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Abstract

Agricultural mechanization and environmental regulations reshape labor markets,

but their effects on industrialization remain unclear. This paper studies the rapid

adoption of mechanical harvesting in the sugarcane industry in São Paulo, Brazil, be-

tween 2000 and 2010 following a law banning pre-harvest burning. Using land slope as

an instrument for mechanization, we find that mechanization reduced agricultural em-

ployment and increased manufacturing jobs. However, labor reallocation occurred only

in agriculture-related industries, not broadly across sectors. A one-standard-deviation

increase in mechanization raised employment in linked manufacturing industries by

3.5 percentage points, primarily unskilled labor. This shift generated substantial lo-

cal economic benefits: household incomes rose 19 percent and poverty fell 14 percent.

These findings challenge the view of structural transformation as a shift from agri-

culture to diverse industries. Instead, labor-saving technology in farming strengthens

sectoral linkages, deepening the agro-industrial economy rather than diversifying it.

Our results also highlight how environmental regulation can shape industrialization by

driving sectoral labor reallocation.

∗We would like to thank Sam Bazzi, Martin Fiszbein, Jason Garred, Namrata Kala, Marcelo Sant’Anna,
Edson Severnini, and seminar participants at EPGE, NEUDC, Jobs and Development Conference (World
Bank), LCM Conference (FEA-USP), SBE, REAP Meeting, VII CAEN-EPGE Meeting. We gratefully thank
the financial support from Rede de Pesquisa Aplicada FGV and CAPES/Brasil (Grant #001).

†FGV EPGE. E-mail: francisco.costa@fgv.br.
‡Banco ABC Brasil.
§Insper. E-mail: LeticiaFCN@insper.edu.br.



1 Introduction

Structural transformation — the reallocation of labor from agriculture to manufacturing

— is central to economic development (Lewis et al., 1954; Kuznets, 1957). In particular,

agricultural productivity gains have been pointed as the main driver of industrialization

(Rosenstein-Rodan, 1943; Clark, 1967; Mellor, 1995; Gollin et al., 2021). However, evidence

from within and across countries points to mixed effects of agricultural productivity on

long-term development (Matsuyama, 1992; Moscona, 2019). Today, with automation and

offshoring reshaping industrialization, agriculture with agroindustry offers a viable path for

growth and poverty reduction (Mellor, 1995; World Bank, 2008; De Janvry and Sadoulet,

2020). For example, agriculture has fomented industrialization in countries like Brazil in the

last decades (Bustos et al., 2016). While much is known about structural transformation

broadly, less is understood about its composition: who moves and where.

This paper shows that structural transformation driven by agricultural productivity shifts

labor only to sectors linked to agriculture, not broadly across the economy. We document

that agricultural mechanization frees unskilled labor and expands production, but realloca-

tion is sector-specific, moving labor into industries downstream or upstream from agriculture.

This process, in turn, fosters broader local development.

We study the effect of sugarcane harvest mechanization in São Paulo, Brazil, on structural

transformation. Sugarcane is the world’s largest crop by production quantity, cultivated on

about 27 million hectares in more than 90 countries, with a worldwide harvest of 2 billion

tons in 2023 (FAOSTAT). Brazil is the largest producer, and São Paulo state accounts for

over two-thirds of its production. The state alone produces as much sugarcane as India, the

world’s second-largest producer (Walter et al., 2014).

We exploit the rapid adoption of mechanical harvesting in São Paulo between 2000 and

2010 to estimate its impact on local structural transformation. Until the early 2000s, sug-

arcane was manually harvested after pre-harvest straw burning, which released pollutants

that caused respiratory diseases (Rangel and Vogl, 2019). Due to public health concerns,

São Paulo passed a law in 2002 to phase out pre-harvest burning by 2021. In 2006, a new

regulation moved the deadline to 2014. The ban made traditional manual methods nonviable

(Novaes et al., 2007). This effectively forced a shift to mechanical harvesting using combine

harvesters, which do not require burning. Mechanization requires fewer workers per area

harvested, constituting a labor-saving technology (similar to the new soy seeds in Bustos

et al., 2016). Before 2002, mechanical harvesting was minimal, but the sector mechanized

rapidly soon after. Mechanization doubled from 30 percent in 2006 to 60 percent in 2012.1

1The first year we can measure mechanization adequately with GIS data is 2006.
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We use remote sensing data on sugarcane planting and harvesting at 30 meters resolution

(CANASAT/INPE) to measure harvest mechanization in each plot of land in the state. We

then create a mechanization index at the municipality level, measuring the share of sugarcane

fields that adopted mechanical harvesting by 2010. Using the 2000 and 2010 Demographic

Census from the Brazilian Institute of Geography and Statistics (IBGE), we estimate how

mechanization affected the labor market across municipality-level sectors.

We propose an instrumental variable strategy to identify the causal effect of mechaniza-

tion on structural transformation. An instrument for mechanization is necessary because

labor market trends and mechanization could be endogenous. For example, local govern-

ment subsidies to the sugarcane industry or changes in labor regulations could drive both.

We instrument for mechanization using the land slope of sugarcane-planted areas at base-

line. Mechanization is cheaper on flatter land (Moraes et al., 2015), so producers on steep

terrain adopt it more slowly or switch crops. We show that slope negatively correlates with

mechanization across all specifications and has explanatory power.2 Our exclusion restriction

assumes that land slope affects labor markets only through mechanization. Supporting this,

we show that until 2006, sugarcane expansion was similar across slope levels, suggesting no

systematic preference for flatter land. We also examine the relationship between mechaniza-

tion between 2000 and 2010 and changes in agricultural outcomes between 1991 and 2000,

the decade before mechanization. We find no systematic differences in pre-trends.

We find that sugarcane mechanization triggered structural transformation by shifting

labor from agriculture to manufacturing. A one-standard-deviation increase in mechaniza-

tion reduced agricultural employment by 3 percentage points and increased manufacturing

employment by 3.5 percentage points. These effects explain over 75 percent of observed

sectoral shifts from 2000 to 2010. Mechanization primarily displaced unskilled agricultural

workers to manufacturing, increasing the skilled-unskilled ratio in agriculture by 25 per-

cent, while the skill composition in manufacturing remained unchanged. These results align

with standard structural transformation models, where labor-saving technological change in

agriculture drives structural transformation (Bustos et al., 2016; Gollin et al., 2021).

Agricultural mechanization channeled workers specifically toward industries linked to

agriculture rather than driving broad industrial growth. Using Brazilian input-output ta-

bles from IBGE, we classify industries as linked to agriculture if they operate upstream or

downstream of the sector. We find that a one-standard-deviation increase in mechanization

raised employment in linked manufacturing industries by 3.5 percentage points but had no

2The Montiel-Pflueger F statistic (Olea and Pflueger, 2013) ranges from 33.91 to 46.16. To address
potential weak instrument concerns as in Lee et al. (2022), all inference is based on weak-instrument-robust
confidence intervals (Anderson and Rubin, 1949).
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effect on non-linked manufacturing. In services, linked industries saw positive but statisti-

cally insignificant effects, while non-linked services remained unaffected. Mechanization did

not alter the skill composition of any industry, linked or not. These results indicate that

mechanization reinforced linkages between agriculture and manufacturing, expanding the

agro-industrial supply chain rather than triggering broad structural change.

One explanation for industrialization concentrated within the agricultural supply chain

is that industries downstream from agriculture benefited from cheaper, larger-scale agricul-

tural inputs, while upstream industries benefited from larger local demand (e.g., Caselli and

Coleman II, 2001; Acemoglu and Guerrieri, 2008; Jones, 2011; Cai and Li, 2019). Our re-

sults confirm that mechanization expanded sugarcane production by increasing the share of

cultivated land allocated to the crop. A one-standard-deviation increase in mechanization

increased the share of agricultural land dedicated to sugarcane by 18.6 percentage points,

representing 72 percent of the average expansion during 2000-2010. Mechanization likely

displaced other agricultural activities while potentially increasing the total cultivated area

(as in Hess et al., 2021; Carreira et al., 2024), though estimates for the total planted area

are positive but statistically insignificant.

Agricultural mechanization produced substantial economy-wide benefits beyond sector-

specific employment shifts. A one-standard-deviation increase in mechanization raised house-

hold income per capita by 19 percent relative to the average growth in the period and reduced

poverty rates by 14 percent relative to the baseline. Labor market improvements extended

to reduced unemployment and child labor, although these point estimates are noisy.

Related Literature and Contributions. A long-standing view in development eco-

nomics holds that agricultural productivity growth is a precondition for industrialization

and economic growth. Classical models show that rising agricultural productivity releases

labor from farming, increases food supply, and creates demand for manufactured goods, driv-

ing structural transformation (Lewis et al., 1954; Kuznets, 1957). Historical evidence from

the British Industrial Revolution and Green Revolution confirms that agricultural improve-

ments preceded industrial development (Rosenstein-Rodan, 1943; Clark, 1967; Mellor, 1995;

Carillo, 2020; Gollin et al., 2021). A skeptical view counters that agricultural productivity

growth can hinder industrialization by reinforcing comparative advantage in agriculture, es-

pecially in open economies (Matsuyama, 1992). Evidence shows that positive spillovers from

agriculture to non-agricultural sectors often fail to materialize locally (Foster and Rosen-

zweig, 2004; Hornbeck and Keskin, 2015; Moscona, 2019).

