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Abstract

This paper uses the proliferation of palm oil factories across Indonesia’s undeveloped
hinterland to study industrial onset and estimate spillovers from agricultural processing.
The main finding is signs of urbanization and structural change around factories: more
non-agricultural employment, higher incomes, and more people, firms, and other economic
and social organizations. These patterns are largely explained by economic linkages,
infrastructure and other public goods, and economies of scale in production. By focusing on
subsistence rural regions in a large developing economy, this paper adds a globally-significant
new case to a growing literature emphasizing the importance of agglomeration externalities
for understanding the birth of new towns, the spatial distribution of economic activity, and
structural transformation.
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1 Introduction

Can export-oriented agricultural processing help ease the transition out of agricultural
employment? Transitioning the majority of workers in developing countries to higher-value,
market-based agricultural activities and ultimately out of agriculture is essential for breaking
rural poverty traps (Gollin, Lagakos, and Waugh, 2014). Characterized by agro-industrial
conglomerates sourcing from both industrial and small, family farms, modern agricultural value
chains reach from cities like Rotterdam, Saint Louis, Seattle, and Singapore to some of the
most remote parts of the developing tropics (Byerlee, Falcon, and Naylor, 2016; Bellemare and
Bloem, 2018; Barrett, Reardon, Swinnen, and Zilberman, 2022). By imposing industrialization on
subsistence agrarian communities, new export-oriented processors could dramatically reorganize
rural economic life for better or for worse: offering a foothold into global markets, value chains,
and industrialization, or leading to two-tiered labor markets, a loss of land among the poor, and
immiserisation of local communities. This paper uses the proliferation of palm oil factories across
Indonesia’s remote outer islands since the late 1990s to study the onset of industry, test these
competing theories, and estimate the local economic impacts and spillovers to non-agricultural
activity from agricultural processing. In doing so, I shine new light on and quantify the various
channels through which new industrial activity affects local labour markets in rural parts of

developing countries.

The main empirical concern is purposive placement: communities that receive a factory
may already differ from those that do not. An ideal natural experiment might see factories
arbitrarily scattered across an undeveloped hinterland, or following some observable placement
rule. Several unique features of the palm oil supply chain and Indonesia’s expansion are helpful
in this regard. Indonesia’s fourfold increase in palm oil production since the late 1990s is one
of the world’s largest modern agricultural expansions (Byerlee, Falcon, and Naylor, 2016). Since
most Indonesian palm oil is exported, the relevant demand is external to producing communities

(Gaskell, 2015). On the supply side, expansion into unindustrialized rural frontiers helps reduce



concerns about firms colocating to capture agglomeration economies from other firms.

Figure 1 uses three satellite images to illustrate how things typically unfold. The first image
was taken in 1984, when one of Indonesia’s largest firms started developing plantations in the
Kerinci area of Riau province, the largest producing region today. The second picture was taken
in 2000, as the current expansion commenced. The third image shows the urban center today,
surrounded by a mosaic of commercial estates and small, family farms." Since oil palm fruits must
be processed within 24 hours, direct impacts tend to be concentrated near factories and factory
placement closely follows observable growing conditions. Specifically, communities that happen
to be in areas most suitable for palm cultivation experienced growth in processing because the
optimal factory location is the point that minimizes the amount of land needed to feed the factory

while maximizing feed quality.

My empirical strategy exploits spatial differences in factory exposure. I create a new
geospatial dataset collecting the universe of Indonesia’s palm oil processors—one of the world’s
leading drivers of tropical deforestation (Hsiao, 2024)—and compare villages near factories
to similar but less exposed villages slightly farther away.? Treatment effects are relative
within localities, and this between-village variation offers a natural long-run interpretation
appropriate for studying the roots of urbanization and structural change. A rich control function
captures relative suitability within factory catchments based on precisely measured topographic,
hydrological, and other geographic characteristics, while characteristics unrelated to suitability
tend to be balanced near and farther from factories. To address potential reverse causality
concerns, [ show that there are no statistically significant effects on pre-period population,
infrastructure, industry, and other outcomes, consistent with new factories moving into the
hinterland and the time dynamics shown in Figure 1. [ additionally show that the results are

quantitatively similar when including a demanding set of additional control variables, and present

IFigure A20 provides some “street view” images taken from Google Maps. Kerinci’s transformation is not
dissimilar to more nascent areas since 2000, and similar time series images from Kalimantan and Papua are provided
in Figures A21 and A22, and a close-up of recent developments in Bengkalis, Riau in Figure A23.

2These simple and transparent spatial difference comparisons are closely related to and build on the approaches
developed in Dell and Olken (2020) and Fafchamps et al (2016).



consonant estimates from multiple instrumental variables (IV) strategies and falsification tests
exploiting the reduced form. Together, these exercises suggest that the main results are likely

due to new factories rather than some unobserved variable or preexisting condition.

The main finding is signs of urbanization and structural change around palm oil factories.
Using the complete census micro-data, [ document that people living closer to factories are eight
percent more likely to work in non-agricultural sectors (i.e., industry and services). People living
near factories are almost twenty percent more likely to be employed, rather than self-employed
or working at home. Per capita household expenditures are ten percent higher near factories.
Agricultural households appear to drive the consumption gains, although magnitudes are similar
across sectors. Together, these local labor market estimates paint a picture of villages around
palm oil factories as embryonic towns undergoing a process dubbed proto-urbanization by Marcel
Fafchamps, Michael Koelle, and Forhad Shilpi (2016). Higher population and firm densities around
factories confirm this interpretation. The average village 5-10 km from a palm oil factory has 500
more people and one more firm (excluding palm oil processors). Effects are twice as large within
5 km. All labor market results are similar for recent migrants and locals, suggesting employment
effects are not simply a mechanical effect of population growth. There appear to be significant

local benefits from agricultural processing beyond those accruing to farmers.

How could relatively unsophisticated processing facilities lead to such a dramatic
reorganization of rural economic activity? Linked industries are the first potential explanation.
Villages near factories tend to have more firms and organizations of many different types,
including those that provide inputs to the palm oil sector. However, in contrast to Dell and
Olken (2019), which highlights the importance of linkages for the persistent effects of Javanese
sugar processing, effects here are approximately four times as large for un-linked industries.
Neighboring firms range from micro-enterprises to large firms and are mostly in the retail and
maintenance, finance and insurance, transport and warehouse, construction, and processing

sectors. Villages near factories also have more cooperatives and banks. Although I find some



evidence of backward linkages, the patterns are more consistent with demand-based consumption

linkages and broader agglomeration forces.

Thus, a second explanation may be related to infrastructure and publicly-provided goods.
Export-oriented agricultural manufacturing often requires up-front investments, not only in
factories but also in transport and utilities networks. I find that villages around factories are
indeed more likely to have (a) the main road upgraded from dirt to gravel or asphalt (within 20km),
(b) public transport (within 5km), (c) lighting on the main street (within 50km), and (d) fewer
households without electricity (within 30km). Improved infrastructure, local market integration,
and market access are likely to reinforce any shift out of subsistence food production towards

market-oriented agriculture and non-agricultural employment.

A booming economy also provides apt opportunities for local governments to raise revenue
and provide more public goods, which could generate higher returns with industrial production
nearby. Villages’ annual budgets are, on average, about 50 percent larger within 10km of a factory.
Villages near factories also rely less on inter-governmental transfers, have higher expenditures,
and own more land, buildings, and other assets. Publicly-provided goods not closely related to
agricultural supply chains are more common, specifically marketplaces, schools, health facilities,
and places of worship (e.g. mosques and churches). To gauge whether village fiscal windfalls
are driving the increase in public goods, | adjust estimates for local government revenue and
expenditure. Results are statistically indistinguishable, suggesting that at least some of the
new public goods near factories may be privately provided or due to targeted cash or in-kind

inter-governmental transfers (i.e., not from own-source revenue).

