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Abstract

This study examines the effects of a commodities’ trade shock on the agricultural sector.
I estimate the impacts of the increased Chinese demand for commodities on land use, tech-
nology adoption and agricultural productivity in Brazil. Using municipality-level data from
the Brazilian Agricultural Census, I identify the effects of the increased export demand from
China on local agricultural outcomes with a shift-share instrument. I find that municipalities
more exposed to the Chinese demand growth experienced a persistently higher conversion
of pasture to cropland and a larger concentration of land ownership than municipalities
less exposed. I find no significant effect on the expansion of farmland area. Additionally,
these municipalities faced a lower increase in the use of agricultural inputs and a long-term
rise on cattle ranching productivity, relative to regions less specialized in the production of
commodities demanded by China.

Keywords: Agricultural sector, Trade shock, Brazil
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1 Introduction

Agriculture represents an important part of several economies, especially due to its close
connection with other sectors, for instance, through the provision of inputs and the accumu-
lation of savings that increase the capital supply for non-agricultural sectors.1 Consequently,
understanding how demand shocks impact the composition and development of the agricul-
ture sector is a fundamental issue, with implications to the whole economy. So what are
the effects of a commodities’ trade shock on the agricultural sector? What are the impacts
on agricultural productivity? Does it lead to an intensification or to the expansion of the
agricultural area?

In this paper, I study the effects of the increased export demand for commodities from
China on local agricultural outcomes in Brazil. To do so, I use municipality-level data from
the 1995, 2006 and 2017 Brazilian Agricultural Censuses to estimate the short-term (1995-
2006) and long-term (1995-2017) effects of the China Shock on several outcomes related to
land use, technology adoption and productivity. The empirical strategy compares the agri-
cultural sector of Brazilian municipalities with differential local exposure to the large and
unexpected growth in export demand from China, according to their initial specialization in
the production of each agricultural product. In other words, I compare municipalities that
have produced the most demanded agricultural goods by China – soybean is the leading
product – with regions whose production has been relatively less focused on these commodi-
ties.

In order to identify the effects of changes in the value of exports to China on the
agricultural sector, I employ a shift-share strategy. The instrument interacts the local share
of production – based on the municipality’s fraction of the national value of production –
with the predicted change in exports for every agricultural product exported from Brazil to
China, scaling by the agricultural land area of the municipality. The predicted change in
exports is “cleaned out” of world and Brazil-specific demand and supply shocks, reflecting
changes in the quantity demanded only due to Chinese features. The identifying assumption
is based on the exogeneity of the local shares (Goldsmith-Pinkham et al. (2018)).

I find that municipalities more exposed to the Chinese export shock experienced a
persistently higher conversion of pasture to cropland. Those in the 90th percentile of the

1Marden (2016) shows that higher agricultural surpluses in China led to higher savings that were used to
finance non-agricultural investment. Bustos et al. (2019) finds that an exogenous agricultural productivity
growth in Brazil reallocated capital from rural agricultural regions to the urban industrial and service sectors
financially connected to them. Additionally, based on the 2015 Brazilian Input-output table, agriculture and
forestry directly provide inputs to 37 out of 66 sectors, and is indirectly linked to all the sectors in the
economy.
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exposure to the China Shock faced an increase of 1.23 percentage points in the share of
cropland allocated to farmland in comparison with municipalities in the 10th percentile,
mostly compensated by a decrease of approximately 0.78 percentage point in the share of
pastures in farmland in the long-term. Moreover, I find that the municipalities more exposed
to the Chinese demand growth had no differential expansion of farmland area, but had a
long-term rise in land ownership concentration – measured by a Land Gini Index – relative
to municipalities less focused on the production of commodities demanded by China.

Regarding the agricultural productivity, results indicate a persistent increase in cattle
ranching productivity, but insignificant effects on crop and aggregate agricultural produc-
tivity in response to the higher Chinese demand. Moving a municipality from the 10th to
the 90th percentile of the exposure to the Chinese exports is accompanied by a 7.23 percent-
age points higher increase in cattle ranching productivity in the long term. Taken together,
these results point to a reallocation of land from the least productive cattle producers to crop
producers, which increases land concentration and cattle ranching productivity in locations
more affected by the China Shock.