Recent work reconciles these views by showing that productivity effects of labor reallo-

cation depend on the factor intensity of productivity gains (Bustos et al., 2016), the skill
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composition of displaced workers and receiving firms (Bustos et al., 2019), and the relative

factor intensity of expanding sectors and cross-sectoral spillovers (Caselli and Coleman II,

2001; Acemoglu and Guerrieri, 2008; Caunedo and Kala, 2021).

Our first contribution is to show the composition of structural transformation caused

by labor-saving technology adoption. Our findings reveal that mechanization expanded

agricultural production and freed unskilled labor, which flowed specifically to industries

downstream or upstream from the agricultural sector. This pattern of industrialization differs

from classic structural transformation, where labor reallocates broadly across the economy.

Instead, mechanization strengthened sectoral linkages, reinforcing the agro-industrial supply

chain rather than driving manufacturing-wide structural transformation.

Another dimension of structural transformation concerns its environmental implications

(Jayachandran, 2022; Barrett et al., 2023) and how environmental regulation shapes in-

dustrial dynamics (Hsiang et al., 2019). A standing debate contrasts environmental policy

as a drag on economic growth against the idea that regulation can catalyze productivity-

enhancing innovation (Porter and Van der Linde, 1995; Shapiro and Walker, 2018). While

some studies find environmental restrictions worsen firms and workers’ conditions (Berman

and Bui, 2001; Greenstone, 2002; Greenstone et al., 2012; Walker, 2011, 2013), others argue

regulatory pressure drives industrial upgrading and accelerates transition to cleaner, more

productive industries (Harrison et al., 2015; Tanaka et al., 2014; Metcalf and Stock, 2020;

Lu and Pless, 2024).

Our second contribution is to examine the implication of environmental regulations for

the workforce through the lens of structural transformation in low- and middle-income coun-

tries (LMICs). We examine the broader economic effects of labor reallocation following the

adoption of technology required by environmental regulations. In LMICs, pushing workers

out of traditional, low-productivity agriculture may benefit the local economy by inducing

technological upgrading and triggering structural transformation. Unlike previous studies

focusing on manufacturing sectors in developed economies, we show that environmental reg-

ulation targeted at the traditional agricultural sector can generate positive effects for local

workers and broader local economic gains.

2 Background

This section discusses the sugarcane industry in São Paulo, focusing on two key aspects:

harvesting technology and labor markets.
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Sugarcane in São Paulo. According to the Food and Agriculture Organization (FAO), in

2023, sugarcane was cultivated on about 27 million hectares across more than 90 countries,

with a global harvest of 2 billion tons. Brazil is the largest producer, accounting for over a

third of worldwide production (Walter et al., 2014). São Paulo is responsible for more than

two-thirds of national production in Brazil. If treated as an independent producer, it would

rank as the world’s second-largest producer according to the Brazilian Sugarcane Industry

Union (UNICA).

In 2003, sugarcane production occurred in 393 of São Paulo’s 645 municipalities, con-

centrated in the state’s central and northern regions. Sugarcane occupied over XX30% of

agricultural land in producing municipalities, with some regions reaching XX80% of farm-

land.

Sugarcane Industry. Sugarcane is a semi-perennial crop, with the harvesting season in

São Paulo running from April to December. After harvest, it is transported to a nearby mill.

Since sugars in the cane deteriorate quickly, mills are typically located within 40 km of the

fields to minimize losses (Sant’Anna, 2024). At the mill, sugarcane can be processed into

sugar or ethanol, with most modern mills capable of producing both.

Harvesting Technologies. Two main methods dominate sugarcane harvesting: tradi-

tional and mechanical. Traditional harvesting involves pre-harvest field burning and manual

labor, while mechanical harvesting uses combine harvesters without burning.

Traditional harvesting employs fire to clear fields of straw and weeds and deter dangerous

animals before manual cutting. This burning releases substantial pollutants (Macedo et al.,

2008), causing respiratory diseases (Cançado et al., 2006; Dominici et al., 2014; Rangel and

Vogl, 2019), and contaminating soil and groundwater (SGPR, 2009). Traditional harvesting

in Brazil primarily creates unskilled, temporary jobs.

Mechanical harvesting eliminates the need for pre-harvest burning. The combine har-

vester processes the straw, making the technology less polluting than traditional methods.

It is capital-intensive and exhibits returns to scale. Industry estimates suggest one harvester

replaces about eighty workers (SGPR, 2009). Despite higher productivity, producers often

prefer traditional harvesting due to available low-wage seasonal labor.

Adopting mechanical harvesting requires a workforce with specialized skills, including

machine operators and mechanics, who are scarce in many rural areas (Moraes et al., 2015).

The key for our identification is that terrain slope affects mechanization costs, with flatter

land being more suitable for combine harvesters. Thus, it is cheaper to use mechanical

harvesting on flatter land.
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The State Plan to Halt Pre-Harvest Burning. In 2002, São Paulo passed a law to

phase out pre-harvest burning by 2021 for most producing areas (State Law 11,241). The

stated goals of this law were to reduce respiratory diseases and mitigate climate impacts. This

effectively required a shift to mechanical harvesting, as banning pre-harvest burning made

the traditional methods nonviable (Novaes et al., 2007). In 2006, a Cooperation Protocol

between the state and the Organization of Sugarcane Producers accelerated the phase-out

timeline to 2014 and established clean sugarcane certification. In 2012, the Brazilian New

Forest Code banned the use of fire in sugarcane harvesting in the country.

Mechanical harvesting adoption in São Paulo was limited before the 2002 burning ban.

The adoption of mechanical harvesting accelerated after the 2006 Cooperation Protocol. As

Figure 1a shows, by 2006, just over 30% of sugarcane harvesting was mechanical without the

use of fire, and by 2012, it had reached over 60%.3 Figure 1b shows that the sugarcane area

using mechanical harvesting grew three-fold between 2006 and 2012. The speed of adoption

varied across municipalities due to differences in land suitability, firm-level investment de-

cisions, and enforcement of environmental regulations. Due to cheaper adoption costs, flat

areas mechanized earlier, while steeper terrains remained reliant on manual harvesting for

longer (SGPR, 2009). Figure 2a shows adoption offer time by terrain slope. This variation

in adoption timing allows us to study how the shift from manual to mechanical harvesting

affected local labor markets.

(a) Share of Area (b) Total Area

Figure 1: Adoption of Mechanical Harvesting in Sugarcane Over Time

Notes: These figures present the adoption of mechanical harvesting in sugarcane plantations over the years.

Source: CANASAT.

3As we explain in the following section, 2006 and 2012 are the first and last years we have remote sensing
data on sugarcane harvesting by technology used.
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Local Labor Markets. Agriculture and services each employ about 40% of sugarcane-

producing municipalities’ local workforce, with manufacturing accounting for 10%. Most

workers are unskilled, with only 30% having at least a high school degree. The figure

is even lower in agriculture, where only 20% of permanent workers have completed high

school. Farms using traditional harvesting rely primarily on unskilled, seasonal workers.

Furthermore, the sugarcane sector has a history of poor labor conditions, with reports of

criminal recruitment, exploitative working conditions, inadequate housing, high accident

rates, deaths from exhaustion, and child labor (SGPR, 2009).

Mechanical harvesting has shifted labor demand toward skilled workers like machine

operators, mechanics, and engineers (Moraes et al., 2015). In 2009, UNICA, the federal

government, and the National Confederation of Agricultural Workers (CONTAG) signed

the National Agreement to Improve Sugarcane Working Conditions aimed to improve labor

practices and support workers displaced by mechanization.

Thus, environmental and labor regulations accelerated mechanization, affecting labor

demand through two channels. First, mechanization reduces the need for workers to harvest a

given area, leading to structural transformation (Bustos et al., 2016). Second, the technology

shift increases the relative demand for skilled over unskilled agricultural workers, potentially

impacting the broader local economy.

3 Data

This study relies on multiple data sources, including census data, remote sensing informa-

tion on sugarcane production, land characteristics, and administrative records. Below, we

describe each dataset and its role in the analysis.

Labor Market and Demographics. The Brazilian Institute of Geography and Statistics

(IBGE)’s Demographic Census data from 1991, 2000, and 2010 provide our core labor market

variables. We restrict the sample to the working-age population – i.e., individuals aged 18-60.

We aggregate the data at the municipality level using IBGE-provided sampling weights. For

1991, we used area estimates based on Administrative Minimum Comparable Areas (AMC).

