants (Carrere, 2013).

SLiberia remains a minor player globally. In 2022, the leading exporters were Indonesia (US$ 28.7
billion), Malaysia (US$ 17.7 billion), and Thailand (US$ 1.31 billion). See, for example, OEC - palm oil
data. Last accessed: January 23, 2025.



determined by state-level negotiations and do not re ect local economic conditions, support-
ing the identifying assumption of our empirical design.

2.2. Conceptual Framework

Consider a community with forested land and limited capital. The community can keep
its land under forest, supporting subsistence activities, or convert some forest to palm oil
plantation. Conversion requires capital (clearing, planting, infrastructure), and so does
reaching export markets (processing mills, quality certi cation, logistics). With little capital,
the community converts only a small share of its land, produces palm oil at small scale for
local consumption, and most labor is self-employed in subsistence.

FDI changes this equilibrium through two channels. First, it relaxes the capital con-
straint on land conversion: the rm can clear and plant far more forest than the community
could. Second, itunlocks the export price premium the rm has the capital for processing
and trade infrastructure, selling at international rather than domestic prices. The resulting
transformation is not labor leaving agriculture for industry the classical Lewisian process
Lewis, 1954 but land and labor moving from low-capital to high-capital use within agri-
culture.®

This logic generates ve predictions. First,deforestation: land under plantation increases
as the rm converts forest that the community could not a ord to clear. Second, employment
shifts from self-employment to wage worlon the rm's plantation, re ecting the change
in the scale and organization of production. Third, capital imports increase, as the rm's
machinery, fertilizers, and processing equipment are sourced from abroad. Fourtmdividual
land ownership declines since the rm's plantation reduces land available for individual
cultivation and wage workers no longer farm their own plots. Fifth, production shifts to
export markets as the rm's capital unlocks the international price premium. A simple
model formalizing this intuition is provided in Appendix A.

3. DATA

We combine geolocalized data on palm oil concessions, land cover, household surveys, and
other data to construct two datasets. The rst divides Liberia into a grid of 12 square
mile cells, yielding 7,656 cells observed annually from 2006 to 2018. The second provides
cross-sectional data on individuals in georeferenced villages, with observations in 2007, 2009,
2011, 2013, 2016, and 2019.

Palm Oil Concessions. To identify cells containing concessions, we use data from
Global Forest Watch, which documents the location, boundaries, and ownership of palm olil
concessions in Liberid. These data do not include concession grant dates. We obtain dates
from the Liberian National Bureau of Concession$. Matching across sources yields 19 of
22 concessions belonging to three companies. These concessions are recorded as palm oil
operations in o cial records and have documented grant dates: 2008, 2009, and 2011.

5In Gollin et al. (2002), low agricultural productivity traps labor in farming; capital accumulation
in industry is the escape. In our setting, low capital traps communities in subsistence; FDI transforms
agricultural production itself. Related, Adamopoulos and Restuccia (2014) show that farm-size distortions
account for much of the cross-country agricultural productivity gap; the arrival of FDI can be viewed as a
discrete relaxation of such constraints.

"Global Forest Watch. 2019. World Resources Institute. Accessed on 07/23/2020.

8 Available at: LEITI.org.



This provides a minumum of three pre-treatment years (treating the grant year as pre-
treatment) and seven post-treatment years. Household survey coverage is more limited:
only the 2007 DHS wave predates all concession grantsThe concessions are concentrated
in four geographic clusters distributed along Liberia's coastline (Figure A2 in Appendix B).
Figure A3 in Appendix B shows the timing of all recorded land acquisitions in Liberia from
OpenLandContracts.org.

Land Cover Data. We measure land cover using MODIS Vegetation Continuous
Fields data (Dimiceli et al., 2015), which provides annual estimates of land cover percentages
for the entire globel® The data classify land into 17 mutually exclusive categories de ned
by the International Geosphere-Biosphere Programme (IGBP), such as Water Bodies and
Evergreen Needleleaf Forests (evergreen conifer trees with canopy >2m). Figure A4 in
Appendix B shows the 2006 distribution of Evergreen Broadleaf Forest , the predominant
land cover type in Liberia. Given its dominance, we refer to this category adree cover
throughout the paper.

Household surveys. We use data from the Demographic and Health Surveys (DHS),
which are nationally representative household surveys collecting information on health, de-
mographics, and occupation. We supplement these with the Malaria Indicator Survey (MIS),
also administered by the DHS program, which focuses on malaria prevalence and contains
fewer variables. The analysis uses individual-level data for men and women aged 15-64. Both
surveys provide geographic coordinates for interviewed households, yielding a repeated cross-
section of individuals across Liberian villages in 2007, 2009, 2011, 2013, 2016, and 2019. Only
the full DHS waves (2007, 2013, and 2019) contain occupation data. Figure A5 in Appendix
B shows the geographic distribution of surveyed villages. The sample includes villages both
inside and outside concession areas, with observations spanning the periods before and after
the initial land acquisitions.

Other data. We supplement the analysis with additional data, such as trade data
from BACI, population density, rainfall, and nighttime light intensity. Appendix E provides
detailed descriptions of these data sources.

Descriptive statistics. Table 1 presents summary statistics for the sample period.
Panel (a) reports statistics for all grid cells, while Panel (b) restricts to cells located within
palm oil concessions. Several patterns are noteworthy. First, tree cover is higher in conces-
sion areas than in the full sample, consistent with concessions being located in rural, forested
regions. Urban cover and nightlights are correspondingly lower. Second, approximately 5%
of grid cells fall within concessions, which accounts for the di erence in observations between
Panels (a) and (b). Third, turning to household survey data, average age and unemployment
rates for both spouses are similar across concession and non-concession areas. However, indi-
viduals residing in concession areas have somewhat lower educational attainment on average.

9The 2009 and 2011 MIS waves contain fewer variables than the DHS surveys. See the household survey
data description for details.
O\We use the MCD12C1 product, layer Land Cover Type 1 Percent .