Improved infrastructure could decrease trade costs, opening up the possibility of scale
economies in production as a final channel at work. For each village, I calculate the number
of potential buyers of palm oil fruits as a proxy for farm-to-factory market density. I find
that economic agglomerations are strongest for the subset of villages near factories with other

factories also within marketing distance. After the first factory opens up a local agricultural



export market, thicker farm-to-factory markets appear to reinforce agglomerations further.

This study contributes to three streams of economics. I first extend the classic literature on
agriculture, industrialization, and economic development, particularly that focused on linkages
from agriculture to industrial and service sectors (Clark, 1940; Myrdal, 1957; Hirschman,
1960; Johnson and Mellor, 1961; Schultz, 1964; Chenery and Syrquin, 1975; Marden, 2018).
Emphasizing consumption linkages from rising agricultural incomes and production linkages
from locally-sourced inputs for processed agricultural products, this work is predicated on
the idea that agricultural processing offers an entry point to better jobs with limited skill
requirements. Despite a rich intellectual history and continued emphasis from policy-makers,
empirical support for these theories remains thin, particularly in relation to modern global

agricultural value chains.?

At least four recent studies make headway. For example, Melissa Dell and Benjamin Olken
(2019) study the Dutch Cultivation System on Java. Technology constraints at the time saw sugar
factories placed along rivers, adjacent to enough sugar-suitable land, and a reasonable distance
apart. Using a selection-on-observables design similar to this paper, they find persistent positive
impacts from sugar processing. Paula Bustos, Bruno Caprettini, and Jacopo Ponticelli (2016) study
the more recent Brazilian soy expansion. Soy is also exported and requires local processing.
Comparing sectoral employment, wages, and productivity across regions, they find that Brazil’s
soy expansion led to local structural change. In a companion paper, [ compare regional poverty
and consumption trajectories over Indonesia’s expansion to find broad consumption gains in
producing districts (Edwards, 2019). Christoph Kubitza and Esther Gerhke (2018) find fertility
reductions with a similar approach. Here, I extend the scope of Dell and Olken’s analysis to the
world’s largest modern agricultural expansion and a contemporary setting of decentralized and
relatively nascent democratic institutions. I extend the other three studies to a much finer level of

spatial aggregation with a focus on processing and clarifying some underlying channels at work.

3Gollin (2010), Dercon and Gollin (2014), and Bellemare and Bloem (2018) provide surveys.



My study also relates to work at the nexus of trade, spatial development, and economic
geography.” Normally, factory-led industrialization happens in growing areas with good market
linkages and rising education. It is not clear whether factory-led development can succeed in
places without these characteristics. Indonesia’s palm oil expansion offers the ideal empirical
setting to learn about how industry affects local labor markets in developing countries, a unique
natural experiment to study the impacts of new factories in places that might be viewed as
unprepared to industrialize. Far from adverse effects, I find that people adapt quickly, benefits
are broad-based, and consumption linkages, infrastructure, and scale economies reinforce
agglomerations. This study thus adds a unique and globally significant new case—one of the
first focused on largely subsistence rural regions in a large developing economy—to a growing
literature emphasizing the importance of agglomeration externalities for understanding the birth

of new towns, the spatial distribution of economic activity, and structural transformation.

Finally, my findings inform a topical debate on sourcing from developing countries
(Swinnen, 2007; Maertens and Swinnen, 2009; Dragusanu et al, 2014). The traditional view is
that large commercial farms are not only harmful for the environment but also socioeconomic
development in producing communities, despite their increasing connectedness to smallholder
systems through contract farming and other modalities (Byerlee, de Janvry, and Sadoulet, 2009;
Easterly, 2007; Engerman and Solokoff, 2002; Farina and Reardon, 2000; World Bank, 2008). While
these concerns are not limited to palm oil, controversy over palm oil has been so prominent
the Indonesian President banned new permits in September 2018 and the European Parliament
imports in 2017. The World Bank has had a moratorium in place since 2009. An alternative view
is that agricultural processing might provide a foothold on the ladder of industrial development,
offering capital inflows and market access for areas typically lacking both. My findings echo

those of Dell and Olken (2019) and Bustos et al (2016), more consistent with the second view.

1See, e.g., Michaels, Rauch, and Redding (2012), Allen and Arkolakis, 2014), and Donaldson (2018). Fujita,
Krugman, and Venebles (1998), Moretti (2010), and Donaldson (2015) provide more general surveys from the
perspectives of new economic geography, local labor markets, and market integration.



The next section provides a brief introduction to the Indonesian palm oil sector and explains
factory placement. Section 3 details the empirical strategy. Section 4 presents the main results
on local labor markets and rural agglomeration. Section 5 explores economic linkages, rural
infrastructure and other public goods, and economies of scale in palm processing as potential

explanations for the main findings. Section 6 concludes.

2 Palm oil processing in Indonesia

Palm oil is the world’s most consumed vegetable oil, produced almost entirely in tropical
developing countries. Oil palms yield more oil per hectare than any other crop, helping to
manage growing pressure on farmland from more land-intensive oils like soy and rapeseed
(Corley and Tinker, 2016). Global palm oil production has roughly doubled every decade since
the 1960s, increasing from less than 5 million metric tonnes per year in 1970 to over 70 million
in 2015 (Byerlee et al 2016). Indonesia supplied 55 per cent of the 65 million metric tons
produced globally in 2016-17. Spurred by sweeping decentralization reforms and a devalued
rupiah following the Asian financial crisis (Rada, Buccola, and Fuglie, 2010), the area under
cultivation for oil palm in Indonesia increased from 2.9 million hectares in 1997 to over 12.5
million today (Figure A24). Decentralization ushered in a parallel regime shift in production from
select, centrally-planned plantation developments to liberalized investment and diffuse growth
encouraged by newly-empowered local governments (Fitriani, Hofman, and Kaiser, 2005; Naylor,
Higgins, Edwards, and Falcon, 2019). Since oil palm fruit must be processed within 24 hours to
be of a high enough quality for global markets, cultivation is concentrated around factories. A
new factory effectively opens up a new export market for local farmers, and smallholder oil palm
adoption around new factories tends to be voracious. From 2008 to 2015 alone the number of
palm oil businesses (most of which are processors) increased by 43%, from 1,059 to 1,511 (BPS,
2017). Each factory relies on dozens of surrounding villages, usually in addition to a primary

plantation owned by the same firm, for steady supply.



[ trace the supply chain from the farm gate through the factory to final export markets
in Figure 2. Upstream, smallholders manage over 40% of 12 million hectares planted with oil
palm. The remaining 60% is large industrial estates, around 20 per cent of which is estimated
to have displaced forest (Austin et al,, 2019). Road networks and transport logistics are needed
to immediately transport fresh harvests to factories for timely processing. In undeveloped rural
areas without prior industry, firms or governments typically need to build the infrastructure.
With logistics networks in place, smallholders then aggregate and coordinate their activities
through a complex network of cooperatives, traders, and other aggregation points (e.g., village
loading ramps). Individual farmers typically report higher incomes and labor-saved after entering
the sector (Krishna et al 2017; Kubitza and Gerhke, 2018).°> Each factory also employs around 200
highly-skilled workers which, together with smallholder adoption, could generate consumption

linkages through demand for locally produced goods and services.

Indonesia’s palm oil factories sell mostly to refineries and global commodity markets.
According to the 2010 Input-Output Table, nine domestic industries use palm oil and byproducts
as inputs: animal and vegetable oil, peeled grain, animal feed, pesticide, drugs, pharmaceutical
products, soap and cleaning, industrial cosmetic products, and other chemical goods industries
(BPS, 2010). On the input side, the palm oil industry draws from 60 out of 192 sectors (see
Appendix B for the complete listing). Hence, any economically important production linkages

are more likely to be on the input side.

2.1 Factory placement

Understanding why factories are located in particular places is crucial for identifying
their impacts. Despite growing smallholder involvement in the post-Suharto era, most palm
oil factories still operate as part of a plantation system rather than as stand-alone entities.