We classify individuals based on their reported employment sector in the previous week

using CNAE 1.0 two-digit codes to analyze sectoral employment composition. We define

three broad economic sectors: agriculture (codes 01–05), manufacturing (codes 15–37), and

services (codes 40–74, 80–94). For each municipality, we compute employment shares as the

number of workers in each sector divided by the working-age population and the unskilled

employment share within each sector.
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To study skill distribution, we classify individuals as skilled if they have at least a high

school degree and unskilled otherwise. As a robustness check, we consider two alternative

definitions: (i) skilled workers as those with a college degree, and (ii) skilled workers as those

with at least a middle school degree. In addition, we calculate the illiteracy rate and the

ratio of skilled to unskilled workers at the municipality level.

The census also provides demographic variables. We compute the share of the working-

age population living in rural areas and estimate population density by dividing the popu-

lation’s natural logarithm by the municipality’s land area.

Industry Linkages. We use Brazilian input-output tables from IBGE (2000) to identify

industries based on their linkages to agriculture. This dataset classifies 55 industries, which

we merge with the census using CNAE 1.0 codes. We define an industry as upstream

of agriculture if more than 0.1% of its output is sold to the agricultural sector and as

downstream if more than 0.1% of its inputs come from agriculture. Industries that do not

meet either criterion are classified as non-linked. As a robustness check, we also apply a 1%

threshold for linkages.

Sugarcane Production and Mechanization Data. We measure sugarcane cultivation

and harvesting methods using high-resolution remote sensing data from CANASAT, a pro-

gram developed by Brazil’s National Institute for Space Research (INPE). CANASAT applies

digital interpretation of Landsat 5 satellite images at 30-meter resolution to provide annual

pixel-level information on sugarcane planted area and harvesting methods (Aguiar et al.,

2009, 2011). The dataset covers only São Paulo, preventing us from extending the analysis

to other states.

The CANASAT-Planted Area dataset identifies pixels cultivated with sugarcane at the

start of each harvest season between 2003 and 2012. The CANASAT-Harvest dataset, de-

veloped to support the enforcement of the 2006 Cooperation Protocol, classifies harvested

areas according to whether they were subject to pre-harvest burning (traditional harvesting)

or mechanized harvesting (without burning). This classification is available for each harvest

season between 2006 and 2012.

To quantify the adoption of mechanization at the municipality level, we construct a

mechanization index that captures the share of sugarcane-planted pixels in 2003 that had

transitioned to mechanical harvesting by 2010, the latest census year available:

Mj ≡
∑

i∈Ij

(
mi(j),2010 −mi(j),2000

)∑
i∈Ij ai(j),2003

(1)
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where ai(j),2003 equals one if pixel i in municipality j was cultivated with sugarcane in 2003,

Ij is the set of such pixels, and mi(j),t equals one if pixel i in municipality j was mechanically

harvested in year t. Because CANASAT does not provide data before 2003, we use 2003 as

the baseline for the planted area. Likewise, since georeferenced data on harvesting methods

is unavailable before 2006, we assume no mechanical harvesting in 2000, setting mi(j),2000 = 0

for every pixel. As a robustness check, we construct an alternative baseline assuming that

mechanization levels in 2000 were the same as in 2006, i.e., mi(j),2000 = mi(j),2006.

Table 1: Summary Statistics of Agriculture and Economy-wide Variables

PAM Economy-wide Effects

Total Planted
Area

Sugarcane Planted
Area (%)

Sugarcane
Productivity

Household Income
PC

Poverty
(< 1.2 MW)

Unemployment
Rate (16+)

Child Labor
Rate (10-15)

(1) (2) (3) (4) (5) (6) (7)

Panel A: 2000
mean 13260.043 42.855 67820.893 547.386 0.384 0.116 0.137
s.d. (15318.090) (31.508) (27404.623) (156.812) (0.113) (0.038) (0.048)

Panel B: ∆ 2010-2000
mean 4398.779 25.862 16161.982 171.016 -0.194 -0.057 -0.055
s.d. (7826.134) (26.727) (31360.270) (92.744) (0.083) (0.034) (0.047)

Notes: This table displays the agriculture, land use, and economy-wide effects variables summary statistics

– mean and standard deviations (in parenthesis). The unit of observation is the municipality (N = 393).

Land Characteristics. To assess the suitability of land for mechanization, we use high-

resolution topographic data from TOPODATA, based on the Shuttle Radar Topography

Mission (SRTM). The dataset provides elevation and slope information at one-arcsecond

resolution. We overlay this data with CANASAT sugarcane fields to compute the average

slope of sugarcane-producing plots (i.e., i ∈ Ij) in each municipality.

We also measure land suitability for technological change using potential sugarcane yield

estimates from the FAO-GAEZ database. This dataset provides simulated yields under dif-

ferent input scenarios. We compute the difference between potential yields under high-input

and low-input conditions to construct a municipality-level measure of suitability for mech-

anization. We use GIS road maps from Brazil’s Ministry of Transportation to approximate

market access. We compute the average distance from sugarcane fields to the nearest road

in each municipality.

Socioeconomic and Agricultural Data. We incorporate additional municipal controls

from various sources. We extract municipality-level statistics on household income per capita,

unemployment, child labor, and poverty rates using DATASUS/TabNet software.
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We use the Municipal Agricultural Survey (PAM/IBGE) for additional agricultural statis-

tics. This dataset provides annual data on total planted area, sugarcane area, yields, and

the cultivation of other crops. Information is collected through surveys conducted by IBGE

agents, with accuracy checks ensuring inter-annual consistency. This data, however, is not

georeferenced.

4 Empirical Strategy

In this section, we describe our empirical strategy. We first present our main regression

specification and discuss potential identification issues. We then propose an instrumental

variable strategy to address these issues.

We estimate the effects of mechanization at the municipality level on local labor mar-

ket dynamics between 2000 and 2010, ∆Yj ≡ Yj,2010 − Yj,2000. We estimate the following

regression:

∆Yj = α + βMj +X ′
jγ + εj (2)

where Mj is the mechanization index defined in equation (1). The coefficient of interest,

β, captures the effect of mechanization in the sugarcane sector on labor market outcomes.

Tables 2 and 3 report summary statistics of all dependent variables. The error term, εj,

captures unobserved municipality-level shocks. Following Bustos et al. (2016) and Abadie

et al. (2023), we use heteroskedasticity-robust standard errors.

Different specifications include a set of controls, Xj, to address identification concerns.

To allow for different labor market trends across municipalities, we control for the rural

population share in 2000, population density in 2000, log labor force in 2000, and log sugar-

cane planted area in 2003. Higher education levels may facilitate technology adoption and

affect labor markets, so we control for the shares of illiterate and skilled workers in 2000. To

account for the role of infrastructure and agricultural conditions, we control for distance to

roads and potential sugarcane yield. Table A1 shows control variables’ descriptive statistics.

Even with these controls, estimates from equation 2 may suffer from endogeneity if labor

market trends influence mechanization. For example, local government subsidies to the

sugarcane industry or changes in labor regulations could drive both mechanization and labor

outcomes. To address this, we propose an instrumental variable strategy to identify the

causal effect of mechanization on structural transformation.
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Table 2: Summary Statistics of Structural Transformation Variables

Agricultural Manufacturing sector Services sector

sector All Linked Non-linked All Linked Non-linked
(1) (2) (3) (4) (5) (6) (7)

Panel A: 2000
Employment share 0.164 0.107 0.083 0.025 0.241 0.149 0.092

(0.089) (0.061) (0.053) (0.021) (0.074) (0.050) (0.031)

Unskilled employment share 0.190 0.109 0.086 0.024 0.211 0.135 0.076
(0.100) (0.064) (0.056) (0.021) (0.068) (0.048) (0.029)

Skilled-unskilled workers ratio 0.129 0.406 0.395 0.534 0.643 0.605 0.773
(0.079) (0.209) (0.268) (0.525) (0.218) (0.319) (0.380)

Panel B: ∆ 2010-2000
Employment share -0.036 0.046 0.045 0.001 0.031 0.016 0.015

(0.053) (0.055) (0.053) (0.014) (0.036) (0.028) (0.021)

Unskilled employment share -0.028 0.039 0.041 -0.002 0.008 0.001 0.006
(0.065) (0.059) (0.058) (0.014) (0.038) (0.030) (0.022)

Skilled-unskilled workers ratio 0.181 0.435 0.412 0.696 0.563 0.566 0.540
(0.126) (0.457) (0.439) (1.078) (0.282) (0.392) (0.518)

Notes: This table displays the labor market outcomes summary statistics – mean and standard deviations

(in parenthesis). The unit of observation is the municipality (N = 393).

4.1 Instrumental Variable

We use the land slope of sugarcane-planted areas in 2003 as an instrument for the adoption

of mechanical harvesting. The rationale for this instrument is that mechanization is cheaper

on flatter land (Moraes et al., 2015), so producers on steep terrain adopt it more slowly. Our

estimates capture a (local) causal effect of mechanization on labor market outcomes if: (i)

slope is correlated with mechanization, and (ii) slope is uncorrelated with the error term, εj,

in equation (2). In other words, land slope must predict mechanization but have no direct

impact on labor markets except through mechanization.