The profound change in the pattern of commerce between Brazil and China in the last
two decades provides an opportunity to study the effects of a trade shock on the agricultural
sector for several reasons. First, the China Shock was large, characterized by a steep increase
in China’s participation in the total Brazilian exports, from 2.7% in 1995 to 21.9% in 2017
(Figure 1a). Second, this shock was characterized by a shift in the exports towards products
of the agricultural sector. Figure 1b shows that agricultural products jumped from 10.7% of
the Brazilian exports to China in 1995 to 43.1% in 2017, while the exports to the rest of the
world remained relatively stable around 10 to 15%. Third, Brazil’s large territory provides
variation in agricultural production due to the heterogeneity in local comparative advantages
to the growth of different crops. As a result, this variation in initial local specializations is
what allows the identification of the effects of a trade shock on the agricultural sector, since
the rising Chinese demand was not uniform across commodities. Finally, as Autor et al.
(2016) point out, China’s export growth was unexpected, driven by its own characteristics.
It indicates that trading partners’ behavior has not affected China’s trade policies, which
could threaten the identification of the effects of an exogenous trade shock. Moreover, farmers
expecting this large increase in demand from China could seriously threaten the identification
assumption.2 However, Brazil’s trade pattern with China is reassuring: in 1995, the baseline
year, 0.3% of the Brazilian exports were made by agricultural goods directed to China,

2Farmers expectations could affect their decision behavior regarding variables of interest – such as land
use and technology adoption – and the allocation of production among agricultural goods. This scenario
would be a threat to identification, since the identifying assumption is based on the exogeneity of the shares.
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remaining below 0.5% until 2000, and reaching 9.4% in 2017. Therefore, it is very unlikely
that farmers would be able to anticipate the intensity of the China’s rise when making crop
production decisions in 1995.

Figure 1: The evolution of Brazilian exports

Figure 1a: Share of China (total and agricultural/forest products) in the total exports of Brazil. Figure 1b:
Share of agricultural/forest products in exports to China and all other countries ex-China. The definition
of agricultural/forest products is from Concla-IBGE, which matches products from the Brazilian Agricul-
tural Census to their trade codes. It includes raw agricultural/forest products and products with minimal
processing. Sources: BACI-CEPII and Concla-IBGE.

This paper contributes in several ways to the existing literature. First, the literature
relating trade to land use usually looks at how the decision of farmers to switch from forest
to agricultural land is affected by local agricultural output prices – highly correlated with
international prices – (e.g Barbier and Burgess (1996), Angelsen et al. (1999), Hargrave and
Kis-Katos (2013) and Assunção et al. (2015)) and changes in trade value (e.g. López and
Galinato (2005) and Leblois et al. (2017)). In a more recent study using cross-country panel
data, Abman and Lundberg (2020) find that net agricultural land conversion and defor-
estation increase after a trade liberalization resulted from the enactment of regional trade
agreements. These results are mostly driven by developing countries in the tropics. My
study, differently from the previous ones, uses plausible exogenous variation in the quantity
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of agricultural commodities demanded by China to identify the effects of large changes in
export value on land use. This paper finds that the increased Chinese demand did not induce
an expansion of farmland, which may be interpreted as evidence of no significant effect on
deforestation.3 Instead, I find that these regions experienced a persistent conversion of pas-
ture to cropland, providing evidence on the causes of pasture to cropland conversion in Brazil
(e.g. Lapola et al. (2010) and Bragança (2018)). This finding is also related to Fajgelbaum
and Redding (2018), that demonstrate how the increased access to the international mar-
kets affected the composition of the production within the agricultural sector in Argentina
between 1869 and 1910 towards cereals and refrigerated meat. In the recent Brazilian case,
I find that land was allocated from cattle to crop production in the regions more exposed to
the Chinese demand, reinforcing local comparative advantages.

Second, the paper investigates the effects of trade on technology adoption. Bustos
(2011) introduces a stylized trade model with technology choice and firm heterogeneity,
and shows evidence that trade liberalization, due to a regional free trade agreement in
Argentina, induced firms to upgrade technology through higher export revenues. Bloom
et al. (2016) finds that the increased Chinese import competition faced by European firms
induces technical change through within-firm – innovation and switching product mix –
and between-firm channels – increase in aggregate technology from reallocating employment
to more technologically advanced firms. The agricultural literature focuses on how trade
liberalization, through agricultural inputs prices (e.g. Williams and Shumway (2000) and
Dasgupta et al. (2001)), and changes in trade costs (e.g. Suri (2011) and Porteous (2020))
affect technology adoption. In contrast, the empirical strategy in this paper is closer to the
approach of estimating the effects of increased revenues and product selection – according to
the most demanded commodities by China – on capital reallocation and technical change.
However, I find a negative effect on the use of agricultural inputs as a result of the export
demand shock, despite the higher revenues and the reallocation of land to a more capital
intensive activity (crop cultivation).