Table 1: Descriptive Statistics

Obs. Mean S.D. Min Max
Panel (a): All Sample
Cell data
% Evergreen broadleaf 99,528 24.11 36.01 O 100
% Woody Savannas 99,528 35.87 40.03 O 100
% Urban 99,528 0.170 2.156 O 83
Concession 99,528 0.0490 0.216 O 1
Rain 99,528 1425 9290 O 461.5
Nightlights 99,528 0.424 1579 O 30.11
Population 99,528 1,138 5905 O 329,609
CO2 99,528 1,109 7,156 O 380,747
DHS data
Age 36,777 29.06 9.600 15 49
Max educ. years 36,777 0.918 0.872 0 9
Unemployed wife 21,329 0.306 0.461 O 1
Unemployed husband 15,789 0.0231 0.150 O 1
Panel (b): Concessions
Cell data
% Evergreen broadleaf 4,875 4827 3213 0 100
% Woody Savannas 4875 4565 3121 O 100
% Urban 4,875 0.0320 0478 O 9
Rain 4,875 237.1 4252 1429 407.6
Nightlights 4,875 0.0730 0.520 O 6.944
Population 4875 763.1 1,221 O 22,153
CO2 4,875 1174 0.647 0.0969 4.136
DHS data
Age 5180 29.55 9.704 15 49
Max educ. years 5,180 0.717 0.782 O 9
Unemployed wife 3,128 0.339 0473 O 1
Unemployed husband 2,314 0.0186 0.135 O 1




4. DEFORESTATION AND LAND COVER

In this section we study changes in land cover within palm oil concessions following the
acquisitions to explore the e ects of land acquisitions on agricultural production. The agri-
cultural sector, and the palm oil one in particular, provides a unique setting to study this
since cultivations are measurable from satellite data.

4.1. Deforestation

Methodology The rst fundamental production stage in the palm oil sector is defor-
estation. We measure deforestation using changes in Evergreen Broadleaf Forests , the most
common type of tree cover in Liberia. We employ a staggered local di erence-in-di erences
design to examine changes in tree cover within concessions following acquisition. The sam-
ple includes all cells within 10 km of a concession boundary, where distance is measured
as the shortest path from each cell's centroid to the nearest boundary. Thus, we compare
areas just inside and just outside concessions before and after acquisition. The identifying
assumption is that, absent the acquisitions, land cover would have evolved similarly just
inside versus just outside palm oil concession boundaries. For each ckll we identify its
closest concessiong and assign that concession's acquisition year as the relevant treatment
time. The reduced form model is:

X
P = + i At f=j] Ck+ «* ot Ua (1)
i6 1

where Py; indicates the percentage of land cover (in this case, tree coverJ; are year dum-
mies, C, equals one for cells inside concessions, afig(cc) denotes the acquisition year of
cell k closest concessiom,. The acquisition year serves as the reference category (-1), as
concessions were granted late in the calendar year. The benchmark speci cation includes
cell ( k) and closest concession by year ¢, t) xed e ects, with standard errors clustered

at the cell level. This compares cells just inside and outside the same concession before and
after acquisition. In the benchmark speci cation we control for the average rainfall in the
cell-year.

Results Figure 2 presents the results. The coe cients on the pre-acquisition
indicators are small and statistically insigni cant, suggesting no di erential pre-trends in tree
cover near concession boundaries. Following acquisition, tree cover declines progressively in
cells inside concessions relative to cells just outside. Figure A6 in Appendix B examines
sensitivity to the 10 km bandwidth, varying the distance threshold from 5 km to 20 km in
1 km increments.

To quantify the e ect, we estimate a simple di erence-in-di erences speci cation com-
paring cells just inside and just outside concessions (within 10 km of the boundary) before
and after acquisition. Table Al in Appendix C reports the results. Across all speci cations,
the estimated e ect is a decline of approximately 3 percentage points in evergreen broadleaf
cover. Column 1 includes cell and year xed e ects with no additional controls. Column
2 adds a control for rainfall. Column 3, the benchmark speci cation, includes concession-
by-year xed e ects. Table A2 in Appendix C examines sensitivity. The estimates remain
stable when correcting standard errors for spatial and temporal correlation, following Conley
(1999), when using alternative xed e ect speci cations (cell-by-year or cell only), and when
including di erent controls (lagged rainfall, SPEI, nighttime lights, or no controls). To pro-



Figure 2: Percentage of tree cover - Event study

Notes: The gure presents event-study coe cients from equation (1). The dependent variable is tree cover, measured
as the percentage of land classi ed as Evergreen Broadleaf Forest in MODIS land cover data (the primary forest type
in Liberia). The coe cient re ects the change in tree cover for cells within concessions, with respect to the control
group (10km outside the boundaries). The event year (t=-1) is the year the concession was granted. All speci cations
include cell and concession  year xed e ects. 95% con dence intervals shown with standard errors clustered at the
cell level. Periods before -4 after 6 are included in these time dummies.

vide context for the magnitude, this 3 percentage point decline corresponds to approximately
90 million trees lost between 2010 and 2018.

Placebo To assess the strength of the identifying assumption, we conduct a placebo
exercise using boundaries of other concessions. We obtain data on other concessions in
Liberia from AidData (see Appendix E for details). Figure A7 in Appendix B shows their
geographic distribution. We exclude palm oil concessions, concessions classi ed as other
crops (which may include palm oil), and hydrocarbon concessions (which are o shore). The
remaining concessions are primarily timber (20%) and gold (19%). We assign each cell an
indicator for whether it contains a non-palm oil concession, but use the timing of the nearest
palm oil concession as the event time. This speci cation tests whether deforestation pat-
terns around the palm oil acquisition dates re ect palm oil-speci c e ects or instead capture
broader trends associated with the acquisition period. Figure A8 in Appendix B presents
the event study estimates, and Table A3 in Appendix C reports the local di erence-in-

di erences results. The placebo estimates are small and statistically insigni cant, indicating
that deforestation is speci ¢ to palm oil concessions and not driven by unobserved factors
correlated with the timing of palm oil acquisitions.

1 Given the density of trees in Liberia per km 2 (285,600, see the Liberia National Forest Inventory
2018/2019), and the size of a cell (30 knt), approximately 285,600 30 0.03 257,000 trees were cut
down per cell. Multiplying this by the total number of cells within concessions ( 350), we obtain a tree
loss of approximately 90 million trees.



4.2. Land cover

Measurement In this subsection, we examine whether deforestation within palm
oil concessions led to increased palm oil cultivation. Satellite data do not directly measure
palm oil; instead, we observe 17 land cover classes de ned by the International Geosphere-
Biosphere Programme (IGBP). We therefore must determine which class corresponds to
young palm oil plantations.

IGBP classes are de ned by canopy diameter and percentage of tree coverage, both of
which vary with tree age and cultivation type. We focus on palm oil trees in their rst
4-5 years after planting. Carolita et al. (2017) document the relationship between canopy
diameter and tree age for palm oil, which we use to compute average canopy diameter by
year since planting (Table A4 in Appendix C). Canopy diameter increases with age but
consistently exceeds 2 meters, the IGBP classi cation threshold. To calculate coverage, we
rst compute average canopy area for each year since cultivation (column 3 of Table A4).
At the optimal planting density of 143 trees per hectare (source: FAO), this yields the area
covered by palm oil canopy in each year (column 6). Column 7 shows that palm oil canopy
covers approximately 47% of each cell. These characteristics, canopy diameter exceeding
2 meters and coverage between 30-60%, match one IGBP class: Woody Savannas . Fig-
ure A10 in Appendix B presents the geographical distribution of this class in 2006. This
classi cation aligns with Keil (2016), who classify palm oil as woodland in the University
of Maryland (UMD) system, which corresponds to woody savannas. Palm oil plantations
are also commonly characterized as woody crops (SEEA; de Sousa et al., 2020 for Liberia),
further supporting this classi cation. Recently, Myint et al., 2025 con rmed the classi ca-
tion of palm oil cultivations in Woody Savannas and Savannas in Indonesia using very
high-resolution (VHR) imagery.