There are three key requirements to develop plantation systems: (a) final product demand, (b)

5Note that this labor-saving characterization only really applies on a per hectare basis or for a smallholder
household holding plot size constant. At the regional level, any labour saved on a per-hectare or individual basis has
generally been offset by the additional area under cultivation (Edwards, 2024).



financial capital to build the factory, related supply chain infrastructure, and nearby plantation
(traditionally known as the “nucleus” estate in Indonesia), and (c) sufficient suitable cultivation

area nearby to operate the factory efficiently (Hayami, 2010; Pryor, 1982).

As an export-oriented commodity experiencing an unprecedented surge in global demand
(over a 300% increase since the 1990s), new factories arise principally due to external rather
than local demand conditions. Large up-front costs see investments in processing infrastructure
made by large firms based in capital cities or abroad (c.f., locally). Palm oil expansion has been
across Indonesia’s relatively undeveloped outer islands. Investments are usually “greenfield”,
introducing industry to subsistence agrarian communities. The need for immediate processing
means direct impacts are then concentrated close by. These conditions alone set up an ideal
natural experiment to study the onset of industrialization and spillovers from new factories. By
contrast, the impacts of any one factory are usually difficult to disentangle because factories
tend to locate near existing economic activity to capture agglomeration economies (Greenstone,

Hornbeck, and Moretti, 2010).

Whether one relatively undeveloped rural community gets a factory is typically decided
by the central government and district heads (i.e., bupatis). A burgeoning qualitative literature
documents how—under the New Order and in the post-Suharto “reformasi” era—plantation and
natural resource projects tend to proceed irrespective of local views and village socioeconomic
conditions (Resosudarmo 2005; Cramb and McCarthy, 2016; Robinson and McCarthy, 2016; Gatto
et al 2015; Pramudya et al 2017). Although these power dynamics may be concerning from
the perspective of indigenous land rights and a host of other reasons, they are helpful for
identification since villages have presumably limited ability to affect factory placement. Since
districts typically determine whether new factory establishments proceed in their jurisdiction,
my counterfactual comparisons are always against unexposed villages nearby, with the same

local institutions, politics, and policy settings.



Factories are the processing core for thousands of hectares of surrounding farmland. The
primary consideration for investors when placing a new factory is sufficient suitable cultivation
area. The optimal factory location in a relatively undifferentiated rural landscape is clearly
where yields are highest, maximizing feed quality while minimizing the area needed to operate
efficiently (author communications; Corley and Tinker, 2016). Oil palm grows best in the humid
low-lying tropics: flat areas with mineral soil, abundant rainfall, and sufficient sunlight. Tree
crop estates and transport logistics are also more costly to build and manage in more hilly
areas. The agronomic literature and extensive discussions with firms and farmers emphasize
the primacy of growing conditions (Corley and Tinker, 2015; Naylor et al, 2019), which firms
typically assess based on local rainfall and humidity, overall terrain, and mineral versus peat
soil (author communications). As I show shortly, factory placement very closely follows these
plausibly exogenous agro-climatic growing conditions, which have been widely used as a source
of exogenous identifying variation in economics (Nunn and Qian, 2011; Bustos, Caprettini, and

Ponticelli, 2016; Costinot, Donaldson, and Smith, 2016; Gollin, Hansen, and Wingender, 2020).

3 Empirical strategy

Immediate processing implies that local adoption and direct impacts decay over distance.
Villages near but not near enough should make a reasonable comparison group since they share
many local institutional, economic, and geographic characteristics. Figure 3 uses the PT Tunas
Sawa Erma factory in Papua to illustrate the intuition of the spatial difference-type approach.® In
Panel A, there is just the factory (green dot), village boundaries (light gray lines), and district
boundaries (thick black line). Taking the centroids of all the villages, we have the points in
Panel B. Every village is assigned an indicator for whether it fits within one of many distance
bands, 20 km each in this illustrative example. The red line demarcates 100 km from a factory,
beyond which villages are discarded from the estimation sample. Identification is based on spatial

heterogeneity and the main identifying assumption is conditional independence: conditional on

6See Druckenmiller and Hsiang (2019) for a related discussion.
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a comprehensive set of village-specific controls capturing relative within-catchment suitability,

this factory could have been placed in any of these distance bands.

3.1 Estimating equation

Factories are related to village outcomes with the equation:

yo=a+ L. ydfact + T.6fact +f3X. +Ev (1)
i=0-5 Y j=1 '
yv is a cross-section of village outcomes measured in censuses, surveys, and other
contemporary datasets, detailed further at Appendix A.” df actvj are treatment indicators equal to
one if a village is 0-5 km, 5-10 km, ... , 75-80 km to the nearest palm oil processor. 80-100
km is the excluded bin, the maximum distance included in the sample to ensure geographic
comparability. The universe of palm oil processors is identified through the full 2016 Economic
Census, itself an important contribution as other palm oil mill datasets have historically tended
to be incomplete. Every processor is exactly matched to the centroid of the village where it is
domiciled. The estimation sample excludes villages in cities and on Java, where little oil palm
is grown but offices (with the same industry codes as factories) and downstream processors are
often located. Nearest factory fixed effects fact/ restrict comparisons to villages near the same

factory, allowing for level differences and capturing any unobservables across localities.’

Xv is a vector of controls capturing the relative attractiveness of each village for a
factory. Village elevation, slope, historical average annual precipitation, water flow accumulation
(measured as the average number of cells uphill), and the distance to the nearest river account
for terrain and relative growing conditions. The distance to the nearest major road in 2000 and

nighttime luminosity in 1993 proxy preexisting utilities, industry, and economic development.

7Outcomes generally are all measured as close as possible to 2015-16.

8Results are similar without these three sample restrictions (i.e., removing cities, village on Java, and village
over 100 km from a palm factory; see Figures A11-A13), without nearest factory fixed effects, and with district or
subdistrict fixed effects (see Figures A14-A16 and Table 4).
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Since roads and utilities are more expensive to build in more rugged terrain further from existing
networks, these two variables also proxy the relative cost of new supply chain infrastructure.
Distance to the nearest district capital city, export port, and village area further account for
administrative and economic remoteness and the relative cost and availability of land, and an
urban dummy allows a different intercept for preexisting towns. All are computed before the
expansion, and results are similar without conditioning on covariates (see Figures A17-A19). Ev

is a robust error term.9

Figure 4 maps processor locations and Table 1 provides summary statistics. Restricting the
sample to only villages within 100 km of a processor, off Java, and outside cities, the average
distance to a factory is 32 km. Twenty percent of villages are within 10 km of a factory and the
average village has 2.4 processors within 25 km and 8.3 processors within 50 km. Processing is
particularly concentrated in the provinces of Riau and North Sumatra, where the crop was first

introduced by the Dutch in the early 20th century.*’

3.2 Identification

Equation 1 allows us to see how the average value of an outcome varies with proximity to
palm factories. Such “between” variation provides a natural long-run interpretation well-suited
to studying urbanization and structural change.'! The identification assumption is conditional
independence: that geographic variables related to growing conditions effectively capture factory
placement within each catchment, and that any other characteristics tend to be uncorrelated with

factory placement and outcomes. To assess the credibility of this assumption, Table 2 conducts

9When the observation is at the sub-village level, for example at the level of the individual or household, standard

errors are clustered at the village level. Results are similar if clustering at the kecamaten level (the level above the
village but below the district, to allow for some spatial correlation within subdistricts) or using Conley errors with
spatial decay, so these additional estimates are omitted for brevity.

10Additional descriptive figures are provided in the online appendix. Figure A25 provides a heat map of the
distance from every village to its nearest processor, Figure A26 maps village palm oil acreage across Indonesia, and
Figures A27-29 zoom in on each region, mapping village palm acreage and processor locations.

1] stress that treatment effects here are relative differences between similar villages close by. It could be the case
that both treatment and control villages are affected by aggregate impacts (e.g, at the district or supply shed level),
which would likely lead to underestimating the true effects.

12



a simple “balance test” comparing villages within 10 km of a palm processor to those 10-100
km away. Panel A contains variables closely related to palm oil growing conditions, Panel B
contains remaining geographic variables, and the final column reports the raw (c.f,, conditional)
normalized differences. The standard rule of thumb for imbalance is a normalized difference

greater than 0.25 (Imbens, 2015; Imbens and Rubin, 2015).