We assess assumption (i). Figure 2a shows mechanical harvesting adoption (relative to

2006) by land slope over time. We can see mechanization increased faster in flatter areas,

consistent with lower mechanical harvesting costs.

We test assumption (i) directly by estimating the first-stage regression:

Mj = α0 + λSj +X ′
jγ0 + ϵj (3)

where Sj is the average slope of sugarcane pixels in 2003, our instrument. Table 4 presents the

first stage results. As expected, slope negatively correlates with mechanization, robust across

all specifications. The Montiel-Pflueger F statistic (Olea and Pflueger, 2013) ranges from

33.91 to 46.16, indicating strong instrument relevance. To address weak instrument concerns
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Table 3: Summary Statistics of Agriculture and Economy-wide Variables

PAM Economy-wide Effects

Total Planted
Area

Sugarcane Planted
Area (%)

Sugarcane
Productivity

Household Income
PC

Poverty
(< 1.2 MW)

Unemployment
Rate (16+)

Child Labor
Rate (10-15)

(1) (2) (3) (4) (5) (6) (7)

Panel A: 2000
mean 13260.043 42.855 67820.893 547.386 0.384 0.116 0.137
s.d. (15318.090) (31.508) (27404.623) (156.812) (0.113) (0.038) (0.048)

Panel B: ∆ 2010-2000
mean 4398.779 25.862 16161.982 171.016 -0.194 -0.057 -0.055
s.d. (7826.134) (26.727) (31360.270) (92.744) (0.083) (0.034) (0.047)

Notes: This table displays the agriculture, land use, and economy-wide effects variables summary statistics

– mean and standard deviations (in parenthesis). The unit of observation is the municipality (N = 393).

as in Lee et al. (2022), we report weak-instrument-robust confidence intervals (Anderson and

Rubin, 1949).

To assess assumption (ii), we test whether sugarcane expansion favored flatter terrain.

If producers preferred flatter land for expansion, slope might correlate with factors beyond

mechanization. Figure 2b shows sugarcane expansion (relative to 2003) by land slope. Before

2006, expansion patterns were similar across slope levels, suggesting no systematic preference

for flatter land. This indicates that land slope did not drive sugarcane expansion until the

Cooperation Protocol was signed. For further reassurance, the next section presents placebo

tests to examine whether technology adoption in the 2000s was correlated with pre-trends

in agricultural and sugarcane-planted areas.

5 Results

5.1 Agriculture and Land Use

Before examining the broader economic effects of agricultural mechanization, we first assess

its direct impact on sugarcane production. Table 5 presents the estimated effects of mech-

anization on land use and productivity. The evidence shows mechanization expanded the

scale of sugarcane production, increasing the share of cultivated land allocated to the crop.

Column 1 reports the OLS estimates. Panels A and C show mechanization had a positive but

statistically non-significant correlation with the total planted area and sugarcane productiv-

ity. In Panel B, we find mechanization is correlated with the expansion of the sugarcane

planted area.

Columns 2–7 report the instrumental variable estimates. The IV results in Panel B
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(a) Mechanical Harvesting vs. Slope (b) Planted Area vs. Slope

Figure 2: Sugarcane Mechanical Harvesting by Land Slope Over Time

Notes: Figure (a) presents mechanical harvesting in year t divided by mechanical harvesting in 2006 per

pixel’s land slope. Figure (b) presents planted area in year t divided by planted area in 2003 per pixel’s land

slope. We drop pixels with a slope greater than 15% due to a long tail with few observations.

confirm that mechanization substantially increased sugarcane production. The estimates

remain stable and statistically significant across specifications that progressively control for

education levels (column 3), population density (column 4), distance to roads (column 5),

and soil suitability (column 6). The preferred specification (column 7) in Panel B shows

that a one standard deviation increase in mechanization (0.193) led to an 18.6 percentage

point increase in the share of agricultural land planted with sugarcane between 2000 and

2010 [=0.193 × 96.43]. This effect is economically large, corresponding to 72 percent of the

average increase in sugarcane cultivation during this period.

Mechanization may have displaced other agricultural activities. While the share of agri-

cultural land growing sugarcane increased, mechanization did not significantly affect the total

planted area. The point estimates in Panel A are positive across all specifications but statisti-

cally insignificant at conventional levels. However, their magnitude is economically relevant:

a one-standard-deviation increase in mechanization is associated with a 536-hectare increase

in the total planted area [= 0.193 × 2,781.98], about 12 percent of the average agricultural

expansion during the period.

Mechanization also appears to have increased sugarcane productivity, measured as out-

put per hectare. The results in Panel C indicate that a one-standard-deviation increase

in mechanization raised sugarcane yield by 9,507 tons per hectare [= 0.193 × 49,261.27].

However, these estimates are sensitive to specification choices and not always statistically

significant (columns 2–7). This suggests that mechanization primarily reallocated land and

labor rather than immediately improving farm-level efficiency.
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Table 4: First-Stage Results

Dep. Var.: Mechanization Index (Mj)
(1) (2) (3) (4) (5) (6)

Slope (Sj) -0.035*** -0.036*** -0.034*** -0.036*** -0.038*** -0.037***
(0.006) (0.006) (0.006) (0.006) (0.006) (0.006)

Standard controls Y Y Y Y Y Y
Education Y Y
Population density Y Y
Distance to roads Y Y
Soil suitability Y Y

1st Stage (MP F-stat.) 37.37 37.60 33.91 39.57 46.16 41.95

Notes: This table reports the first-stage estimates of land slope on mechanical harvesting adoption, captured

by λ in equation (3). All regressions control for the rural population share in 2000, log labor force in 2000,

and log sugarcane-planted area in 2003. Education controls include the shares of illiterate and skilled workers

in 2000. Population density is measured in 2000. Distance to roads is in logs. Soil suitability for sugarcane

comes from GAEZ/FAO. The unit of observation is the municipality (N = 393). Heteroskedasticity-robust

standard errors are in parentheses. Significance levels: ***p < 0.01, **p < 0.05, *p < 0.1.

To validate our identification strategy, we examine pre-existing trends in agricultural

outcomes. Column 8 reports the IV estimates of the relationship between mechanization

between 2000 and 2010 and changes in agricultural outcomes between 1991 and 2000, the

decade before mechanization. We find no systematic differences in pre-trends: the coefficients

are small and insignificant, suggesting that municipalities that mechanized more in the 2000s

followed similar paths in agricultural expansion in the previous decade. For example, the

pre-trend coefficient for the sugarcane planted area is 19.26, compared to the treatment

effect of 96.43 in our preferred specification. This supports the exclusion restriction of

our instrumental variable strategy, indicating that the relationship between land slope and

mechanization adoption does not simply reflect other potential confounding factors that

would lead to differential pre-existing trends in sugarcane expansion.

In sum, the findings in Table 5 validate two key assumptions: (i) mechanization expanded

sugarcane production by increasing the planted area, and (ii) there is no evidence of pre-

trends that would violate the exclusion restriction of our instrument.
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Table 5: Results – Agriculture and Land Use

∆2010− 2000 ∆2000− 1991

OLS IV IV IV IV IV IV Pre-trend
(1) (2) (3) (4) (5) (6) (7) (8)

Panel A: Total Planted Area
Mechanization Index (Mj) 1502.08 10084.10 5754.55 4425.24 8603.57 9810.42 2781.98 5147.45

(2496.09) (6759.85) (6743.75) (6557.16) (6411.50) (6701.29) (6538.54) (5379.05)
[-4101.77, 25340.60] [-8931.57, 20440.70] [-11412.30, 17666.50] [-4851.28, 22566.10] [-4252.54, 24934.70] [-12492.80, 15985.60] [-5714.76, 16861.60]

Panel B: Share of Sugarcane in Total Planted Area (%)
Mechanization Index (Mj) 30.99*** 127.11*** 108.78*** 112.80*** 120.95*** 117.45*** 96.43*** 19.26

(7.81) (23.58) (21.54) (23.00) (22.15) (21.47) (19.53) (17.36)
[86.97, 191.52] [70.39, 164.22] [70.00, 172.00] [81.47, 179.72] [79.20, 172.71] [58.54, 143.59] [-13.05, 59.81]

Panel C: Sugarcane Productivity
Mechanization Index (Mj) 12980.23 79221.33** 61542.91* 67276.66* 78690.06** 65464.91** 49261.27 -7801.69

(10674.35) (33847.90) (32717.96) (35742.61) (32920.18) (30255.34) (31064.08) (5562.50)
[148.62, 147572.00] [-17481.10, 125021.00] [-21883.30, 136623.00] [4391.59, 145168.00] [-5215.16, 124165.00] [-28228.10, 107071.00] [-21677.30, 2109.48]

Standard controls Y Y Y Y Y Y Y Y
Education Y Y Y
Population density Y Y Y
Distance to roads Y Y Y
Soil suitability Y Y Y