Third, this paper contributes to the effects of increased trade integration on agricultural
productivity. Costinot and Donaldson (2016) develop a generalization of the Ricardian model
with heterogeneous factors (land) that are allocated to each crop, according to their local
comparative advantage. Relying on agronomic data of predicted output per crop, they infer
that the productivity gains from economic integration among US agricultural markets were
historically as relevant as the gains from improvements in agricultural technology. Using
similar data of counterfactual crop productivities, Sotelo (forthcoming) develops a model to

3Satellite data will be used to look directly at deforestation in future work.
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analyze the extent to which trade frictions prevent farmers from specializing their production
according to local comparative advantages and using imported intermediate inputs, and the
implications to the low agricultural productivity in Peru. This framework also allows him to
simulate a counterfactual exercise evaluating the effects of a shock to international crop prices
on agricultural productivity. In this paper, I evaluate what are the agricultural productivity
gains of the increased trade integration between China and Brazil through a large demand
shock. I find no significant effect of the China Shock on crop productivity, but a positive
effect on cattle productivity. Combining both activities, I find a positive, but insignificant
effect on agricultural productivity in response to the higher Chinese demand.

Finally, this paper relates to the literature on the impacts of China’s emergence as a
global economic power. Although most works are focused on the effects of the increased
import competition and export demand from China on labour markets (e.g. Autor et al.
(2013), Pierce and Schott (2016a) and Costa et al. (2016)), there are papers analyzing a wide
range of topics, such as firms’ technical change (Bloom et al. (2016)), between and within-
firm reallocation (Iacovone et al. (2013)), provision of public services (Feler and Senses
(2017)) and mortality (Pierce and Schott (2016b)). However, the literature has devoted
little attention to the impacts of the China Shock on the agricultural sector.4 I intend to fill
this gap examining the effects of the Chinese export shock on land use, technology adoption
and productivity.

The remainder of the paper is organized as follows: Section 2 describes the main data
sources; Section 3 discusses the empirical strategy and identification with shift-share instru-
ments; and Section 4 presents the main results of the effects of the China Shock on the
Brazilian agricultural sector.

2 Data

2.1 Data Sources

The Brazilian Agricultural Census, from the Brazilian Institute of Geography and Statistics
(IBGE), provides the main data source regarding outcomes of the agricultural sector in
the municipality-level. The variation in outcomes between the 1995 and 2006 Agricultural
Censuses allows to evaluate a “short-term” effect of the China Shock, while changes between
the 1995 and 2017 Censuses measure the “long-term” effect. The Demographic Census of
1991 reports the set of baseline controls that will be used in the main specification. All
variables are detailed in Appendix A.1. Brazil’s general price index (IGP-DI) is used to

4Hillberry and Cheng (2018) examine few agricultural outcomes, and find an increase in total cropland
acres as the most relevant effect on the US agriculture.
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convert monetary values from all Agricultural Censuses to 2017 Brazilian reals.

The unit of observation in the main specifications is the municipality. However, since
the analysis covers several years, I define Minimum Comparable Areas (AMCs) – time-
consistent areas whose borders consider the foundation of new municipalities between 1970
and 2017 – based on Ehrl (2017). There were 5570 Brazilian municipalities in 2017 merged
into 3799 AMCs. However, to keep the same number of observations in all specifications,
the relevant sample is composed of 3647 AMCs with pasture area, cropland area, and the
number of dairy cattle different from zero in all Agricultural Censuses. For the remainder of
the paper, the AMCs are called municipalities. Reis et al. (2008) defines the time-consistent
microregions, a level of aggregation constructed by IBGE based on spatial and economic
proximity of municipalities, that will be used to estimate clustered standard errors in the
main specifications.5