The balance test reveals two important patterns. First, suitability-related variables are
imbalanced near and farther from factories. These differences are observed for agro-climatically
attainable palm oil yields calculated from the Food and Agricultural Organization’s Global
Agro-Ecological Zones (FAO-GAEZ) data and more finely measured geographic characteristics
like altitude, slope, and rainfall, suggesting that factory placement tends to follow growing
conditions. In contrast, there are no major differences for geographic variables unrelated to palm
growing conditions (e.g., agro-climatically attainable yields for other crops, river, port, and city

proximity, travel cost to the nearest city and administrative capital, and village area).'?

The key identification concern is factories being built in areas already growing, with
better preexisting infrastructure, skilled workers, and so forth. However, expansion into largely
subsistence regions (i.e., without prior industrial activity) makes this less likely. It is also unclear
whether we should a priori expect positive selection. Firms may prefer to target poorer, less
developed areas with lower land and labor costs (and possibly more interested or questionable
local leaders). To test for purposive placement more formally, I conduct two complementary
falsification tests using pre-period outcomes observed in the 1993 Village Census. The first uses
my main factory dataset but imperfectly identifies recently treated villages because I restrict the
sample to villages in districts not producing palm oil in 2000. The second precisely identifies a
subset of recently treated villages (i.e., without relying on aggregate district production), but does
not use my main dataset. Specifically, for the much smaller subsample of factories observed in

the public Global Forest Watch database, I manually inspect historical LandSat satellite imagery

12The exception is coconut suitability: also a palm tree, this is arguably not a major concern. Analogous balance
tests estimating Equation 1 using each geographic characteristic as the dependent variable are at Appendix Figures
Al and A2.
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for each factory to identify construction dates and create a new auxiliary dataset of 342 factories
definitively built after 2000.'® Table 3 compares the normalized differences for a host of pre-period
outcomes using only villages near and farther from new factories identified from the satellite
imagery. Raw differences are less than 0.25. Similar results using my main non-linear distance
band approach, which adjust for factory fixed effects and initial conditions controls, are plotted

in Figures A3-A5, where these small differences dissipate further.

Another identification concern is that there may still be unobserved omitted variables
jointly affecting factory placement and outcomes. This threat cannot be ruled out in any
non-randomised study, but I provide two types of additional evidence, following the main results,
to give the reader additional confidence. First, I introduce a host of additional controls to try and
explain away the main results. Second, given the role agricultural suitability in determining

placement, I present analogous results from multiple suitability-based IV strategies.

3.3 Proximate adoption and poverty

Using villages slightly farther away from factories as a control group assumes firstly that oil
palm adoption and other direct impacts are concentrated around factories and villages slightly
farther away are unaffected, or at least much less affected—an implicit “first stage”. Figure 5
presents the estimated coefficients at each distance band using village oil palm acreage and
estimated poverty (i.e., via small-area estimation techniques) as dependent variables. Each
subfigure overlays estimates from (a) the baseline specification, (b) the baseline specification and
a host of geographic controls from the 2014 Village Census, and (c) the baseline specification and
a full polynomial in latitude and longitude, plus the additional controls in (b), to help purge any

remaining geographically-distributed unobservables.'* The first sub-figure shows how adoption

131 use Global Forest Watch rather than the 2016 Economic Census data here because their processor locations
are exactly geocoded (c.f,, assigned village centroids), making this manual inspection exercise orders of magnitude
faster, as villages can be quite large relative to factory size in remote parts of Indonesia. Note also that this is
a highly imperfect exercise: many establishment dates could not be identified due to cloud cover or poor image
quality, especially before 2004.

14The 2014 Village Census geographic controls are the travel time to the nearest city (accounting for road quality),
travel cost to the nearest city, and indicators for river, coast, plains, valleys, forest proximity (i.e,, in, near, and outside),
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decays up to 30 km, when the estimated coefficient becomes statistically indistinguishable
from zero. Within 10km of a factory, villages have on average 100 more hectares planted—50
households at the median plot size of 2 hectares.'® The second sub-figure finds poverty five
percent lower near factories. To the extent that (a) causal chains start with local adoption, and (b)
other development outcomes are reasonably correlated with poverty, the overlapping confidence
intervals, with this rich vector of controls, suggest the spatial patterns [ proceed to document are
likely to be due to the factories. I stress that this interpretation does not preclude villages within

30-100 km also being affected in aggregate terms, as these are relative comparisons.

4 Main results

4.1 Local labor markets

Figure 6 characterizes the structure of the local economy around factories using the 2010
Population Census.'® Effects on everyone are in green and women in grey. Short dashes indicate
95 per cent confidence intervals. The first five panels examine employment across sectors,
revealing an 8 percent decline in agricultural employment close to factories. Smaller declines
are statistically significant at the 5 percent level as far as 20 km away from the factory. Estate
crops employment increases by around 4 percent within 5 km. The decline in agricultural
employment is reallocated approximately evenly across industry and services, with a four percent
increase in each. Spatial decays are similar across sectors and three quarters of the new industrial
employment is in manufacturing. The point estimates suggest that men and women are leaving
agriculture, but men are more likely to go to industry and women to services. There are minor

differences for women, although all confidence intervals overlap except industry.

and forest function, e.g., production or conservation).

I5Note that the common industry rule of thumb for a supply shed is 50km from the mill, which may be overstating
the extent to which farmers are willing to travel and transport their fruit.

16The 2010 Population Census is more precise than newer datasets potentially allowing early onset effects of
post-2010 factories to be detected. However, most factories were there before 2010 and pooled SUSENAS or the 2014
Village Census both yield similar results (Figures A6 and A7).
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The remaining remaining panels of Figure 6 look at employment status. Within 5 km
of a factory, people are over 15 per cent more likely to be employed. Most of the effect is
driven by permanent employment. The increase in employment is mirrored by a decline in
self-employment and housework, and the decline in housework is almost twice the size of the
decline in self-employment. Note that agricultural and informal employment is typically reported
as self-employment. The increase in permanent employment and decrease in self-employment
are driven by men, with effects on women statistically indistinguishable from zero. Declines in
housework are statistically indistinguishable across genders but the point estimates are larger
for women. Social norms could see men say they are self-employed or entrepreneurs while
women report doing housework, particularly if enumeration is done for the whole household.
In practice, both may be active on the farm, family business, and home, suggesting a cautious
interpretation. Effects on work status are more precisely estimated and larger than those on
primary sector of employment and expenditures, perhaps reflecting the fact that people outside
formal employment are more likely to have multiple income sources. Overall, the shift out of
self-employment and agriculture we observe here is consistent with the spatial division of labor

usually observed around nascent urban centers (Fafchamps, 2012).

One possible concern with new factories and plantation-related infrastructure altering the
structure and nature of local employment is that the new jobs may actually decrease household
welfare. An extreme but not unrealistic example is that agricultural households may become
landless, left with little choice but to work for a monopsonistic employer for wages lower than
what they could previously earn on their own farms. Such a story of immersing growth is
often told about large commercial farms and plantation economies (Easterly, 2007; Byerlee et al,,
2009). I test this conjecture by examining consumption (more specifically, expenditure) patterns
around factories. Household expenditures are measured in SUSENAS, a repeat cross-sectional
household survey conducted at least annually. I follow Dell and Olken (2019) and pool data over
consecutive years with village identifiers to improve coverage. Household size, an urban-rural

dummy variable, and survey-year fixed effects are included as additional controls throughout, and
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standard errors are clustered by village. Per capita household expenditures, for all households, are
on average ten percent higher within 10 km of a palm processor (see Figure A8). Impacts decay
linearly up to 25 km away. Estimating impacts separately by the primary source of income reveals
similar point estimates across sectors, but the aggregate effects appear driven by agriculture (the
main source of employment). Services impacts are more concentrated, decaying only up to 15
km. There is no clear pattern for households employed in industry, consistent with skilled labor

being more mobile and wage equalization across locations.