1st Stage (MP F-stat.) 37.56 39.11 36.34 39.79 46.37 44.52 45.06

Notes: This table reports estimates of mechanical harvesting adoption on agriculture and land use from PAM, captured by β in equation (2). Column

1 presents OLS estimates, while columns 2–8 present 2SLS estimates, using sugarcane field slope as an instrument for mechanical harvesting. Column

8 tests for pre-trends and reports outcomes from 1991–2000. Regressions 1–7 control for the rural population share in 2000, log labor force in 2000,

and log sugarcane-planted area in 2003. Education controls include the shares of illiterate and skilled workers in 2000. Population density is measured

in 2000. Regression 8 controls for the rural population share in 1991, log labor force in 1991, and log sugarcane-planted area in 2003, with education

and population density controls measured in 1991. Distance to roads is in logs. Soil suitability for sugarcane comes from GAEZ/FAO. The unit of

observation is the municipality (N = 393) for regressions 1–7 and the AMC (N = 352) for regression 8. Heteroskedasticity-robust standard errors are

in parentheses. The Anderson-Rubin confidence interval is in brackets. Significance levels: ***p < 0.01, **p < 0.05, *p < 0.1.
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5.2 Structural Transformation

Mechanization in agriculture often triggers structural transformation by shifting labor away

from farming toward industry and services. Table 6 presents the estimated effects of sugar-

cane mechanization on employment shares across sectors. The results indicate a large and

systematic labor reallocation, consistent with standard structural transformation patterns

documented in the literature (e.g., Bustos et al., 2016).

Panel A of Table 6 shows that mechanization reduced the agricultural employment share.

The preferred IV estimate (column 7) suggests that a one-standard-deviation increase in

mechanization lowered agricultural employment by 3.03 percentage points [= 0.193 × 0.157],

accounting for 84 percent of the sector’s total employment decline between 2000 and 2010.

In contrast, Panel B shows a corresponding increase in manufacturing employment, with

a one-standard-deviation increase in mechanization raising the sector’s employment share

by 3.45 percentage points [= 0.193 × 0.179], explaining 75 percent of its observed growth.

Meanwhile, Panel C finds no significant effects on the services sector.

To understand how mechanization reshaped labor demand, we turn to Table 7. The

primary driver of structural transformation appears to be a decline in unskilled employment

in agriculture. Panel A of Table 7 shows that mechanization significantly increased the

skilled-unskilled employment ratio in agriculture. The preferred IV estimate (column 7)

suggests that a one-standard-deviation increase in mechanization raised the skilled-unskilled

ratio by 25 percent relative to the average change over the period [= 0.193 × 0.234 / 0.181].

Table A2 further shows that the decline in the use of unskilled workers in agriculture largely

explains the observed decline in agricultural employment.4

In contrast, worker composition in manufacturing and services remained unchanged.

Panel B of Table 7 shows that the increase in manufacturing employment did not alter

the sector’s skill distribution, suggesting that displaced agricultural workers were absorbed

into existing roles. Panel C finds no effect on the skill composition of the services sector.

In sum, Tables 6 and 7 provide strong evidence that mechanization drove structural

transformation by displacing unskilled agricultural workers into manufacturing.

5.3 Linked Industries

Taken together, the results so far align with standard structural transformation models,

where labor-saving technological change in agriculture releases workers who transition into

industry (Bustos et al., 2016). However, the fact that only the manufacturing sector ab-

4Tables A3 and A4 confirm the robustness of these findings under alternative definitions of skilled and
unskilled workers.
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Table 6: Results – Employment Share

OLS IV IV IV IV IV IV
(1) (2) (3) (4) (5) (6) (7)

Panel A: Agricultural sector
Mechanization Index (Mj) 0.005 -0.173*** -0.171*** -0.185*** -0.172*** -0.146*** -0.157***

(0.017) (0.056) (0.054) (0.061) (0.055) (0.051) (0.053)
[-0.345, -0.086] [-0.331, -0.088] [-0.381, -0.091] [-0.336, -0.087] [-0.295, -0.063] [-0.314, -0.075]

Panel B: Manufacturing sector
Mechanization Index (Mj) -0.009 0.183*** 0.179*** 0.190*** 0.181*** 0.178*** 0.179***

(0.017) (0.058) (0.056) (0.062) (0.057) (0.054) (0.055)
[0.093, 0.364] [0.093, 0.354] [0.099, 0.395] [0.094, 0.354] [0.095, 0.342] [0.098, 0.352]

Panel C: Services sector
Mechanization Index (Mj) 0.018 0.033 0.041 0.045 0.034 0.022 0.037

(0.011) (0.035) (0.035) (0.036) (0.034) (0.032) (0.033)
[-0.034, 0.119] [-0.027, 0.127] [-0.022, 0.142] [-0.032, 0.115] [-0.041, 0.097] [-0.025, 0.121]

Standard controls Y Y Y Y Y Y Y
Education Y Y
Population density Y Y
Distance to roads Y Y
Soil suitability Y Y

1st Stage (MP F-stat.) 37.37 37.60 33.91 39.57 46.16 41.95

Notes: This table reports estimates of mechanical harvesting adoption on employment share by sector (as

indicated in the Panels), captured by β in equation (2). Column 1 presents OLS estimates, while columns

2–7 present 2SLS estimates, using sugarcane field slope as an instrument for mechanical harvesting. All

regressions control for the rural population share in 2000, log labor force in 2000, and log sugarcane-planted

area in 2003. Education controls include the shares of illiterate and skilled workers in 2000. Population den-

sity is measured in 2000. Distance to roads is in logs. Soil suitability for sugarcane comes from GAEZ/FAO.

The unit of observation is the municipality (N = 393). Heteroskedasticity-robust standard errors are in

parentheses. The Anderson-Rubin confidence interval is in brackets. Significance levels: ***p < 0.01, **p <

0.05, *p < 0.1.

sorbed labor suggests that the reallocation was not a broad shift across sectors but rather a

targeted expansion of industrial employment linked to agricultural mechanization. Table 8

investigates this channel by distinguishing between industries linked to agriculture – those

that use agricultural inputs in production – and non-linked industries.

Panel A of Table 8 shows that mechanization increased employment in manufactur-

ing industries linked to agriculture. The preferred IV estimate (column 7) suggests that

a one-standard-deviation increase in mechanization raised the employment share of linked

manufacturing industries by 3.51 percentage points [= 0.193 × 0.182], explaining 78 percent

of their observed growth. In contrast, Panel B shows negative point estimates and no signif-

icant effect on non-linked manufacturing industries, indicating that mechanization did not

drive a broad industrial expansion.

A similar pattern emerges in services. Panel C shows positive but statistically insignif-

icant point estimates for employment gains in services industries linked to agriculture. In

contrast, Panel D finds no effect on non-linked service industries, with point estimates sub-
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Table 7: Results – Skilled-unskilled ratio

OLS IV IV IV IV IV IV
(1) (2) (3) (4) (5) (6) (7)

Panel A: Agricultural sector
Mechanization Index (Mj) 0.027 0.267** 0.234** 0.319*** 0.264** 0.225** 0.234**

(0.039) (0.113) (0.114) (0.120) (0.111) (0.107) (0.112)
[0.057, 0.558] [0.022, 0.526] [0.115, 0.655] [0.058, 0.550] [0.026, 0.493] [0.034, 0.532]

Panel B: Manufacturing sector
Mechanization Index (Mj) 0.084 -0.304 -0.140 -0.264 -0.306 -0.370 -0.194

(0.112) (0.327) (0.338) (0.338) (0.322) (0.303) (0.313)
[-1.197, 0.253] [-1.009, 0.488] [-1.188, 0.338] [-1.186, 0.242] [-1.173, 0.145] [-1.000, 0.388]

Panel C: Services sector
Mechanization Index (Mj) 0.089 0.116 0.154 0.128 0.103 0.111 0.143

(0.103) (0.266) (0.273) (0.274) (0.263) (0.256) (0.268)
[-0.484, 0.674] [-0.441, 0.748] [-0.490, 0.702] [-0.491, 0.634] [-0.447, 0.649] [-0.441, 0.726]

Standard controls Y Y Y Y Y Y Y
Education Y Y
Population density Y Y
Distance to roads Y Y
Soil suitability Y Y

1st Stage (MP F-stat.) 37.37 37.60 33.91 39.57 46.16 41.95

Notes: This table reports estimates of mechanical harvesting adoption on skilled-unskilled workers ratio

by sector (as indicated in the Panels), captured by β in equation (2). Column 1 presents OLS estimates,

while columns 2–7 present 2SLS estimates, using sugarcane field slope as an instrument for mechanical

harvesting. All regressions control for the rural population share in 2000, log labor force in 2000, and log

sugarcane-planted area in 2003. Education controls include the shares of illiterate and skilled workers in

2000. Population density is measured in 2000. Distance to roads is in logs. Soil suitability for sugarcane

comes from GAEZ/FAO. The unit of observation is the municipality (N = 393). Heteroskedasticity-robust

standard errors are in parentheses. The Anderson-Rubin confidence interval is in brackets. Significance

levels: ***p < 0.01, **p < 0.05, *p < 0.1.

stantially smaller in magnitude than those in Panel C and often opposite in sign. This

suggests that linked services may have benefited from mechanization to some extent, even if

the estimates lack statistical precision.