The international trade data is from the BACI-CEPII database, which provides the
annual value of bilateral trade in goods classified at the 6-digit level of the Harmonized
System classification from 1995 to 2017. Values are denominated in thousand of current
US dollars, but are converted to thousand of 2017 US dollars using the GDP price deflator
from the US Bureau of Economic Analysis. To match the agricultural products reported in
the Census with the trade data, I apply the concordance from the Comissão Nacional de
Classificação (Concla-IBGE). Since this concordance only links raw agricultural products
to their trade codes6, I use the direct requirements coefficients from the IBGE’s Brazilian
Input-Output Table to account for the changes in the demand for processed goods. This
table indicates the dollar amount of an agricultural commodity necessary to produce one
dollar of the industry’s output. Hence, the change in the Chinese demand for the products
of an industry is multiplied by the table’s coefficient when linking to the exposure of a
municipality to a specific agricultural commodity. For instance, a one-dollar increase in the
demand of the biofuel industry results in a 0.38 dollars increase in the demand for sugarcane
that will be distributed among all municipalities producing sugarcane, according to their
relative exposure. Table A1 presents the coefficients of the direct impact of each industry

5Ehrl (2017) does not take into account the five municipalities created after 2010. I use the state laws that
define these new borders to define the time-consistent municipalities correctly, merging three AMCs into one.
Besides, I create a new AMC, since the dispute over a territory was solved before 1970. Therefore, from the
initial 3800 AMCs indicated by Ehrl (2017), I end up with 3799 AMCs after these modifications. To reconcile
the time-consistent municipalities and microregions from different sources, I merge two microregions if they
are assigned to different municipalities within the same AMC. All these issues are discussed in Appendix
A.2.

6Actually, the Concla concordance includes some products with minimal processing that use agricultural
commodities as inputs. However, it does not include all processed goods and does not indicate which raw
agricultural products are being used in the production of these processed products. So, I do not use this
concordance for processed goods.
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on specific agricultural products. After matching Census and trade data, I find that there
were 30 agricultural products whose Chinese demand changed between 1995 and the years
of 2006 and 2017.7

Lastly, the main issue with the 2006 and 2017 Agricultural Censuses data is the non-
disclosure policy: data are withheld to avoid disclosing individual farm data. For instance, if
one or two farms report the ownership of tractors, the total number of tractors is coded as (X)
for these municipalities. To deal with this problem, I adopted a set of procedures. A complete
description of all steps is presented in Appendix A.4. Briefly, I exploited that the non-
disclosed municipality data is included at a more aggregate level (microregion). Therefore,
if only one municipality within the microregion had its data non-disclosed, I am able to
recover the exact value of that variable. In all other cases, the difference between the value
of a variable in microregion and the sum of this variable among all disclosed municipalities
within the microregion is distributed equally across non-disclosed municipalities. For some
variables, even the microregions have non-disclosed data. In this case, I am not able to
make the approximation described above, and municipalities in which at least one variable
remains unidentified are removed from the sample. Then, from a relevant sample of 3647
municipalities, I use 3638 municipalities in the estimations.

2.2 Summary Statistics

To evaluate the effects of the increased export demand from China on the Brazilian agri-
cultural sector, I will construct a measure of the China Shock faced by each municipality
m:

XDmt =
∑
j

Vmj95

VBj95Am95

∆XBCjt (1)

where ∆XBCjt = XBCj,t − XBCj,95 is the change in Brazilian exports to China for product
j between 1995 and t (2006 or 2017); Vmj95 is the value of production of product j in
municipality m in 1995; and Am95 is the agricultural land area – the sum of cropland and
pastureland – in municipality m in 1995. The term Vmj95

VBj95Am95
is interpreted as the exposure of

7The value of production for each animal is not available in the 1995 Agricultural Census. A reasonable
assumption is to consider the value of cattle production as equal to the value of production of large animals
(cattle production represented 99.3% of the large animals’ production in 2006), and the difference between
the value of animal and large animals production as the value of production of swine and poultry (swine and
poultry accounted for 90.5% of this difference in 2006). Besides, I only consider coefficients higher than 0.02
in the direct requirements coefficients, so I avoid an arbitrary choice of how to split the change in demand
of an industry among “Other temporary crops”. A more detailed description of these concordances is found
in Appendix A.3.
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municipality m to a common national shock of demand for product j (∆XBCjt). Therefore,
XDmt is the change in the Chinese demand for municipality m’s agricultural products in
thousands of US dollars per square mile (sq mi) of agricultural land.8

Table 1 presents statistics of the distribution of XD. The average increase in export
demand from China received by a municipality was of US$2295 per sq mi of agricultural land
in the short-term, and US$18114 in the long-term. Table B1 reports summary statistics of
agricultural outcomes used in the main specifications, including the average among munic-
ipalities in the 1st and top deciles of the long-term XD17 distribution. Table B2 indicates
the three most-produced agricultural products in 1995: cattle products, swine and poultry
products and sugarcane. However, soybean – the fourth most produced commodity – was
by far the product that faced the largest increase in demand from China, accounting for
approximately 96% (US$20.3 billion) of the export growth between 1995 and 2017.