4.2 Population and firms

Living standards tend to improve with density and the non-agricultural sector is often more
productive (Gollin et al., 2014; Gollin, Kirchberger, and Lagakos, 2021). Reallocation and higher
incomes should be mirrored by changes in population and firms. Figure 7 estimates impacts on
village population and whether a village is home to a formal registered firm, measured in the 2011
Village Census and the 2016 Economic Census. | overlay results including a complete polynomial
in latitude and longitude (i.e., the most spatially demanding specification). The two specifications
yield remarkably similar patterns. Magnitudes are not trivial. The average village 5-10 km from
a palm oil factory has 500 more people and is fifteen percent more likely to be home to a formal
firm. On the intensive margin, this equates to approximately an additional firm per village. Effects

are roughly twice as large within 5 km.

The shift out of agriculture into formal employment may be complicated by population
growth, as skilled in-migration could fully explain changes in employment. To explore this
possibility, | examine impacts separately for “locals” and recent migrants in Figure A9. Recent
migrants are defined as people who lived in a different district in 2005, as reported in the
2010 Population Census. Effects on employment status are not statistically distinguishable by
migration status, although the declines in self-employment and housework appear driven by
non-migrants. The decline in agricultural employment is also concentrated amongst locals,

although estate crop workers are more likely to be migrants. Results are qualitatively similar
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using inter-province migration or lifetime migration status (i.e., place of birth, rather than place
of residence five years ago). Hence, the changes in employment appear unlikely to be driven by

selective in-migration.

Results presented up to now show a strong association between processor proximity and
a host of outcomes synonymous with nascent urban centers. However, these patterns can only
be interpreted as the causal effects of the proliferation of palm oil factories under conditional
unconfoundedness. Although I have shown that factory placement closely follows suitability and
not other geographic characteristics or pre-period outcomes, one might still be concerned that
the patterns could be explained by some unobserved variable correlated with factory locations
and outcomes. Here, I briefly introduce a host of additional controls and present analogous results

from three different IV approaches to ease such concerns.

4.3 Robustness—additional controls

To present estimates with additional covariates more compactly, I switch to a dichotomous
treatment indicator equal to one if villages are less than 10 km from a factory and focus
only on the primary outcomes of population, firms (extensive margin), and whether a village’s
main source of income is agriculture. Factory fixed effects and geographic controls remain,
so observationally similar villages 10-100 km away are the comparison group.'” Column 1 of
Table 4 presents the ordinary least squares (OLS) estimate without conditioning on any controls
(i.e., including only nearest factory fixed effects). Column 2 is the binary treatment analogue of
Figure 7. Column 3 adds additional geographic variables reported in the 2014 Village Census
(listed at Figure 5) and Column 4 adds a polynomial in latitude and longitude. Column 5
adds each village’s agro-climatically attainable palm oil yield calculated from the FAO-GAEZ

data.'® Column 6 alternates the nearest-factory fixed effects for district fixed effects. Column 7

17 Although villages 10-30 km away could be directly affected, results are similar if a “donut hole” type approach
is used to remove these villages. This additional check, omitted here for brevity, suggests spatial sorting within
supply sheds is unlikely to be a major concern.

18Although GAEZ potential yields lacks the precision of my baseline suitability variables, the model-based yield
response function adds additional crop-specific information.
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adds subdistrict fixed effects to exploit only within-subdistrict differences.'” Estimates are not

statistically distinguishable across these seven specifications.

4.4 Robustness—instrumental variables

An appropriate IV will predict factory exposure but not affect outcomes through any other
channel other than factory proximity. My IVs leverage the fact that palm factories locate in the
most suitable areas. The first follows Duflo and Pande (2007), Dinkelman (2011), and Lipscomb
et al (2013), using a simple probit model to predict the probability a village will be within 10
km of a factory. Predictions are made purely based on exogenous determinants of profitability
and predicted probabilities instrument actual exposure. The granularity of the geospatial data
is important, offering more variation within localities than the standard FAO-GAEZ suitability
data. However, FAO-GAEZ data has the important benefit of incorporating crop-specific yield
functions from agronomic models without using any information on observed productivity and
other human activity on the ground (Fischer, van Nelthuizen, Shah, and Nachtergaele, 2002). My
second instrument is thus village agro-climatically attainable palm oil yield calculated from the
FAO-GAEZ data. The key concern with my first two instruments is that palm-suitable areas might
be also suitable for other types of agriculture, so third instrument, following Lowes and Montero
(2021), takes the normalized difference between potential yields for palm oil and other key cash

crops—specifically coffee, cocoa, and teas—to directly address this concern.

Table 5 present the results from the three IV approaches. IV estimates are larger than the
corresponding OLS estimates in Table 4, reflecting a local average treatment effect larger than the
average treatment effect (i.e., effects will likely be stronger if you follow an optimal placement
rule), a downwards OLS bias (e.g., due to firms targeting areas with worse unobservable village

characteristics, like corruption), or some combination of both.

19gubdistricts, known in Indonesian as kecamaten, are the administrative level above a village but below a district
(or kabupaten, or regency), usually much smaller than a factory catchment.
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The crucial IV identification assumption is that palm suitability is conditionally
independent, not affecting outcomes other than through factory exposure. The concern is that
more suitable areas were going to urbanize anyway, for some reason other than agricultural
processing.?’ I conduct an intuitive falsification test to explore this possibility. The first panel
of Table 6 presents the reduced form impacts on population, firms, and agriculture. The second
panel presents the same for a restricted sample discarding villages within 25 km of a factory,
where the first stage is effectively zero. There is no evidence of any statistically significant effect
of palm suitability or relative suitability in unexposed villages, suggesting that palm cultivation

and processing is the principal channel through which palm suitability affects outcomes.

5 Potential explanations

5.1 Economic linkages

The main results suggest that the location of palm oil production affects other economic
activity through agglomeration economies and other forms of economic spillovers. I now examine
three potential explanations for these patterns. Armed with the knowledge that the average
village 5-10 km from a factory has one additional firm present, a natural first question to ask
concerns economic linkages. Do these neighboring firms provide services to palm oil processors

and farmers, or use palm-related products as inputs?

[ use data on the universe of formal firms in Indonesia in 2016 to examine the relationship
between factory proximity and the presence of different types of firms. Sectors are identified by
industry codes (KBLI 2015) in the 2016 Economic Census. Linked industries are identified in the
2010 Input-Output Table. Since codes change over time and there is not yet a newer input-output
table or official concordance, I translate the sector descriptions from Indonesian to English then

match sector codes one-by-one based on their descriptions.?!

20The main distance band estimates address this concern by adjusting all estimates for suitability.
21Appendix B provides details. Note that I was unable to link 9 out of 51 of the input sectors due to translation
issues, so the coefficients for input linkages and relative differences are best interpreted as lower bounds. All output
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Figure 8 uses the primary distance band specification to relate palm oil factories to other
economic activities. The top left panel finds villages near factories slightly more likely to be home
to firms providing inputs to the palm oil sector. Effects are strongest within 5 km and remain
statistically significant at the 5 per cent level up to 20 km away. I find no evidence of forward
(i.e., output) linkages. Point estimates are quantitatively small and indiscernible from zero at
conventional levels of statistical significance. Impacts on linked industries overall, in the top right
panel, are thus driven by backward linkages. The next panel (first column, second row) examines
whether villages near factories have more firms in sectors without production linkages. Villages
near palm factories are around ten times more likely to have a firm in a non-linked industry than
one in a linked industry. Figure 9 disaggregates these patterns further by estimating impacts
by sector. Again, [ replace the distance bands with a 10 km dichotomous treatment indicator.
Villages near factories have more retail, maintenance, finance, insurance, transport, construction,

and other service sector firms.