Table 9 further examines whether mechanization altered worker composition in linked

sectors. Panel A shows that linked manufacturing industries absorbed displaced agricultural

workers without significantly changing their skill distribution, reinforcing the idea that these

industries primarily expanded by hiring unskilled workers released from agriculture. In con-

trast, Panels B and C show no significant changes in the skill composition of non-linked

manufacturing or service sectors, further ruling out a broad labor market shift beyond agri-

culture.

These findings suggest that mechanization reinforced linkages between agriculture and

manufacturing.5 The employment gains were concentrated in industries downstream from

5Table A5 and A6 confirm that these results are robust to an alternative definition of linked sectors,
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Table 8: Results – Employment share in linked industries

OLS IV IV IV IV IV IV
(1) (2) (3) (4) (5) (6) (7)

Panel A: Linked manufacturing sector
Mechanization Index (Mj) -0.009 0.190*** 0.182*** 0.198*** 0.188*** 0.185*** 0.182***

(0.016) (0.057) (0.054) (0.061) (0.056) (0.053) (0.054)
[0.102, 0.368] [0.098, 0.348] [0.108, 0.399] [0.102, 0.358] [0.103, 0.341] [0.103, 0.351]

Panel B: Non-linked manufacturing sector
Mechanization Index (Mj) -0.001 -0.010 -0.007 -0.010 -0.009 -0.008 -0.007

(0.005) (0.012) (0.013) (0.013) (0.012) (0.012) (0.012)
[-0.036, 0.017] [-0.034, 0.021] [-0.038, 0.018] [-0.035, 0.016] [-0.032, 0.017] [-0.034, 0.020]

Panel C: Linked services sector
Mechanization Index (Mj) 0.018** 0.039 0.038 0.046* 0.039 0.031 0.036

(0.008) (0.026) (0.025) (0.027) (0.025) (0.024) (0.024)
[-0.009, 0.106] [-0.009, 0.101] [-0.002, 0.121] [-0.008, 0.104] [-0.014, 0.090] [-0.009, 0.097]

Panel D: Non-linked services sector
Mechanization Index (Mj) -0.001 -0.006 0.003 -0.001 -0.005 -0.009 0.002

(0.007) (0.024) (0.024) (0.025) (0.023) (0.022) (0.023)
[-0.057, 0.045] [-0.047, 0.056] [-0.055, 0.054] [-0.055, 0.045] [-0.057, 0.038] [-0.046, 0.054]

Standard controls Y Y Y Y Y Y Y
Education Y Y
Population density Y Y
Distance to roads Y Y
Soil suitability Y Y

1st Stage (MP F-stat.) 37.37 37.60 33.91 39.57 46.16 41.95

Notes: This table reports estimates of mechanical harvesting adoption on employment share by linked

sector (as indicated in the Panels), captured by β in equation (2). Column 1 presents OLS estimates,

while columns 2–7 present 2SLS estimates, using sugarcane field slope as an instrument for mechanical

harvesting. All regressions control for the rural population share in 2000, log labor force in 2000, and log

sugarcane-planted area in 2003. Education controls include the shares of illiterate and skilled workers in

2000. Population density is measured in 2000. Distance to roads is in logs. Soil suitability for sugarcane

comes from GAEZ/FAO. The unit of observation is the municipality (N = 393). Heteroskedasticity-robust

standard errors are in parentheses. The Anderson-Rubin confidence interval is in brackets. Significance

levels: ***p < 0.01, **p < 0.05, *p < 0.1.

agriculture, which benefited from cheaper, larger-scale agricultural inputs. This pattern

is distinct from standard structural transformation (e.g., Matsuyama, 1992), where labor

shifts broadly from agriculture into manufacturing and services. Instead, mechanization

industrialized the agricultural sector’s supply chain by strengthening its connections to agro-

industrial manufacturing.

5.4 Economy-wide Effects

We now assess whether this transformation had broader local economic effects. Table 10

examines the impact of mechanization on key economy-wide outcomes, including household

income, poverty, unemployment, and child labor.

applying a 1% threshold for linkages instead of 0.1%.
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Table 9: Results – Skilled-unskilled ratio in linked industries

OLS IV IV IV IV IV IV
(1) (2) (3) (4) (5) (6) (7)

Panel A: Linked manufacturing sector
Mechanization Index (Mj) 0.225* -0.195 -0.030 -0.125 -0.195 -0.224 -0.042

(0.135) (0.394) (0.375) (0.413) (0.390) (0.360) (0.360)
[-1.177, 0.538] [-0.934, 0.697] [-1.156, 0.677] [-1.168, 0.531] [-1.093, 0.446] [-0.882, 0.684]

Panel B: Non-linked manufacturing sector
Mechanization Index (Mj) -0.680* -0.130 -0.484 -0.119 -0.102 -0.349 -0.579

(0.354) (1.072) (1.057) (1.105) (1.063) (0.981) (0.998)
[-2.635, 2.036] [-3.038, 1.568] [-2.789, 2.201] [-2.501, 2.129] [-2.641, 1.633] [-3.068, 1.358]

Panel C: Linked services sector
Mechanization Index (Mj) 0.137 0.302 0.312 0.312 0.288 0.297 0.303

(0.157) (0.305) (0.366) (0.318) (0.301) (0.309) (0.361)
[-0.340, 0.991] [-0.456, 1.138] [-0.355, 1.054] [-0.345, 0.944] [-0.352, 0.995] [-0.454, 1.117]

Panel D: Non-linked services sector
Mechanization Index (Mj) 0.228 -0.207 -0.062 -0.176 -0.205 -0.165 -0.044

(0.214) (0.484) (0.482) (0.491) (0.471) (0.446) (0.459)
[-1.413, 0.732] [-1.189, 0.912] [-1.402, 0.777] [-1.342, 0.709] [-1.208, 0.702] [-1.116, 0.883]

Standard controls Y Y Y Y Y Y Y
Education Y Y
Population density Y Y
Distance to roads Y Y
Soil suitability Y Y

1st Stage (MP F-stat.) 37.37 37.60 33.91 39.57 46.16 41.95

Notes: This table reports estimates of mechanical harvesting adoption on skilled-unskilled workers ratio by

linked sector (as indicated in the Panels), captured by β in equation (2). Column 1 presents OLS estimates,

while columns 2–7 present 2SLS estimates, using sugarcane field slope as an instrument for mechanical

harvesting. All regressions control for the rural population share in 2000, log labor force in 2000, and log

sugarcane-planted area in 2003. Education controls include the shares of illiterate and skilled workers in

2000. Population density is measured in 2000. Distance to roads is in logs. Soil suitability for sugarcane

comes from GAEZ/FAO. The unit of observation is the municipality (N = 393). Heteroskedasticity-robust

standard errors are in parentheses. The Anderson-Rubin confidence interval is in brackets. Significance

levels: ***p < 0.01, **p < 0.05, *p < 0.1.

Mechanization increased household income per capita and reduced poverty. The pre-

ferred IV estimate in Panel A of Table 10 shows that a one-standard-deviation increase in

mechanization raised household income per capita by 32.4 BRL [= 0.193 × 167.954]. The

income gain is substantial, accounting for 19 percent larger income growth than average.

Similarly, Panel B shows that mechanization significantly reduced poverty rates, with a one-

standard-deviation increase in mechanization lowering the share of individuals living below

1.2 minimum wages by 2.7 percentage points [= 0.193 × 0.270 / 0.384], or 14 percent of the

baseline poverty rate (38.4%). These findings suggest that the industrialization of agriculture

generated income gains beyond the directly affected sectors.