To validate this theoretical classi cation, we examine speci ¢ cells using satellite imagery
from Google Earth. Figure A9 shows cell 4466 in Maryland County across three years: 2011,
2014, and 2020. The concession boundary is marked in red. In 2011, before acquisition, the
cell was entirely forested. By 2014, following the 2011 acquisition, a substantial portion had
been cleared. By 2020, palm oil trees had matured in the previously deforested area. The
fourth image provides a close-up con rming the presence of palm oil trees. MODIS data for
this cell con rm classi cation as woody savannas during this period.

Results Figure 3 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 country, i.e. using
them asPy; in equation (1). The graph shows a steady decrease in the presence of Evergreen
Broadleaf Forests, as shown in Figure 2, 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. Table A5 in Appendix C presents the local di erence-in-di erence results,
with the same structure of Table Al in Appendix C. The estimated e ect is an increase of
approximately 3 percentage points in woody savannas cover. Column 1 includes cell and
year xed e ects, column 2 controls for rainfall, column 3 includes concession-by-year xed
e ects.

To get an idea of the change in production, we perform a small back-of-the-envelope
calculation. There are approximately 375 cells within concessions, each covering 12 square
miles (approximately 3,000 hectares). A 3 percentage point increase in palm oil cultiva-
tion implies roughly 90 hectares of new palm oil area per cell, or about 30,000 hectares in

10



Figure 3: Change in land cover - Event study

Notes: The gure presents event-study coe cients from equation (1) for di erent MODIS land cover categories.
Coe cients represent changes inside concessions relative to control cells located (10km outside the boundaries). The
event year (t=-1) is the year the concession was granted. All speci cations include cell and concession year xed
e ects. 95% con dence intervals shown with standard errors clustered at the cell level.

total. The yield of oil palm depends on tree age: palms produce no signi cant output in
years 1-3, increase rapidly in years 4-7, and reach peak production in years 8-15. Trees
planted between 2008 and 2011 would be 5-10 years old by 2018/2019, placing them in
the transition from early production to maturity. At the global average yield of approxi-
mately 2 tonnes (1.8 metric tonnes) of crude palm oil per hectare per year (Woittiez et al.,
2017), the estimated new area would produce roughly 54,000 metric tons annually. These
gures are broadly consistent with the observed increase in palm oil export, which reached
approximately 30,000/50,000 metric tons in 2018/2019 (Figure 1).

These calculations are necessarily rough (they assume uniform planting density, ignore
variation in tree age and management quality across concessions, and treat the entire 3
percentage point increase as new commercial plantation). They do, however, suggest that
the satellite-based production estimates and the export data tell a mutually consistent story.

Air pollution As additional evidence on the expansion of palm oil cultivations within
concessions, we examine air pollution. In Indonesia, palm oil emissions averaged 220 million
tonnes of CO2 equivalent annually between 2015 and 2022, accounting for nearly one- fth
of the country's total emissions (SEI, 2024). Therefore, as an indirect test, we examine
whether acquisitions increased local air pollution.

Table A6 in Appendix C reports local di erence-in-di erences estimates for three pol-
lutants: PM2.5, CO2, and N20O. Panel A uses the benchmark 10 km bandwidth; Panel B
uses 20 km to account for pollutant dispersion. The estimates indicate increases of 0.5% for

11



PM2.5 and 29% for CO2, both statistically signi cant. The estimated e ect on N20 is 3%
but statistically insigni cant. Consistent with evidence from Indonesia, palm oil expansion
in Liberia is associated with substantial increases in carbon dioxide emissions.

4.3. Conclusions

This section uses a local di erence-in-di erences approach to estimate the e ects of palm
oil acquisitions on production. The analysis proceeds in two steps.

First, we document that acquisitions led to substantial deforestation within concession
boundaries. Event study estimates show no di erential pre-trends in tree cover, followed by
a progressive decline of approximately 3 percentage points in the years following acquisition.
These estimates are robust to corrections for spatial and temporal correlation in the error
structure, alternative xed e ect speci cations, and various controls. A placebo exercise
using non-palm oil concessions con rms that deforestation is speci ¢ to palm oil acquisitions
rather than re ecting broader trends during this period.

Second, we establish that deforested areas were converted to palm oil cultivation. Using
agronomic data on palm oil canopy characteristics, we identify young palm oil plantations
with the IGBP land cover class Woody Savannas . Satellite imagery validates this clas-
si cation. Consistent with this interpretation, woody savanna coverage increases within
concessions following acquisition. The two trends are opposite and comparable in magni-
tude, suggesting a substitution between forests with palm oil cultivations.

Together, this evidence indicates that palm oil acquisitions generated signi cant increases
in palm oil production. The estimates are identi ed by comparing areas just inside and
outside concession boundaries, allowing for concession-speci ¢ trends, and are robust across
multiple speci cations and datasets.

5. EMPLOYMENT, FERTILIZERS, HAND TOOLS, AND EXTRACTING
MACHINES

This section examines whether palm oil acquisitions a ected local employment and imports
of industry-speci ¢ capital goods. First, we use household survey data to compare individ-
uals in villages just inside and outside concession boundaries before and after acquisition,
exploring whether the production increase documented in Section 4 is associated with shifts
in labor allocation. Then, we use product-level import data to compare imports of palm
oil inputs (such as fertilizers and processing equipment) to imports of other products before
and after acquisitions.

5.1. Local employment

Methodology We employ a similar identi cation strategy to the previous section, com-
paring individuals in villages just inside and outside concession boundaries before and after
acquisition. Figure A1l in Appendix B illustrates the variation for one concession. The iden-
tifying assumption is that, absent the acquisitions, individual outcomes would have evolved
similarly just inside versus just outside concession boundaries.

The data structure di ers from the previous section. The household surveys provide
a repeated cross-section of individuals rather than a panel of cells. Dierent villages and

12



individuals are sampled in each wave, precluding individual or village xed e ects. The
estimating equation is:

Yiet = + 16+ 26 Wi+ + W, ¢t Ui (2

whereYic is the outcome for individual i in the area surrounding concessiog at time t, G
equals one if individual if concessiort has been granted att, W; equals one if individuali's
village is inside a concession,; are year xed e ects, and W; . are concession-by-location
xed e ects (separate xed e ects for areas inside and outside each concession). This spec-
i cation compares individuals in villages just inside and outside the same concession before
and after acquisition, controlling for time-invariant di erences between inside and outside
areas speci c to each concession. Given the sparser distribution of villages relative to grid
cells, we increase the bandwidth from 10 km to 20 km. we examine sensitivity to alternative
bandwidths and speci cations below?!?