The key limitation of assessing rural economic activity using the Economic Census is that
most micro and small enterprises in rural areas are not registered and not counted. These smaller
organizations are more common, particularly at early stages of economic development (Hsieh and
Olken, 2014; Rothenberg, Gaduh, Burger, Chazali, Tjandraningsih, Radijun, Sutera, and Weilant,
2016). The 2014 Village Census allows me to probe local economic activity further, as village
heads are asked how many businesses and organizations are in their village, regardless of formal
status. The remaining five panels of Figure 8 present these estimates. I find no evidence of more
micro-industry or small-scale processing, suggesting that industrial employment is most likely
coming through formal firms, including mechanically through the factories. Consistent with
Figure 9, a village from 5-10 km from a factory has, on average, ten more small service businesses.
Villages near factories are also more likely to have cooperatives (usually used to organize
agricultural activities) or a bank, and people living in villages moderately close are more likely

to have received credit in the last year. Collectively, these findings suggest that consumption

sectors, however, were successfully linked.
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linkages, rather than production linkages, are more likely to underpin the agglomerations.

5.2 Infrastructure and other public goods

As palm expansion has mostly been into remote areas with little commercial infrastructure,
firms and governments seeking to develop a local palm industry may need to invest in
infrastructure to transport, process, and market the crop. Such infrastructure could reinforce
agglomeration and make rural public good provision easier, offering new revenue opportunities
while reducing the cost of service provision. Local industrial activity could also raise the returns
on public investments, like education and infrastructure. I find that villages near factories do
indeed have greater fiscal capacity to provide such public goods (Figure A10). Specifically, village
near factories have over fifty percent higher own source revenues, receive twenty percent less
in Alokasi Dana Desa (ADD) intergovernmental grants (which are based partially on need), and
have around ten percent higher expenditures. Villages near factories are also more likely to report

having land (7 percent more likely), building (12 percent), and other assets (5 percent).

Figure 10 turns to public goods. Across outcomes, impacts vary in magnitude, statistical
significance, and the distance at which they are felt. The top left figure shows that villages living
within 10km of a palm oil factory tend to have 10 less families living without access to any
electricity, despite having larger populations. Rural electrification in Indonesia is generally high,
and population in 2011 is included as a control variable. The second and third figures (top row)
find villages within 20km of a factory more likely to have the main road fitted with a street light,
and the main road is less likely to be dirt but rather upgraded to gravel or asphalt. The first
figure in the second row finds villages within 5 km of factories slightly more likely to have public
transport. The middle and right figures (middle row) estimate impacts on the total number of
physical marketplaces, crucial centers of rural exchange. Up to 20 km from a factory, villages
are five percent more likely to have a market. Just 16 percent of villages had markets in 2014,

according to the Village Census.
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The bottom row of Figure 10 looks at infrastructure more related to human development
than agricultural supply chains. I find large and precisely estimated impacts on the number of
education, health, and worship facilities.”” Impacts are statistically significant at the 5% level
as far as 25 km away. Although new supply chains could generate mechanical improvements
in economic infrastructure, impacts on health and education facilities suggest public goods
spillovers beyond the supply chain. To gauge whether village fiscal windfalls can help explain the
increased public good provision, I overlay in red estimates including local government revenue
and expenditure as additional covariates. The point estimate relating to having a dirt road is the
only one with noticeable movement, although the 95% confidence intervals still overlap. Despite
fiscal variables being “bad controls”, these statistically indistinguishable results hint that public

goods may be privately provided or the result of some form of intergovernmental transfer.

5.3 Scale economies in production

Improved infrastructure opens up the possibility of falling trade costs (broadly defined) and
better market integration as additional channels at work. Up-front infrastructure investments
made by one firm and subsequent smallholder adoption could make it attractive for more
processors to set up operations nearby. Since most smallholders sell through intermediaries and
aggregators, thicker farm-to-factory markets could also encourage smallholder entry. Economies
of scale in palm production and processing could thus reinforce agglomerations, allowing

potential gains to ratchet up over time.”?

[ test for scale economies with a simple OLS exercise. To proxy local farm-to-factory market
density, I calculate in GIS the number of processors each village could plausibly sell palm fruit

to based on 25 and 50-km buffers. 50 km is the standard industry definition of a supply shed,

22]]ook at places of worship because mosques and churches are often the first thing communities investin (a
helpful leading indicator of community financial health), and because they often serve as important centers of social
activity, social services (e.g., child care), and risk-sharing.

231deally we would also test for internal economies of scale by comparing small and large processing facilities.
However, Indonesian palm oil processors are relatively homogenous in size and capacity, mostly coded as large firms
in the Economic Census.
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but 25 more closely resembles the smallholder adoption patterns in Figure 5. I augment my main
specification with this single continuous treatment indicator (c.f, the distance bands), exploiting
only heterogeneity in farmer-to-factory market competition across similarly suitable villages

within each factory catchment.

Table 7 presents the results. Panel A considers whether a village’s primary source of income
is agriculture and total village population. Column 1 shows that an additional buyer within
25 km corresponds an 0.3 percent decrease in the probability that most village income comes
from agriculture. Column 2 adds the 10 km proximity treatment and an interaction term with
potential buyers. The direct effect of additional buyers becomes statistically significant and the
magnitude small. The interaction term is statistically significant at the 1 percent level, suggesting
that improved local market integration may be reinforcing the shift out of agriculture, but only
very close to the factories. Put differently, the proximity effects appear largest for the subset of
communities near processors which also have other processors in marketing distance. Columns
3 and 4 show similar results using a 50 km buffer. Coefficients on potential buyers are smaller, as
expected. Columns 5-8 of Panel A examine population. For the 25 km buffers, both direct effects
and the interaction term are large and statistically significant. For the 50 km buffers, the direct

effect of market density is rendered statistically insignificant. **

Panel B of Table 7 turns to firms. I present results for the number of firms per village
and whether there is a firm in the village, painting a slightly more nuanced picture than
either outcome alone.?” On the intensive margin, being within 10km of factory, having more
factories within 25 km, and the interaction of these variables are all statistically and economically
significant. For the larger buffer, effects are weaker, proximity dominates, and the interaction
term is statistically insignificant. A slightly different picture emergences on the extensive margin.

While more potential buyers at either margin corresponds to an increased probability of having

24Taking the natural log of population to reduce the influence of outliers gives similar results and similar patterns
are also observed using the inverse distance to the nearest processor or a non-linear distance band specification.
These estimates are omitted for brevity.

Z5Note that all other firm estimates are similar in direction and precision whether using the count or binary
outcome.
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another firm (excluding palm firms) nearby, the proximity treatment renders the coefficient
on market density much smaller and statistically indistinguishable from zero. ° I cautiously
interpret these estimates as suggesting that farm-to-factory market density is more helpful for
growing economic activity in areas that already have good market access and firms present, rather

than encouraging first-movers.

6 Conclusion

This paper used the recent proliferation of Indonesian palm oil factories across its
underdeveloped hinterland to estimate spillovers from agricultural processing. The key finding
is that new export-oriented agricultural processing factories are reshaping Indonesia’s rural
economic geography, generating economic spillovers well beyond those accruing directly to
farmers. Living in a village near a palm oil factory corresponds to a greater likelihood of
non-agricultural employment and higher household incomes. Villages near factories also have
more people, large firms, and other economic and social organizations. These effects appear
driven by income effects and consumption linkages, rather than linked industries, as in Dell
and Olken (2019). Villages near factories also tend to generate significantly more revenue, hold
more assets, and have better roads, increased electrification, and more marketplaces, schools,
and health facilities. Consistent with improved local infrastructure reducing trade costs and
improving local market integration, the agglomerations appear to be strongest for villages with

thicker farm-to-factory markets.