Mechanization also lowered adult unemployment by 24 percent of the baseline unemploy-

ment rate (11.6%). Panel C shows that a one-standard-deviation increase in mechanization
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Table 10: Results – Economy-wide outcomes

OLS IV IV IV IV IV IV
(1) (2) (3) (4) (5) (6) (7)

Panel A: Household income per capita
Mechanization Index (Mj) 1.488 151.342** 154.861* 184.838** 150.552** 148.767** 167.954**

(31.786) (73.681) (79.428) (78.939) (72.980) (68.749) (77.932)
[8.388, 329.305] [0.758, 346.703] [37.935, 394.254] [8.958, 326.821] [15.384, 309.372] [22.925, 362.354]

Panel B: Poverty (< 1.2 MW)
Mechanization Index (Mj) -0.009 -0.327*** -0.288*** -0.323*** -0.316*** -0.304*** -0.270***

(0.022) (0.081) (0.073) (0.084) (0.079) (0.073) (0.068)
[-0.582, -0.202] [-0.510, -0.175] [-0.599, -0.201] [-0.556, -0.195] [-0.522, -0.191] [-0.476, -0.165]

Panel C: Unemployment Rate (16+)
Mechanization Index (Mj) -0.034*** -0.140*** -0.145*** -0.149*** -0.136*** -0.141*** -0.146***

(0.010) (0.032) (0.033) (0.035) (0.031) (0.030) (0.033)
[-0.236, -0.091] [-0.244, -0.093] [-0.262, -0.095] [-0.225, -0.086] [-0.229, -0.091] [-0.246, -0.095]

Panel D: Child Labor Rate (10-15)
Mechanization Index (Mj) 0.005 -0.090* -0.086 -0.090* -0.085* -0.088* -0.083

(0.016) (0.052) (0.054) (0.054) (0.051) (0.049) (0.051)
[-0.236, -0.005] [-0.238, 0.006] [-0.249, -0.002] [-0.224, 0.002] [-0.222, -0.004] [-0.223, 0.004]

Standard controls Y Y Y Y Y Y Y
Education Y Y
Population density Y Y
Distance to roads Y Y
Soil suitability Y Y

1st Stage (MP F-stat.) 37.52 37.66 34.04 39.78 46.46 42.14

Notes: This table reports estimates of mechanical harvesting adoption on economy-wide outcomes (as indi-

cated in the panels), captured by β in equation (2). Column 1 presents OLS estimates, while columns 2–7

present 2SLS estimates, using sugarcane field slope as an instrument for mechanical harvesting. All regres-

sions control for the rural population share in 2000, log labor force in 2000, and log sugarcane-planted area

in 2003. Education controls include the shares of illiterate and skilled workers in 2000. Population density

is measured in 2000. Distance to roads is in logs. Soil suitability for sugarcane comes from GAEZ/FAO.

The unit of observation is the municipality (N = 393). Heteroskedasticity-robust standard errors are in

parentheses. The Anderson-Rubin confidence interval is in brackets. Significance levels: ***p < 0.01, **p <

0.05, *p < 0.1.

lowered the unemployment rate by 2.82 percentage points [= 0.193 × 0.146]. These findings

indicate an overall improvement in labor market conditions.

Finally, Panel D examines the effects of mechanization on child labor, which is often used

in traditional sugarcane harvesting. While the point estimates suggest a decline in the share

of children aged 10–15 engaged in labor, the results are noisier and not always statistically

significant. A one-standard-deviation increase in mechanization is associated with a 1.6

percentage point reduction in child labor [= 0.193 × 0.083], but confidence intervals remain

wide. This suggests that while mechanization may have helped reduce child labor – possibly

by raising household incomes and decreasing reliance on child workers – the effect is less

precisely estimated than other economic indicators.

In sum, these results indicate that the industrialization of agriculture had meaningful
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positive effects on broader economic outcomes. Higher household incomes, lower poverty,

and reduced unemployment suggest that mechanization-driven structural transformation

was not merely a sectoral reallocation but a process that broadly improved local economic

conditions.

6 Conclusion

This paper shows that agricultural mechanization triggers structural transformation through

a specific pathway: labor reallocation to industries directly linked with agriculture. Sugar-

cane harvest mechanization in São Paulo reduced agricultural employment and increased

manufacturing jobs, but only in sectors connected to agriculture through input-output rela-

tionships. This selective reallocation pattern explains why agricultural productivity growth

sometimes fails to generate economy-wide industrialization.

Our findings reconcile competing views on agricultural development’s role in structural

transformation. While mechanization pushed workers out of farming, these workers moved

primarily to industries upstream or downstream from agriculture rather than diversifying

broadly across manufacturing. This pattern strengthens agro-industrial linkages rather than

transforming the entire industrial structure. Despite reduced agricultural employment, the

economic benefits remain substantial: higher household incomes, lower poverty rates, and

expanded agricultural production.

Environmental regulation catalyzed this transformation by making pre-harvest burning

nonviable and effectively mandating mechanical harvesting. Unlike concerns that environ-

mental restrictions impede economic development, our results show that regulation can trig-

ger technological upgrading that benefits local economies while reducing pollution. This

suggests an important complementarity between environmental and development policies in

contexts where regulation drives the adoption of more advanced technologies. These findings

highlight how carefully designed environmental policies can shape sectoral reallocations that

support ecological and economic objectives.
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Appendix

A Appendix Figures and Tables

Table A1: Summary Statistics of Control Variables

(1)
Mechanization Index (Mj) 0.442

(0.193)

Workforce in 2000 19041.452
(45281.167)

Share of rural population in 2000 0.172
(0.120)

Planted area in 2000 8318.284
(10783.880)

Illiteracy rate in 2000 0.072
(0.026)

Skilled rate in 2000 0.242
(0.063)

Population density in 2000 0.037
(0.027)

Distance to roads 0.786
(0.900)

Delta soil suitability 7520.677
(347.501)

Notes: This table displays the summary statistics – mean and standard deviations (in parenthesis) – for our

explanatory and control variables. The unit of observation is the municipality (N = 393).
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Table A2: Results – Unskilled employment share

OLS IV IV IV IV IV IV
(1) (2) (3) (4) (5) (6) (7)

Panel A: Agricultural sector
Mechanization Index (Mj) 0.012 -0.232*** -0.220*** -0.246*** -0.229*** -0.196*** -0.202***

(0.021) (0.072) (0.068) (0.077) (0.070) (0.065) (0.067)
[-0.450, -0.121] [-0.423, -0.114] [-0.495, -0.127] [-0.437, -0.121] [-0.383, -0.091] [-0.407, -0.098]

Panel B: Manufacturing sector
Mechanization Index (Mj) -0.004 0.221*** 0.210*** 0.225*** 0.218*** 0.216*** 0.208***

(0.018) (0.064) (0.061) (0.067) (0.062) (0.059) (0.060)
[0.128, 0.426] [0.120, 0.402] [0.126, 0.452] [0.127, 0.413] [0.124, 0.396] [0.120, 0.400]

Panel C: Services sector
Mechanization Index (Mj) 0.016 0.033 0.036 0.049 0.034 0.023 0.037

(0.012) (0.036) (0.036) (0.038) (0.035) (0.034) (0.035)
[-0.037, 0.119] [-0.034, 0.122] [-0.022, 0.150] [-0.034, 0.119] [-0.042, 0.102] [-0.027, 0.126]

Standard Y Y Y Y Y Y Y
Education Y Y
Population density Y Y
Distance to roads Y Y
Soil suitability Y Y

1st Stage (MP F-stat.) 37.37 37.60 33.91 39.57 46.16 41.95

Notes: This table reports estimates of mechanical harvesting adoption on unskilled employment share by

sector (as indicated in the Panels), captured by β in equation (2). Column 1 presents OLS estimates,

while columns 2–7 present 2SLS estimates, using sugarcane field slope as an instrument for mechanical

harvesting. All regressions control for the rural population share in 2000, log labor force in 2000, and log

sugarcane-planted area in 2003. Education controls include the shares of illiterate and skilled workers in

2000. Population density is measured in 2000. Distance to roads is in logs. Soil suitability for sugarcane

comes from GAEZ/FAO. The unit of observation is the municipality (N = 393). Heteroskedasticity-robust

standard errors are in parentheses. The Anderson-Rubin confidence interval is in brackets. Significance

levels: ***p < 0.01, **p < 0.05, *p < 0.1.
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Table A3: Robustness College – Skilled-unskilled ratio

OLS IV IV IV IV IV IV
(1) (2) (3) (4) (5) (6) (7)

Panel A: Agricultural sector
Mechanization Index (Mj) 0.027 0.267** 0.271** 0.319*** 0.264** 0.225** 0.274**

(0.039) (0.113) (0.116) (0.120) (0.111) (0.107) (0.116)
[0.057, 0.558] [0.055, 0.571] [0.115, 0.655] [0.058, 0.550] [0.026, 0.493] [0.067, 0.591]

Panel B: Manufacturing sector
Mechanization Index (Mj) 0.084 -0.304 -0.198 -0.264 -0.306 -0.370 -0.243

(0.112) (0.327) (0.312) (0.338) (0.322) (0.303) (0.297)
[-1.197, 0.253] [-1.026, 0.358] [-1.188, 0.338] [-1.186, 0.242] [-1.173, 0.145] [-1.030, 0.285]

Panel C: Services sector
Mechanization Index (Mj) 0.089 0.116 0.209 0.128 0.103 0.111 0.180

(0.103) (0.266) (0.262) (0.274) (0.263) (0.256) (0.259)
[-0.484, 0.674] [-0.362, 0.780] [-0.490, 0.702] [-0.491, 0.634] [-0.447, 0.649] [-0.384, 0.744]

Standard Y Y Y Y Y Y Y
Education Y Y
Population density Y Y
Distance to roads Y Y
Soil suitability Y Y

1st Stage (MP F-stat.) 37.37 37.88 33.91 39.57 46.16 42.74

Notes: This table reports estimates of mechanical harvesting adoption on skilled-unskilled workers ratio by

sector (as indicated in the Panels), captured by β in equation (2). Differently from Table 7, we classified

skilled workers as those with at least a college degree. Column 1 presents OLS estimates, while columns 2–7

present 2SLS estimates, using sugarcane field slope as an instrument for mechanical harvesting. All regres-

sions control for the rural population share in 2000, log labor force in 2000, and log sugarcane-planted area

in 2003. Education controls include the shares of illiterate and skilled workers in 2000. Population density

is measured in 2000. Distance to roads is in logs. Soil suitability for sugarcane comes from GAEZ/FAO.