Table 1: The distribution of XD (in thousands of US dollars per sq mi of agricultural land)

Short-term XD06 Long-term XD17

10th percentile Mean 90th percentile 10th percentile Mean 90th percentile
-0.180 2.295 4.906 0.278 18.114 32.558

Sources: BACI-CEPII and 1995 Agricultural Census

3 Empirical Strategy

3.1 Main Specification

The empirical strategy consists in estimating the effects of the Chinese demand shock in the
agricultural sector, according to the following equation:

∆ymt = βXDmt +X ′mγ + εmt (2)

where ∆ymt is the change between 1995 and t (2006 or 2017) in a set of agricultural outcomes
in municipality m related to land use – the fraction of farmland allocated to cropland,
pastureland, and native vegetation, the proportion of farmland in the municipality’s area,
and Land Gini Index –; capital use – the number of tractors, the agricultural land with
irrigation, and spending on fertilizers and pesticides –; and productivity, measured as the
value of production per square mile. For variables measured as shares (between 0 and 1),
∆ymt is the change of the variables in level. Otherwise, ∆ymt is the change on the inverse

8To prevent the influence of outliers, the values above the 99th percentile and below 1st percentile of the
distribution of XD were replaced by the value of the observation at the 99th and 1st percentile, respectively.
This procedure is also done to the instrumental variables defined in equation 4.
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hyperbolic sine transformation (arsinh) of the variables.9 All agricultural outcomes are
detailed in Appendix A.1. Besides, I include a set of controls (X ′m) to allow for differential
trends for municipalities with different initial characteristics: literacy rate, the share of
rural population, the log of population density and log of income per capita in 1991. The
possibility that state-specific trends are driving the results is controlled with the introduction
of state fixed-effects. All regressions are weighted by the agricultural land area, defined as
the sum of pasture and cropland area, of each municipality in 1995, and standard errors are
clustered at the microregion-level to account for the potential correlation in outcomes among
geographically close locations.

3.2 Identification with Shift-Share Instruments

In order to identify the causal effect of the China Shock on the agricultural sector, we need to
consider the possibility of omitted factors that impact both the XD shock and the dependent
variables, especially those related to product-specific supply shocks. For instance, at the
same time that the exports of soybean to China began its upward trajectory, genetically
engineered soybean seeds were introduced in Brazil (Bustos et al. (2016)), which may also
affect capital/land allocation, and certainly, crop productivity. Another potential threat
to identification is the existence of world product-specific demand and supply shocks. In
this case, changes in product prices and quantities traded worldwide have also an impact
on the trade between Brazil and China. The baseline specification, however, assigns these
fluctuations to the China Shock, as if all changes in trade were caused only by China-specific
factors.

Following a similar procedure to Costa et al. (2016), a shift-share instrument will be
constructed to deal with these potential sources of endogeneity. The strategy employed
removes the influence of world- and Brazil-specific shocks in the observed changes in trade
between Brazil and China. To do so, I will first run the following auxiliary regression for all
countries except Brazil, weighted by the initial import values:

∆Ĩijt

Ĩij95

= αj + ψChina,j + υij (3)

where ∆Ĩijt

Ĩij95
is the growth rate in imports of product j by country i from all countries other

than Brazil between 1995 and t (2006 or 2017); αj is the product fixed-effect that captures the
world average growth of net-of-Brazil imports of product j (world-level shock); and ψChina,j

is a China-specific dummy that captures the deviation of the China import growth rate of
9This function is an approximation of the natural logarithm function, but well defined at zero.
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product j in comparison with αj. The estimated ψ̂t
China,j allows calculating the predicted

change in exports to China (∆̂XBCjt = XBCj95 ψ̂
t
China,j) induced by China-specific factors

between 1995 and t. Therefore, the instrument is constructed as follows:

ivXDit =
∑
j

Vij95

VBj95Ai95

∆̂XBCjt (4)

where ivXD06 and ivXD17 instrument XD06 and XD17, respectively.