By focusing on reduced-form comparisons across villages, my analysis precludes any
conclusions on whether Indonesia’s dramatic palm oil expansion supports or hinders aggregate
structural transformation. In particular, I cannot infer whether reinforcing Indonesia’s

comparative advantage in agriculture and relatively low-skilled manufacturing—which might

260ne possible concern is that intensive margin effects are driven by high-count, high-leverage observations
treated the same with extensive margin binary outcomes. Similar effects taking logs or using an inverse hyperbolic
sine transformation suggest that this is unlikely to be the case here.
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undertake less research, development, and innovation—will lead to lower long-run growth
(Matsuyama, 1992; Bustos, Vincenzi, Monras, and Ponticelli, 2022). Rather, this paper found
highly localized patterns of agglomeration, urbanization, and economic development around
factories in otherwise remote, rural areas. Modern agricultural supply chain investments appear
to be planting the seeds of broader economic development deep in the Indonesian countryside,
offering several exciting new research directions. For example, future work might structurally
estimate the general equilibrium impacts, explore linkages between major cities and rural areas

in more detail, or delve deeper into other long-run implications.

The findings in this paper inform topical policy debates on global trade, food systems,
and economic development. While there remains significant work to be done to improve the
overall environmental sustainability of our global food system, the Indonesian case highlights the
potential of export-oriented agricultural manufacturing as an avenue for developing countries to
better integrate into global trade networks, attract investment, and improve livelihoods in rural

regions with otherwise limited economic opportunities.
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Tables and Figures

Table 1: Descriptive Statistics—Palm Oil Processors

Mean Mean SD Min Median Max

Estimation sample

Distance to nearest factory (km) 323  25.7 0 26.03  99.99
Within 10km of a factory (=1) 019 040 0 1
Factories within 25km (n) 2.4 6.9 0 82
Factories within 50km (n) 8.3 16.3 0 106
N = 30,330 villages

Full sample

Distance to nearest factory (km) 93.7 1264 0 48.5 809.9
Within 10km of a factory (=1) 0115 0319 0 1
Factories with 25km (n) 19 7.2 0 82
Factories within 50km (n) 5.6 14.1 0 106

N = 81,695 villages

Notes: The dataset for these summary statistics was prepared by the
author in geographic information systems (GIS) using 2016 village
boundaries and the 2016 Economic Census. All distance calculations use
the Asia South Albers Equal Area projection with minor adjustments.
The estimation sample drops villages in cities, on Java, and beyond
100km of a factory, and is the sample used when examining population
(note that estimation samples vary across outcomes depending on data
availability and match success).
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Table 2: Balance on Geographic Characteristics—Raw Unadjusted Differences

Control (10-100 km) Treatment (<10 km) Normalized
Variable Mean S.E. Mean S.E. difference
Panel A —Palm Suitability
Potential palm oil yield/ha 3789.011 [12.170] 4717.279  [7.902] 0.471
Slope 2.923 [0.021] 1.001 [0.021] 0.565
Elevation 283.615 [2.396] 66.304 [1.417] 0.560
On a plain (=1) 0.777 [0.002] 0.939 [0.003] 0.410
Total precipitation in 2015 2094.816  [3.236] 2188266  [5.967] 0.169
Average long term precipitation 2584.037 [3.262] 2684.298 [5.991] 0.180
Water flow accumulation 459.670  [15.651] 553.749  [30.068] 0.035
Distance to nearest main road in 2000 4921.794 [74.261] 3226.396 [90.666] 0.140
Panel B—Other Geographic Characteristics
Potential casava yield 5338555 [12.262] 5422.291 [15.276] 0.042
Potential coconut yield 1689.864 [9.219] 2336.139 [7.133] 0.432
Potential cocoa yield 1430.110 [7.185] 1517.913 [6.259] 0.076
Potential tobacco yield 73.865 [6.195] 132.890 [5.100] 0.059
Potential tea yield 112.639 [6.435] -1.938 [4.818] 0.111
Potential wetland rice yield 4466.087 [10.139] 4538414 [10.934] 0.044
Potential coffee yield 1228.021 [6.960] 1265.678  [6.113] 0.034
Potential maize yield 3046.817 [8.310] 3117.034  [7.655] 0.053
Onariver (=1) 0.795 [0.002] 0.735 [0.005] 0.148
Distance to nearest river 619.727  [16.062]  365.213  [11.448] 0.099
Village area 3.29e+07 [5.48e+05] 2.59e+07 [8.97e+05] 0.076
Distance to nearest port 11.885 [0.027] 12.796 [0.048] 0.197
Distance to district capital 64.874 [1.964] 56.788 [3.086] 0.025
Cost to district capital 270314  [14.252] 186.134  [30.383] 0.034
Distance to nearest capital 3.100 [0.026] 2.423 [0.047] 0.154
Cost to nearest capital 392932  [21.220] 269.118  [43.393] 0.034

Notes: Villages near palm oil factories are identified using 2016 village boundaries and the the Global Forest
Watch palm oil mills dataset. All distance calculations use the Asia South Albers Equal Area projection, with
minor adjustments. The sample here is the primary estimation sample and drops villages in cities, on Java, and
beyond 100km of a factory. Data are described in detail in Appendix A. Complementary balance tests using my
main specification, adjusting for factory fixed effects and other covariates, are at Figures A1 and A2.
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Table 3: Balance on Pre-Period Outcomes—Raw Unadjusted Differences

Control (10-100 km)  Treatment (<10 km)  Normalized

Outcome in 1993 Mean SE Mean SE difference
Primary income is agriculture (=1) 0.956 [0.002] 0.928 [0.007] 0.133
Primary income is industry (=1) 0.005 [0.001] 0.009 [0.002] 0.062
Primary income is plantations (=1) 0.167 [0.003] 0.199 [0.010] 0.087
Village population (n) 1458.865 [51.479] 3271.405 [558.664] 0.199
Cooperatives (n) 0.327 [0.013] 0.451 [0.042] 0.087
Road outside village asphalt (=1) 0.382 [0.004] 0.416 [0.013] 0.069
Road outside village soil (=1) 0.227 [0.004] 0.229 [0.011] 0.003
Road inside village asphalt (=1) 0.222 [0.004] 0.194 [0.010] 0.070
Road inside village soil (=1) 0.549 [0.004] 0.521 [0.013] 0.057
Permanent marketplace (=1) 0.076 [0.002] 0.103 [0.008] 0.1
Nonpermanent marketplace (=1) 0.106 [0.003] 0.145 [0.009] 0.124
Households with electricity (%) 0.259 [0.003] 0.305 [0.008] 0.154

Notes: Villages near new palm oil factories are identified using 2016 village boundaries and
the the Global Forest Watch palm oil mills dataset. All distance calculations use the Asia
South Albers Equal Area projection, with minor adjustments. The sample here is the primary
estimation sample drops villages in cities, on Java, and beyond 100km of a factory. Only factories
identified visually in satellite data as having been constructed since 2000 are retained in the
sample. Outcomes are observed in the 1993 Village Census. Pre-period outcome placebo tests
using my main specification, adjusting for factory fixed effects and other covariates, are at

Figures A3-A5.



Table 4: OLS estimates—Factory Proximity, Agglomeration, and Agricultural Employment

Column (1) (2) ®3) 4 ©) (6) (7)

Panel A: Population (n) 502.163%

Near factory treatment (=1) ' 447.850%* 428.245*** 416.085*** 419.011*** 532.581*** 313.284***
(36.423) (34.662) (35.073) (35.194) (35.359) (40.464) (42.971)

Village observations 32,203 30,296 29,991 29,991 29,759 29,746 29,762

Panel B: Firms present (=1) 0.145 %

Near factory treatment (=1) ' 0.138*** 0.129%** 0.127*** 0.127*** 0.129%** 0.119%*

(0.008) (0.008) (0.008) (0.008) (0.008) (0.008) (0.010)
Village observations 37,022 34,236 33,880 33,880 33,602 31,112 33,595

Panel C: Primary source of village income is agriculture (=1)
-0.033***  -0.025**  -0.023*** -0.023***  -0.023***  -0.021***  -0.016***
(0.004) (0.004) (0.004) (0.004) (0.004) (0.004) (0.005)
Village observations 36,238 34,236 33,880 33,880 33,602 31,112 33,595

10 km treatment (=1)