The unit of observation is the municipality (N = 393). Heteroskedasticity-robust standard errors are in

parentheses. The Anderson-Rubin confidence interval is in brackets. Significance levels: ***p < 0.01, **p <

0.05, *p < 0.1.
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Table A4: Robustness Middle School – Skilled-unskilled ratio

OLS IV IV IV IV IV IV
(1) (2) (3) (4) (5) (6) (7)

Panel A: Agricultural sector
Mechanization Index (Mj) 0.027 0.267** 0.222* 0.319*** 0.264** 0.225** 0.237**

(0.039) (0.113) (0.113) (0.120) (0.111) (0.107) (0.114)
[0.057, 0.558] [0.011, 0.514] [0.115, 0.655] [0.058, 0.550] [0.026, 0.493] [0.034, 0.541]

Panel B: Manufacturing sector
Mechanization Index (Mj) 0.084 -0.304 -0.327 -0.264 -0.306 -0.370 -0.333

(0.112) (0.327) (0.321) (0.338) (0.322) (0.303) (0.312)
[-1.197, 0.253] [-1.180, 0.245] [-1.188, 0.338] [-1.186, 0.242] [-1.173, 0.145] [-1.160, 0.222]

Panel C: Services sector
Mechanization Index (Mj) 0.089 0.116 0.118 0.128 0.103 0.111 0.118

(0.103) (0.266) (0.274) (0.274) (0.263) (0.256) (0.269)
[-0.484, 0.674] [-0.478, 0.715] [-0.490, 0.702] [-0.491, 0.634] [-0.447, 0.649] [-0.468, 0.703]

Standard Y Y Y Y Y Y Y
Education Y Y
Population density Y Y
Distance to roads Y Y
Soil suitability Y Y

1st Stage (MP F-stat.) 37.37 36.51 33.91 39.57 46.16 40.94

Notes: This table reports estimates of mechanical harvesting adoption on skilled-unskilled workers ratio

by sector (as indicated in the Panels), captured by β in equation (2). Differently from Table 7, we classi-

fied skilled workers as those with at least a completed middle school. Column 1 presents OLS estimates,

while columns 2–7 present 2SLS estimates, using sugarcane field slope as an instrument for mechanical

harvesting. All regressions control for the rural population share in 2000, log labor force in 2000, and log

sugarcane-planted area in 2003. Education controls include the shares of illiterate and skilled workers in

2000. Population density is measured in 2000. Distance to roads is in logs. Soil suitability for sugarcane

comes from GAEZ/FAO. The unit of observation is the municipality (N = 393). Heteroskedasticity-robust

standard errors are in parentheses. The Anderson-Rubin confidence interval is in brackets. Significance

levels: ***p < 0.01, **p < 0.05, *p < 0.1.
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Table A5: Robustness Linked Sectors – Employment share

OLS IV IV IV IV IV IV
(1) (2) (3) (4) (5) (6) (7)

Panel A: Linked manufacturing sector
Mechanization Index (Mj) -0.021 0.187*** 0.164*** 0.184*** 0.183*** 0.176*** 0.157***

(0.015) (0.059) (0.055) (0.060) (0.057) (0.054) (0.052)
[0.101, 0.376] [0.084, 0.339] [0.096, 0.386] [0.100, 0.366] [0.097, 0.344] [0.081, 0.323]

Panel B: Non-linked manufacturing sector
Mechanization Index (Mj) 0.009 -0.012 0.005 -0.003 -0.009 -0.005 0.012

(0.008) (0.022) (0.021) (0.022) (0.021) (0.021) (0.020)
[-0.066, 0.029] [-0.046, 0.047] [-0.056, 0.041] [-0.060, 0.033] [-0.054, 0.035] [-0.035, 0.053]

Panel C: Linked services sector
Mechanization Index (Mj) 0.011 0.017 0.018 0.020 0.016 0.012 0.015

(0.008) (0.022) (0.022) (0.023) (0.021) (0.020) (0.021)
[-0.024, 0.073] [-0.023, 0.072] [-0.020, 0.083] [-0.023, 0.071] [-0.026, 0.063] [-0.024, 0.069]

Panel D: Non-linked services sector
Mechanization Index (Mj) 0.006 0.016 0.023 0.025 0.017 0.010 0.022

(0.008) (0.027) (0.026) (0.027) (0.026) (0.025) (0.025)
[-0.040, 0.076] [-0.032, 0.083] [-0.031, 0.091] [-0.037, 0.074] [-0.042, 0.064] [-0.029, 0.081]

Standard Y Y Y Y Y Y Y
Education Y Y
Population density Y Y
Distance to roads Y Y
Soil suitability Y Y

1st Stage (MP F-stat.) 37.37 37.60 33.91 39.57 46.16 41.95

Notes: This table reports estimates of mechanical harvesting adoption on employment share by linked sector

(as indicated in the Panels), captured by β in equation (2). Differently from Table 8, we use an alternative

definition of linked sectors, applying a 1% threshold for linkages instead of 0.1%. Column 1 presents OLS

estimates, while columns 2–7 present 2SLS estimates, using sugarcane field slope as an instrument for

mechanical harvesting. All regressions control for the rural population share in 2000, log labor force in 2000,

and log sugarcane-planted area in 2003. Education controls include the shares of illiterate and skilled workers

in 2000. Population density is measured in 2000. Distance to roads is in logs. Soil suitability for sugarcane

comes from GAEZ/FAO. The unit of observation is the municipality (N = 393). Heteroskedasticity-robust

standard errors are in parentheses. The Anderson-Rubin confidence interval is in brackets. Significance

levels: ***p < 0.01, **p < 0.05, *p < 0.1.
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Table A6: Robustness Linked Sectors – Unskilled Employment Share

OLS IV IV IV IV IV IV
(1) (2) (3) (4) (5) (6) (7)

Panel A: Linked manufacturing sector
Mechanization Index (Mj) -0.023 0.205*** 0.176*** 0.200*** 0.200*** 0.192*** 0.167***

(0.017) (0.062) (0.057) (0.063) (0.060) (0.057) (0.054)
[0.114, 0.405] [0.092, 0.354] [0.108, 0.412] [0.112, 0.388] [0.109, 0.370] [0.088, 0.340]

Panel B: Non-linked manufacturing sector
Mechanization Index (Mj) 0.017** 0.010 0.025 0.016 0.012 0.017 0.031

(0.008) (0.021) (0.022) (0.022) (0.021) (0.020) (0.021)
[-0.039, 0.055] [-0.022, 0.072] [-0.031, 0.063] [-0.035, 0.056] [-0.027, 0.059] [-0.012, 0.078]

Panel C: Linked services sector
Mechanization Index (Mj) 0.013 0.020 0.022 0.027 0.021 0.016 0.022

(0.008) (0.023) (0.024) (0.025) (0.023) (0.022) (0.023)
[-0.023, 0.081] [-0.022, 0.083] [-0.018, 0.095] [-0.022, 0.080] [-0.025, 0.071] [-0.019, 0.082]

Panel D: Non-linked services sector
Mechanization Index (Mj) 0.003 0.012 0.014 0.022 0.014 0.007 0.015

(0.008) (0.027) (0.026) (0.027) (0.026) (0.025) (0.025)
[-0.043, 0.070] [-0.042, 0.071] [-0.033, 0.086] [-0.041, 0.070] [-0.047, 0.061] [-0.038, 0.072]

Standard Y Y Y Y Y Y Y
Education Y Y
Population density Y Y
Distance to roads Y Y
Soil suitability Y Y

1st Stage (MP F-stat.) 37.37 37.60 33.91 39.57 46.16 41.95

Notes: This table reports estimates of mechanical harvesting adoption on skilled-unskilled workers ratio

by linked sector (as indicated in the Panels), captured by β in equation (2). Differently from Table 9,

we use an alternative definition of linked sectors, applying a 1% threshold for linkages instead of 0.1%.

Column 1 presents OLS estimates, while columns 2–7 present 2SLS estimates, using sugarcane field slope

as an instrument for mechanical harvesting. All regressions control for the rural population share in 2000,

log labor force in 2000, and log sugarcane-planted area in 2003. Education controls include the shares of

illiterate and skilled workers in 2000. Population density is measured in 2000. Distance to roads is in logs.

Soil suitability for sugarcane comes from GAEZ/FAO. The unit of observation is the municipality (N = 393).

Heteroskedasticity-robust standard errors are in parentheses. The Anderson-Rubin confidence interval is in

brackets. Significance levels: ***p < 0.01, **p < 0.05, *p < 0.1.
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