Placebo  To assess the plausibility of the identifying assumption, we conduct a placebo
exercise examining ve outcomes unlikely to be a ected by palm oil acquisitions over this
time horizon: age, whether the individual lives in an urban area, whether the individual
belongs to the Kpelle ethnicity (the largest group, comprising 20% of the sample), whether
the individual is able to read, and average time to a water source. This exercise assess
both the parallel trends assumption and potential sampling imbalances arising from the re-
peated cross-sectional design, though imperfectly, as discussed in Section 6. Table A8 and
Appendix C and Figure A12 in Appendix B present the results. Four of the ve estimated
e ects are small and statistically insigni cant. > The exception is the urban dummy: the
estimated coe cient is large, negative, and statistically signi cant. This could re ect either
genuine changes in settlement patterns following acquisitions or sampling imbalances be-
tween inside and outside areas. Regardless of the mechanism, this nding underscores the
importance of controlling for observable individual characteristics in the main speci cations.

Land ownership Table A9 in Appendix C examines whether acquisitions a ected
land ownership. The dependent variable is an indicator equal to one if the respondent owns
any agricultural land. Column 1 reports estimates without individual controls; column 2
adds controls for age and urban dummy. Individuals inside concessions are 10 percentage
points less likely to own agricultural land following acquisition. This is consistent with the
land acquisitions.

A potential concern with the local identi cation strategy is violation of SUTVA due to
spillovers across concession boundaries. To assess robustness, we replicate the analysis while
systematically varying the distance of the control group from concession boundaries (in the
spirit of Michalopoulos & Papaioannou, 2014). Beginning with the baseline control group of
villages [Okm; 20km] from boundaries, we incrementally shift both bounds by 1 km creating
samples of[1km; 21km], [2km;22km], and so forth. Figure A13 in Appendix B presents

2The pixel-based local di erence-in-di erence methodology can be applied one last time to study changes
on population dynamics and nightlights (for information on this data, please refer to Appendix E). The
results (Table A7 in Appendix C) show a positive (albeit small, 0.08 standard deviations) e ect on the
population and a very limited (negative) impact on nightlights. However, it is important to note that this
widespread measure of economic development has signi cant limitations when assessing development in rural
areas (Keola et al., 2015, Gibson et al., 2021, and Perez-Sindin et al., 2021).

8The Grant dummy is excluded from the regression for the literacy outcome since it is collinear with
the xed e ect since this is present only in the DHS (2007, 2013, 2019) waves, and therefore only one
pre-acquisitions period is present.

13



the results. The estimated e ect remains stable through a 5 km shift. Beyond 5 km, the
coe cient becomes small and statistically insigni cant.

Employment Table 2 reports di erence-in-di erences estimates for six occupation
outcomes: unemployment, sales, self-employment in agriculture, agricultural wage employ-
ment, services, and manual labof* Panel A presents results for wives; Panel B for husbands.
All speci cations control for age and urban residence?®> Several patterns emerge. First, re-
ported unemployment declines for both wives and husbands. Second, self-employment in
agriculture decreases by approximately 10 percentage points for both groups, relative to a
baseline of 60% outside concessions before acquisition. This is consistent with the decline
in land ownership documented above. Third, agricultural wage employment increases by
roughly 5 percentage points for wives and 6 percentage points for husbands, compared to
baseline rates of 1% and 6%, respectively. Outside agriculture, women are more likely to
report working in sales, while men are more likely to work in services. The main ndings are
robust to excluding age and urban controls (Table A1l in Appendix C), though some esti-
mates become statistically insigni cant while remaining economically meaningfult® Figure
Al4 in Appendix B presents results from the spillover robustness exercise described in the
previous subsection. The estimates remain stable as the control group is shifted away from
concession boundaries.

Figure A15 in Appendix B examines the sensitivity of the agricultural occupation results
to alternative speci cations and bandwidths. We report ", of equation 2, the di erence-in-

di erences, across 17 speci cations and 6 bandwidths (5 km to 30 km in 5 km increments).
The speci cations vary the xed e ects structure (benchmark, year and concession xed
e ects separately, or interacted), inclusion of age and urban controls, sample restrictions
(long-term residents only; pre-Ebola period only), and functional form (linear probability
versus logit). Coe cients are color-coded: blue indicates the same sign as the benchmark
speci cation and statistical signi cance at the 5% level; black indicates statistical insigni -
cance; red indicates the opposite sign and statistical signi cance at 5%. The estimates are
stable across most speci cations. Results are somewhat less stable at the 5 km bandwidth,
where the control sample contains relatively few individuals. This pattern is consistent with
either increased sampling variability at narrow bandwidths or potential spillovers very close
to concession boundaries. The ndings are robust to excluding the Ebola period (waves be-
fore 2014), indicating that di erential Ebola impacts inside versus outside concessions do not
drive the results.)” They are also robust to restricting the sample to individuals residing in
their village for more than 11 years (the time elapsed between the rst acquisition and the -
nal survey wave), suggesting that endogenous migration does not drive the occupation shifts.

14These are constructed using the question about occupation. One data limitation merits note: unem-
ployment was not reported in the 2007 occupation question, yielding a probability of unemployment of zero
outside concessions before the acquisitions. As a robustness check, Table A10 in Appendix C reports results
using both the occupation-based unemployment measure and a separate question on work status (available
only for wives). The results are consistent.

5The Grant dummy is excluded from the regression for occupation outcomes since it is collinear with
the xed e ect since these are present only in the DHS (2007, 2013, 2019) waves, and therefore only one
pre-acquisitions period is present.

18 For wives, the estimated increase in agricultural employment falls to 5 percentage points and becomes
statistically insigni cant. For husbands, the decline in agricultural self-employment and increase in wage
employment remain statistically signi cant.