¥

Nearest factory FEs Y Y Y Y Y N N

Baseline geographic controls N Y Y Y Y Y Y
Additional PODES controls N N Y Y Y Y Y
Latitude-longitude polynomial N N N Y Y Y Y
Potential palm oil yield N N N N Y Y Y
District FEs N N N N N Y N
Subdistrict FEs N N N N N N Y

Notes: Sample is a cross-section of all Indonesian villages within 100 km of a palm oil processor, excluding villages in cities
and on Java. The treatment variable is set to 1 if a village is within 10 km of a palm factory and 0 otherwise. Changes in
sample sizes are due to imperfect village matches across datasets. Baseline geographic controls include elevation, slope,
historical precipitation, flow accumulation, distance to river, distance to major road in 2000, nighttime luminosity in
1993, distance to city, village area, and an urban dummy. Additional Village Census (PODES) controls include travel
time and travel cost to the nearest city, travel cost to the nearest city; river, coast, plain, and valley dummies; in, near,
and outside forest dummies, and conservation and production forest dummies. A polynomial in latitude and longitude
refers to the latitude and longitude of village centroids and their squared terms. Potential palm oil yield is calculated from
the FAO-GAEZ gridded dataset. Village, subdistrict, and district identifiers are official 2016 definitions in the 2016 BPS
shapefile, and the nearest factory to every village is calculated in GIS using the 2016 Economic Census. Population is taken
from the 2011 Village Census, firms from the 2016 Economic Census, and primary village income from the 2014 Village
Census. Robust standard errors are in parentheses and stars denote statistical significance at the 10 (*), 5(**), and 1(***)
percent levels.
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Table 5: IV Estimates—Factory Proximity, Agglomeration, and Agricultural Employment

Instrumental variable Pr (treatment=1) GAEZ palm suitability = GAEZ relative suitability
Column (1 (2) 3) 4 ©) (6)

Panel A: Population (n)

FUPAVIS RV YRV L Lt LU UUU./ TT (CYIVIR 9 PAVYIR IV PASIVANIVIY)

(143.695)  (142.926) (154.404) (156.095) (132.876)  (135.331)
Excluded F 827 832 875 827 1,073 1,018

Village observations 30,288 30,288 30,178 30,178 30,178 30,178

Near factory treatment (=1)

Panel B: Firms present (=1)

V.o so V. TUV (VAN EAV] V.avs Voo V. TU

Near factory treatment (=1)

(0.040) (0.039) (0.054) (0.053) (0.045) (0.044)
Excluded F 931 951 950 927 1,172 1,145
Village observations 34,226 34,226 34,080 34,080 34,080 34080
Panel C: Primary source of village income is agriculture (=1)
Nearfactorytreatment(=1) 000 “o019)  (0024)  (02)  (0021)  (0.020)
Excluded F 931 951 950 927 1,172 1,145
Village observations 34,226 34,226 34,080 34,080 34,080 34080
Nearest factory FEs Y Y Y Y Y Y
Baseline geographic controls Y Y Y Y Y Y
Latitude-longitude polynomial N Y N Y N Y

Notes: Sample is a cross-section of all Indonesian villages within 100 km of a palm oil processor, excluding villages
in cities and on Java. The treatment variable is set to 1 if a village is within 10 km of a palm factory and 0
otherwise. Changes in sample sizes are due to imperfect village matches across datasets. Baseline geographic
controls include elevation, slope, historical precipitation, flow accumulation, distance to river, distance to major
road in 2000, nighttime luminosity in 1993, distance to city, village area, and an urban dummy. A polynomial in
latitude and longitude refers to the latitude and longitude of village centroids and their squared terms. Village
definitions follow the 2016 BPS shapefile, and the nearest factory to every village is calculated in GIS using the 2016
Economic Census. Population is taken from the 2011 Village Census, firms from the 2016 Economic Census, and
primary village income from the 2014 Village Census. Predicted probability is the predicted value for each village
obtained from a probit model regressing the main suitability controls on the treatment. GAEZ palm suitability is
the normalized value of the grid cell containing the village centroid. Relative suitability is the difference between
the normalized potential palm oil yield and the average normalized yield of coffee, cocoa, and teas. Excluded
F refers to the Kleibergen-Paap first-stage excluded F statistic; Montiel-Pflueger effective F statistics are similar.
Robust standard errors are in parentheses and stars denote statistical significance at the 10 (*), 5(**), and 1(***)
percent levels.
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Table 6: Reduced-form Falsification Tests

Outcome Population (n) Firms present (=1)  Agriculture (=1)
Column M (2) 3) 4 ®) (6)

Panel A: Main estimation sample

GAEZ palm suitabili o -0/ T T T T
palm suitability (29451)  (30.518) (0.010) (0.010) (0.004) (0.004)

Village observations 30,178 30,178 34,080 34,080 34,080 34080
Panel B: Restricted sample —zero first stage
GAEZ palm suitability 14.876 9213 0013 0018 -0.005 -0.004
(31.714) (33.657) (0.011) (0.011) (0.005) (0.005)
Village observations 15,516 15,516 17,934 17934 17,934 17,934
Nearest factory FEs Y Y Y Y Y Y
Baseline geographic controls Y Y Y Y Y Y
Latitude-longitude polynomial N Y N Y N Y

Notes: Full sample is a cross-section of all Indonesian villages within 100 km of a palm oil processor,
excluding villages in cities and on Java. Restricted sample additionally excludes villages within
25 km of a factory. Baseline geographic controls include elevation, slope, historical precipitation,
flow accumulation, distance to river, distance to major road in 2000, nighttime luminosity in 1993,
distance to city, village area, and an urban dummy. A polynomial in latitude and longitude refers
to the latitude and longitude of village centroids and their squared terms. Village definitions
follow the 2016 BPS shapefile. Population is taken from the 2011 Village Census, firms from the
2016 Economic Census, and primary village income from the 2014 Village Census. GAEZ palm
suitability is the normalized value of the grid cell containing the village centroid. Robust standard
errors are in parentheses and stars denote statistical significance at the 10 (*), 5(**), and 1(***)
percent levels.
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Table 7: Processor Density and External Economies of Scale

Potential buyer buffer zone 25km 50 km 25km 50 km
Column 1 2 3 4 5 6 7 8
Panel A Outcome Primary source of income is agriculture (=1) Population (n)
Potential buyers (n) 0.0037 -0.000  -0.001*** -0.000 49.554**  13.768**  10.274*** 1.986
(0.001) (0.001) (0.000) (0.000) (6.762) (6.848) (1.704) (1.938)
Near factory treatment (=1) -0.012%* -0.018%+* 239.818%** 324.487%
(0.005) (0.005) (42.784) (42.390)
Potential buyers X treatment -0.003*** -0.001% 39.058"* 8.406™*
(0.001) (0.000) (7.718) (2.418)
Observations 34,226 34,226 34,226 34,226 30,288 30,288 30,288 30,288
Panel B outcome Firms (n) Firms (=1)
Potential buyers (n) VUBOT 10,0334 0.011%* -0.000 0.007%% 0002  0.002%* 0001
(0.015) (0.014) (0.004) (0.005) (0.001) (0.001) (0.000) (0.000)
Near factory treatment (=1) 0.831%%* 1062+ 0.129%** 0.139%**
(0.136) (0.143) (0.009) (0.009)
Potential buyers X treatment 0.036** -0.001 0.001 -0.000
(0.016) (0.005) (0.001) (0.000)
Observations 34,226 34,226 34,226 34,226 34,226 34,226 34,226 34,226

Notes: Sample is a cross section of Indonesian palm oil farmers observed in the farmer cost survey fielded with the 2013 Agricultural
Census. The presence of a factory in a subdistrict and the number of potential buyers at a 50 kilometer radius is calculated in GIS,
and merged to the household survey. Changes in sample size are due to imperfect merges, missing data, farmers not using urea,
and logging zero. District fixed effects and additional controls for farm size, household size, number of household members, sex,
age, and education attainment included throughout. Cluster-robust standard errors are in parentheses and stars denote statistical
significance at the 10 (*), 5(**), and 1(***) percent levels.
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Figure 2: The Farm-to-Factory Supply Chain
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