1 Acquisitions occurred 2-4 years before the 2014 Ebola outbreak.
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Table 2: Occupation

@ ) ©) 4 (5) (6)

Dep. Variable Unemployed Sales Agri. self  Agri. empl  Services Manual
Panel A: wife
Grant  Within -0.0670**  0.0723** -0.0955***  0.0551*** 0.0155 -0.0117

(0.0178) (0.0280) (0.0299) (0.0147) (0.0104) (0.00814)
Observations 6,713 6,713 6,713 6,713 6,713 6713
R-squared 0.224 0.068 0.377 0.217 0.068 0.007
Year FE Yes Yes Yes Yes Yes Yes
Wave Concession FE Yes Yes Yes Yes Yes Yes
Mean yj Grant = 0 & Within = 0 0.000 0.268 0.643 0.014 0.016 0.008

Panel B: husband
Grant  Within -0.0229*** 0.0117 -0.120***  0.0493***  0.0534*** 0.0220
(0.00618)  (0.0172)  (0.0307)  (0.0187)  (0.0156)  (0.0247)

Observations 5,011 5,011 5,011 5,011 5,011 5011
R-squared 0.089 0.029 0.315 0.263 0.031 0.093
Year FE Yes Yes Yes Yes Yes Yes
Wave Concession FE Yes Yes Yes Yes Yes Yes
Mean yj Grant = 0 & Within = 0 0.000 0.075 0.538 0.066 0.077 0.121

Notes : The table presents results from a linear regression with high-dimensional xed e ects (HDFE) estimated using the method of within xed

e ects (MWFE), separately for wives (Panel A) and husbands (Panel B). Outcome variables are indicators for: Unemployed = not working; Sales

= employed in sales; Agriculture employee = employed in agriculture; Agricultural self-employment = self-employed in agriculture; Services = em-
ployed in services; Manual = employed in manual labor. The sample is restricted to DHS respondents living within 20km of concession boundaries.
Grant is an indicator equal to one for years after the nearest palm oil concession was granted. ~ Within is an indicator for individuals residing inside
a concession. The Grant coe cient is perfectly collinear with xed e ects in this speci cation, since the DHS waves are 2007, 2013, and 2019 and
all the palm oil concessions were granted between 2007 and 2013. Robust standard errors shown in parentheses. *** ** and * indicate signi cance
at the 1%, 5%, and 10% levels, respectively. Control variables are age and the urban dummy.

Wealth Table A12 in Appendix C reports di erence-in-di erences estimates for the DHS
wealth index, with and without controls for age and urban residence. The wealth index is
a standardized composite measure of household living standards based on asset ownership,
housing materials, and access to water and sanitatiol® The estimated change is an increase
of 0.13 standard deviations, statistically signi cant at conventional levels!® The increase is
consistent with the occupation shifts documented above, suggesting that transitions from
self-employment to wage labor in agriculture, combined with increased palm oil production,
raised local living standards. Figure A16 in Appendix B shows that the estimate is robust
to varying the bandwidth from 5 km to 30 km.

5.2. Fertilizers, hand tools, and extracting machines

Products To study changes in inputs, we use BACI imports data (additional infor-
mation in Section E). This is a comprehensive international 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, allowing detailed
analysis of speci c 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. Addi-
tional details on product codes and characteristics are provided in Table A13 in Appendix
C. Firstly, given that palm oil is indigenous to Liberia, we do not consider seed imports.

8The index is constructed using principal components analysis. Asset scores are standardized using
country-wave means and standard deviations, and households are ranked and divided into quintiles. The
nal index measures standard deviations from the national mean. See DHS Wealth Index website for details.

19To put things into perspective, we use the asset scores provided by the 2018 Liberian DHS. This increase
is comparable to individuals living within the concessions, after the acquisitions, owning an additional non-
mobile phone (i.e., owning a non-mobile phone increases the wealth score by 0.13 standard deviations).
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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 and 3104¥° It is important to underline that characterizing fertilizers as palm
oil-speci ¢ or not is challenging, and it is possible that other fertilizers are also used in
this cultivation. In contrast, for hand tools we can target the long pole palm oil cutter (in
HS: 846729), while excluding unrelated equipment such as drills (HS: 846721) or saws (HS:
846722).

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, also in this category, we can
target palm oil-speci c machinery with greater precision than in fertilizers. 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.

Methodology We use import data for several reasons. First, palm oil processing
machinery and specialized inputs are not domestically produced in Liberia, so rms must im-
port them. Second, smallholder farmers are unlikely to import them independently. Third,
detailed product-level import records allow precise identi cation of palm oil-speci ¢ inputs
over time. We compare imports of palm oil inputs to all other imports before and after
acquisitions. The estimating equation is:

li = + 1Pi+ G+ 3P Gy + uy 3)

where | is the imported quantity of product i at time t, P; equals one if the product is a
palm oil input, and G; equals one from 2008 onward, the year of the rst acquisition in the
sample.

The identi cation assumption is a standard parallel trends assumption, with palm oil
input imports following the same trend as all other Liberian imports absent the acquisitions.
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 identify key correlations in the data.

Results Figure 4 presents the quantities imported for three product categories (ni-
trogenous/potassic fertilizers, harvesting tools, and extraction machines) over time, as well
as all the other imports. Imports of these key palm oil inputs were very low before the ac-
quisitions, but right after the acquisition period, there was a substantial increase in imports
across all these product categories. No similar trend appears in other imports. Table A14

2 Nitrogen and potassium fertilizers are by far the most important for oil palm because these nutrients
have the highest uptake rates (mature palms require 193 kg/halyear of nitrogen and 251 kg/halyear of
potassium, which are immobilized in large quantities in vegetative tissue and exported through harvested
crops). These two nutrients show signi cant interactions, with nitrogen 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).
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in Appendix C 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 loga-
rithmic one (Panel B). The results align with the raw import data: a substantial increase
in inputs for the palm oil industry after the acquisitions.

This change in fertilizer import data is also roughly consistent with the change in pro-
duction estimated in Section 4. At recommended application rates of 193 kg/ha of nitrogen
and 251 kg/ha of potassium per year for maturing palms (FAO and Dubos, Bonneau, and
Flori (2020)), the 33,000 hectares of new plantation would require on the order of 6,000 met-
ric tonnes of nitrogenous and 8,000 metric tonnes of potassic fertilizer annually, magnitudes
comparable to the post-acquisition import volumes (combined approximately 5,000/12,000
metric tonnes in 2015/2016).

Figure 4: Palm oil inputs imports

Nitrogenous Potassic Fertilizers Electrical Hand Tools

Extracting Machines All the others

Notes: This 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: 846729), extracting machines (HS:
846920 and HS: 846982), and all the other imports. The shaded area between 2008 and 2011 indicates the period of
palm oil land acquisitions in the sample.

Table A15 in Appendix C examines whether import increases are specic to palm oil
inputs or re ect broader trends in similar product categories. We disaggregate the analy-
sis to the 6-digit product level within the 4-digit categories for hand tools and extraction
machines, allowing comparison of palm oil-speci c inputs to closely related but non-palm
oil products. The results indicate that import increases are concentrated in palm oil in-
puts. For harvesting tools, imports of palm oil-speci c equipment increase substantially,
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while imports of similar tools used in other sectors, such as drills (HS: 846721) or saws (HS:
846722) show no signi cant change. Similarly, for extraction machinery, palm oil presses
exhibit large increases, whereas imports of related equipment used in other agricultural pro-
cessing, such as wood presses (HS: 847930), remain at. This pattern is consistent with the
hypothesis that import increases resulted from palm oil acquisitions rather than broader
sectoral trends, lending credibility to the parallel trends assumption and strengthening the
link between documented production expansion and capital inputs.

Placebo Table A16 in Appendix C presents di erence-in-di erences estimates for placebo
products. In particular, Harvest/Tresh: HS-843330, 843340, 843351, 843352, 843353, 843359,
843360, 843390; Poultry : HS-843621, 843629, 843691; Soil prep. : HS-8432; Drills : HS-
846721; Telecommunication : HS-8517; Cosmetics : HS-3304; O ce equ. : HS-8472. The
interaction coe cient is small and not statistically di erent from zero for all these products.

6. DISCUSSION

Summary This paper uses a local di erence-in-di erences design to study the e ects
of palm oil land acquisitions on agricultural production and local employment in Liberia.
Comparing grid cells and villages just inside and outside concession boundaries before and
after acquisition, we document three sets of results. First, acquisitions led to substantial
deforestation, with cleared land subsequently converted to palm oil cultivation. Second,
local employment shifted from agricultural self-employment toward wage employment in
agriculture, with a modest increase in the DHS wealth index. Third, national imports of
palm oil-speci c inputs fertilizers, harvesting tools, and extraction machinery increased
substantially after the acquisitions, with no comparable trend in other products.

Together, these results suggest that agricultural FDI, in the form of land acquisitions, can
shift the production equilibrium from a traditional, labor-intensive system to a more capital-
intensive one. The capital requirements of large plantations, combined with the technical
and logistical constraints of accessing international markets, likely prevented large-scale palm
oil cultivation prior to the acquisitions. By relaxing these constraints, foreign investment
enabled a shift in the sector's relative input intensity, consistent with a Lewisian account of
structural transformation within agriculture (Lewis, 1954). In this section, we discuss the
robustness and limitations of these results.

Measurement To measure the expansion of palm oil cultivation, we use the MODIS
Woody Savannas land-cover category. This classi cation is based on canopy size and tree-
cover thresholds that are consistent with the structure of young palm oil plantations, as
discussed in Section 4. Satellite imagery from Google Earth validates this classi cation at
the pixel level (Figure A9), and recent work by Myint et al. (2025) con rms that palm oil
cultivations are classi ed as Woody Savannas and Savannas in the IGBP system using
very high-resolution imagery. It is important to note that our estimates rely on compar-
isons around palm oil-speci ¢ boundaries. Although this measure may contain noise (e.g.,
classi cation lags or similarities with other woody crops), such misclassi cation would tend
to attenuate e ects rather than generate spurious ones. Bias would arise only if misclassi -
cation were systematically correlated with concession boundaries.

On the employment side, two features of the data merit discussion. First, given the
identi cation strategy and the nature of the data, we estimate local impacts of land acqui-
sitions on labor market equilibria, similarly to Autor et al. (2016). The e ects we document
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represent the sum of all changes generated by the acquisitions, including both direct e ects
(e.g., hiring by plantation companies) and indirect ones (e.g., displacement of self-employed
farmers, emergence of local service activities). Second, the household surveys provide a
repeated cross-section rather than a panel of individuals. Di erent villages and individuals
are sampled in each wave, precluding individual xed e ects. This means that changes in
sample composition across waves could, in principle, confound the estimated e ects. To
address this, we conduct placebo tests on outcomes unlikely to be a ected by acquisitions
(Table A8), control for observable individual characteristics, and show robustness to restrict-
ing the sample to long-term residents (Figure A15). Nevertheless, we cannot fully rule out
imbalances in unobserved characteristics.

Internal Validity Throughout the paper, except for the import analysis, the iden-
ti cation assumption is that outcomes would have evolved similarly just inside versus just
outside concession boundaries absent the acquisitions. The credibility of this assumption
relies on three features of the research design. First, comparisons are made only within
narrow bands around concession boundaries that were drawn prior to the acquisitions and
do not align with administrative divisions. Second, the event study estimates show no dif-
ferential pre-trends in tree cover near concession boundaries (Figure 2). Third, a placebo
exercise using non-palm oil concessions (primarily timber and gold) yields null results for
both deforestation (Table A3) and employment (Figures A17 and A18), con rming that the
e ects are speci c to palm oil acquisitions rather than re ecting broader trends associated
with concession areas.

A potential concern is that the 2014 Ebola epidemic, which severely a ected Liberia,
could have had di erential impacts just inside versus outside concession boundaries, con-
founding our estimates. Several features of the data alleviate this concern. First, all palm
oil concessions in our sample were granted between 2008 and 2011, two to four years before
the epidemic. The deforestation event studies show that tree cover began declining immedi-
ately after grant dates, well before the outbreak. Second, the employment results are robust
to excluding the Ebola period entirely, retaining only the 2007 (pre-acquisition) and 2019
(post-acquisition, post-Ebola) DHS waves (Figure A15). Third, for the Ebola epidemic to
confound our estimates, it would need to di erentially a ect narrow bands around palm oil
concession boundaries speci cally a pattern that the placebo tests using other concession
types help rule out.

Relatedly, one may ask what drove the timing of production expansion within conces-
sions. International palm oil prices were declining during the acquisition period (Figure
Al), making a price-driven explanation unlikely. An alternative possibility is that the Ebola
epidemic reduced household income, increasing communities' willingness to sign agreements
with palm oil companies. Because only communities within concession boundaries could
transact with these companies, such income e ects could in principle generate di erent re-
sponses across boundaries. Even if income losses contributed to the willingness to contract,
the deforestation, land cover changes, and employment shifts we document are consistent
with a production response following acquisitions: selling land alone does not mechanically
imply large-scale clearing or changes in employment patterns.

Another potential threat comes from spillovers across boundaries (SUTVA violations), a
common concern in local identi cation designs. For deforestation and land cover, spillovers
would most likely bias our estimates downward, as clearing may extend beyond formal
boundaries. For employment outcomes, the direction of the bias is less clear. To assess
the extent of spillovers, we progressively restrict the control group to more distant locations
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(Figure A13 for land ownership and Figure Al4 for occupation). Estimates remain stable
or become stronger as the control group moves farther from boundaries, consistent with
an attenuation bias at close distances. Nonetheless, we cannot fully rule out bias in either
direction.

For the import results, identi cation relies on a standard parallel trends assumption at
the aggregate level: in the absence of the acquisitions, imports of palm oil inputs would
have followed the same trend as all other Liberian imports. Given the aggregate nature
of this exercise, causal identi cation is weaker than in the local analysis. However, the
detailed granularity of the import data allows us to target palm oil-speci ¢ products pre-
cisely. The fact that increases are concentrated in palm oil inputs while closely related
but non-palm oil products (drills, saws, wood presses) and unrelated categories (poultry
equipment, telecommunications, cosmetics) show no change provides reassurance that the
patterns re ect palm oil-speci ¢ investment rather than broader import trends.

External Validity The generalizability of these results to other land acquisitions, and
more generally to agricultural FDI, depends on the speci ¢ characteristics of the acquisitions
examined.

A rst consideration relates to the context of Liberia. As a low-income, post-con ict
country with low baseline land use, land acquisitions here primarily expanded cultivated
area. In settings where land is already intensely used, such as high- or middle-income
countries, agricultural FDI may instead reallocate land across crops rather than increase
total cultivation.

A second aspect is that this study focuses opalm oil acquisitions. Large-scale palm oil is
an extensive, monoculture, and capital-intensive woody crop, and these characteristics may
in uence the observed e ects. The employment shifts we document from self-employment
to wage labor may be specic to crops that require large-scale, coordinated production.
For crops more amenable to smallholder cultivation, the e ects could di er.

A third consideration concerns the costs we do not fully capture. We document a 29%
increase in CO2 emissions within concessions (Table A6) and a 10 percentage point decline
in the probability of owning any agricultural land (Table A9). The welfare implications
of transitioning from land-owning subsistence farmers to landless wage workers depend on
factors such as labor rights, contract security, and long-run environmental costs that our
data cannot address. Although we nd a modest increase in the DHS wealth index, this
short-run gain may be o set by costs that materialize over longer horizons.

Taken together, the ndings presented in this paper are most relevant for land acqui-
sitions, and agricultural FDI more broadly, in extensive, capital-intensive crops within de-
veloping countries. This describes a substantial share of global land acquisitions: 94% of
deals occur in developing regions, and 71% target extensive monoculture crops (15% in palm
oil alone and 66% in monocultures in developing countries, based on authors' calculations
using Land Matrix data). Although in the same country, we also nd similar employment
dynamics close to other agricultural concessions mostly timber and rubber (Figure A18)
providing suggestive evidence that the patterns extend beyond palm oil.

7. CONCLUSIONS

After Liberia's second civil war, foreign direct investment surged from approximately $100
150 million per year in 2006 2007 to about $1 billion annually by 2012 2013, largely driven
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by multinational investments in agriculture and mining (WorldBank, 2015). In these sectors,
FDI typically involves land acquisitions.

This paper studies the e ects of palm oil land acquisitions on agricultural production and
local development in Liberia. Using a local di erence-in-di erences design that compares
areas just inside and outside concession boundaries before and after acquisition, we document
that these investments reallocated land from forest to palm oil cultivation, shifted local
employment from agricultural self-employment toward wage labor, and were accompanied
by substantial increases in imports of industry-specic capital inputs. The employment
transition is associated with a modest increase in household welfare. Together, these results
suggest that agricultural FDI, in the form of land acquisitions, can serve as a push factor
for structural transformation within agriculture, consistent with a Lewisian framework in
which foreign capital relaxes constraints that previously prevented the modernization of
production (Lewis, 1954).

These gains are not without costs. We document a 29% increase in CO2 emissions
within concessions and a signi cant decline in agricultural land ownership. Whether the
short-run welfare improvements we observe persist or are o set by longer-run environmental
and distributional costs is a question our data cannot answer.

The ndings are most directly relevant for land acquisitions in developing countries
involving extensive, capital-intensive monocultures, which account for roughly two-thirds
of global land deals. Future research could investigate how the e ects of agricultural FDI
depend on the type of crop, the availability of uncultivated land, and the institutional
environment governing land rights and labor protections.
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APPENDIX
A. Conceptual Framework

This appendix formalizes the conceptual framework in Section 2.2. A community allocates
land and labor between subsistence and palm oil under a capital constraint. We compare
a pre-FDI equilibrium in which the village produces alone with a post-FDI equilibrium in
which a foreign rm and the village coexist.

A.l. Environment

A community has L hectares of forested land and a labor force normalized to 1. All values
are expressed in units of the subsistence good (the numéraire).

Palm oil. Converting L hectares of forest to plantation requires a capital investment of
cL, wherec > 0 is the per-hectare conversion cost. A producer with total capitalKk who
converts L hectares retainsK  cL for production. Palm oil output is:

Yo = A(K cL) L N? : > 0 0+ <1 (4)

where N is labor allocated to palm oil. The output price, in units of the numéraire, is pq
for the domestic market or px > pq4 for the export market; accessingpk requires capital for
processing infrastructure and logistics.

Subsistence. The remainingL L hectares support subsistence production:
Ys=B(L L) @ N ; 2 (0;1) 5)
Capital. Capital is exogenous:Ky (small, locally accumulated) under village production
and Kg Ky (foreign-sourced) under FDI.
A.2. Village Equilibrium (K = Ky, price = py)

The village choosed. and N to maximize total income:

max pg A(Ky cl) L Nt + B(L L) @ N)? (6)

subjectto0 L Ky=candO N 1. The rst-order conditions are:

Land (marginal value of converting one hectare = marginal value of keeping it in subsistence):

Pa A (Kle b (KVLCL) VER (L L) a N)? (7)

Labor (marginal product equalized across activities):
Pa (1 JA(Ky cl) LN (*)=@ )B(L L)@ N) )

When Ky is small, the opportunity cost of diverting capital from production to conver-
sion (the ¢ term in (7)) is large. This keepsL,, small, which in turn limits the marginal
product of labor in palm oil via (8), keeping N,, small. Most land remains forested, most
labor is in subsistence, and all palm oil is sold domestically.
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A.3. FDI Equilibrium (Kg Ky, price = py)

A foreign rm arrives with capital K¢ and access to the export pricg. The economy now
has two producers.

Firm. Converts Lg hectares, hiresNg workers at wagew (in units of the numeéraire), and
sells atpy:
= pc Ar(Ke cLg) Lp N2 W NE )

whereAr A allows for potentially higher rm productivity (all results hold with Ag = A).

Firm's land conversion. The rst-order condition for Lg equates the marginal revenue of
an additional hectare to the marginal cost of the capital diverted to conversion:

PxAr(Ke  cLe) Lg 'Nf = c pxAr(Ke cLe) 'LgNg (10)
Simplifying:
Kr
L = — 11
FT T e o (11)

Conversion is proportional to the rm's capital. The ratio =( + c ) is the share of capital
devoted to land conversion versus production, pinned down by the technology parameters.

Firm's labor demand. The rst-order condition for Ng yields:
wi(Ng) = py (1 )Ar (Ke cLg) LN CF) (12)

which is strictly decreasing inNg.
Village. Retains capital Ky and landL L. The 1 Ng workers not employed by the
rm allocate between village palm oil (at py) and subsistence:

Lm_{:’l\lX Pd A(KV CLv) LV Né + B(L LF Lv) (l Ng Nv)l (13)
viNy

subjectto Ly minfKy=c;L Lggand Ny 1 Ng. The rst-order conditions have
the same structure as (7) (8), evaluated at the reduced land endowment and labor force.
Denote the solution(L,, ; Ny, ).

Labor market.  Workers choose between wage employment at and self-employment in
village activities. Per-worker village income,yy (Ng), is the value of the village objective (13)
divided by 1 Ng. This outside option is increasing inNg: as workers leave for the rm,
remaining villagers have more land per capita. Equilibrium requires:

wa(Ng) = yv (Ng) (14)

Sincew! is decreasing andyy is increasing, the intersection is unique when it exists. Exis-
tence is guaranteed by the Inada condition:wd(Ng) 1  asNg ! 0.

A.4. Predictions

In the FDI equilibrium, relative to the village equilibrium:

(i) Deforestation. Total land under plantation increases: L + L,, >L .
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(i) Self-employment to wage employmentN. workers shift from self-employment to wage
employment on the rm's plantation.

(iii) Capital imports. The rm's capital K¢ is sourced from abroad.

(iv) Decline in individual land ownership. Land available for village cultivation falls from
LtoL Lg; workersin wage employment no longer cultivate individual plots.

(v) Export production. The rm's output is sold at py on the international market, whereas
the village previously sold only at pg.

Proof.

() From (11), Lp = — XE&. SinceKg Ky, we haveLy  Ky=c L. Even if
village conversion falls post-FDI (,, L,,, since the village has less remaining land), total
conversionL + L,, strictly exceedsL,, .

(i) At Ng =0, the rm's labor demand (12) diverges W9 ! 1 ) while the village outside
option yy (0) is nite. Since wY is continuous and decreasing andy, is continuous and
increasing, a uniqueNg > 0 satisfying (14) exists by the intermediate value theorem.

(i) By assumption: K is foreign capital.

(iv) The rm operates L hectares, reducing the village's available land fronL to L L.
Additionally, N workers are in wage employment and do not cultivate individual plots;
pre-FDI, all workers were self-employed cultivators.

(v) The rm sells at px > pgq because it has the capital for processing and export logistics.
Pre-FDI, all output was sold at pq.

B. ADDITIONAL FIGURES

. . . Fi A2: M Im oil [
Figure Al: Palm oil global price \gure ap paim oil concessions

Notes: The gure presents the trend of palm oil global

price (U.S. dollars per metric ton) over the period 2006- .
2020. Data from ERED. Notes: The gure presents the map of palm oil conces-

sion in the sample.
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Figure A3: Number of land contracts

Notes: The gure presents the number of land con-
tracts recorded on OpenLand Contracts between 2006
and 2018.

Figure A5: DHS villages

Notes: The gure presents the geographical distribution
villages surveyed by the DHS (and MIS).

Figure A4: Percentage Broadleaf 2006

Notes: The gure presents the percentage of each cell
covered by Evergreen Broadleaf Forests in 2006. The
darker the cell, the higher the percentage.

Figure A6: Percentage tree cover - event
study, sensitivity

Notes: The gure presents the sensitivity of event-study
coe cients from equation 1 (Section 4), to changes in the
control bandwidth from 5km to 20km. 95% con dence
interval shown. Dependent variable is the percentage
of cell covered by Broadleaf Evergreen Forest. 95%
con dence intervals shown with standard errors clustered
at the cell level.
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Figure A8: Percentage tree cover - event

Figure A7: Map other concessions study, placebo

Notes: The gure presents the event-study coe cients
from equation 1 (Section 4), for palm oil concessions (in
green) and other land concessions (in gray). 95% con -
Notes: The gure presents the map of other land con- dence interval shown. Dependent variable is the percent-
cessions in Liberia. age of cell covered by Broadleaf Evergreen Forest . 95%
con dence intervals shown with standard errors clustered
at the cell level.
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Figure A9: Pixel 4466

(a) Pixel 4466 - 2011 (b) Pixel 4466 - 2014

(c) Pixel 4466 - 2014, zoom (d) Pixel 4466 - 2020

(e) Pixel 4466 - land cover

Notes: The gure shows satellite images (Google Earth) of pixel 4466 in Maryland County across three time points
(2011, 2014, 2020) and a zoomed-in view. The images illustrate the transition from forest to deforested land and
then to palm oil plantation after the acquisition. The last pk?!Qre shows the Evergreen Broadleaf Forest and Woody
Savannas land cover categories over the sample period.



Figure A10: Map Woody Savannas 2006

Notes: The gure presents the percentage of each cell
covered by Woody Savannas in 2006. The darker the
cell, the higher the percentage.

Figure A12: Placebo outcomes

Notes: The gure presents the local di erence in the
di erence coe cient from equation 2 (Section 5.1),
for di erent placebo outcomes. Robust standard er-
rors, year and within concession xed e ect in-
cluded. 95% con dence interval shown. Age is the
age of the DHS respondent; urban is a dummy vari-
able indicating whether the DHS respondent lives in
an urban area; kpelle is a dummy variable indicating
whether the individual belongs to the kpelle ethnic-
ity; literacy is a dummy variable indicating whether
the DHS respondent is able to read; time to water
is the time in minutes to get to a water source. All
dependent variables are standardized.
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Figure A11l: DHS villages - zoom

Notes: The gure presents the geographical distri-

bution of villages surveyed by the DHS (and MIS)

around a palm oil concession. The 20km buer in

blue. Villages before 2008 in blue, villages after 2010
in green.

Figure A13: Land - sensitivity bu er

Notes: The gure presents the local dierence in the
di erence coe cient from equation 2 (Section 5.1), for
di erent bu er zones. Due to data availability, for this
outcome Grant is an indicator equal to one for years
after the nearest palm oil concession was granted. The
dependent variable is land ownership, a dummy variable
equal to 1 if the household owns any agricultural land.
95% con dence interval shown. Robust standard errors.
Year and concession  within FE included. Within is
a dummy variable equal to 1 if the village is within the
palm oil concession. The x-axis indicates the amount of
km between the control group and the boundary of the
closest palm oil concession. Controls are age and urban
dummy.



Figure Al4: Occupation - sensitivity bu er

Wife

Husband

Notes: The gure presents di erence-in-di erences coe cients from equation 2 (Section 5.1), for dierent buer
zones, shown separately for wives and husbands. Outcome variables are indicators for agriculture employment,
agricultural self-employment, unemployment, sales for wives, and services per husbands. All speci cations include
year and concession  within xed e ects, where Within indicates villages located inside the palm oil concession. 95%
con dence intervals shown with robust standard errors. The x-axis indicates the amount of km between the control
group and the boundary of the closest palm oil concession. Controls are age and urban dummy.
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