Recent literature on shift-share instruments has developed a novel framework that states
clearly under which conditions the consistency of this IV estimator is ensured, allowing the
identification of causal effects. Borusyak et al. (2018) rely on the exogeneity of shocks to
industries (in my setting, agricultural products): assuming that there are a large number of
independent and as-good-as-randomly assigned shocks, the consistency of the estimator is
achieved. However, as one might note, the production of only 30 agricultural products was
affected by the change in exports from Brazil to China in the studied years, which makes
the assumption of a large number of shocks implausible to hold. Nevertheless, Goldsmith-
Pinkham et al. (2018) develop a framework in which shift-share instruments provide identifi-
cation through the exogenous variation of local exposures to common shocks, which does not
require a large number of products. Hence, in my setting, the orthogonality condition for
the instrument has its source on the exogeneity of the agricultural product shares (exposure)
relative to the outcome variables. Considering that soybean explained most of the change in
demand from China, a simplification of the identifying assumption states that the relatively
higher production of soybean in a municipality leads to differential changes in the outcomes
only through its impact on the endogenous China Shock XD.

4 Main Results
In this section, I present the effects of the China Shock on agricultural productivity, land
use and technology adoption. In every table, Columns (1) and (5) report the OLS results,
Columns (2) and (6) add state fixed effects and Columns (3) and (7) add the set of controls
described in the previous section to evaluate the short- and long-term effects, respectively.
All the analyses are based on the IV results with controls and state fixed effects, the preferred
specification. The IV short-term effects are reported in the Column (4) and the IV long-term
effects in the Column (8).
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4.1 Land Use

I examine the effects of the China Shock on land use decisions in Table 2. Panel A shows
that a US$1000 per sq mile of agricultural land increase in demand is associated with a 0.24
percentage point increase in the share of farmland allocated to cropland in the short run,
while Panel B indicates a decrease in land allocated to pastures of the same magnitude.
Panels C and D suggest that the increased Chinese demand has no statistically significant
impact on the share of land allocated to natural forests within farms, as well as an insignif-
icant effect on the share of the municipality area allocated for farms. Therefore, I do not
find evidence of the expansion of agricultural land in the short term – and potentially no
effect on deforestation.10 Instead, I find evidence suggesting that pastures were converted to
cropland.

The long-term results imply that these effects are persistent over time. Moving a mu-
nicipality from the 10th to the 90th percentile of the XD distribution is accompanied by
an increase of 1.23 percentage points in the share of cropland allocated to farmland, mostly
counterbalanced by a decrease of approximately 0.78 percentage point in the share of pas-
tures in farmland. Considering that 14.2% of Brazilian farmland was allocated for crop
production in 1995, this is a relevant change in land use. Moreover, Panels C and D reassure
the short-term trend, where I find no significant results of an expansion of agricultural land
to natural forests within farms or to the non-farmland area within the municipality.

Panel E indicates an increase in the concentration of land ownership. Measuring the
Land Gini Index from 0 to 100, the increased Chinese demand shock induces a long-term
increase of 0.52 points in the Land Gini Index of municipalities in the 90th percentile of the
distribution of XD in comparison to the ones in the 10th percentile.

Municipalities more exposed to the Chinese exports were mainly focused on soybean
production, the most demanded agricultural commodity by China. As expected, since these
regions have a natural comparative advantage in the production of soybean, it is relatively
more profitable for them to convert marginal pastureland to cropland. Additionally, it is
possible that the least productivity farms dedicated to cattle production were not able to pay
for the fixed costs of changing to crop production and entering the export market to China.
As a result, land was reallocated to crop producers, increasing land ownership concentration.

10If it is assumed that all the land that is not allocated to farmland is covered by forest, this result might
suggest that an increase in deforestation is not one of the effects of the higher Chinese exports.
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Table 2: The effects of the Chinese demand shock on Land Use
Short-term effect (1995-2006) Long-term effect (1995-2017)

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

Panel A: Share of cropland in farmland
XD 0.256∗∗∗ 0.208∗∗∗ 0.199∗∗∗ 0.240∗∗∗ 0.059∗∗∗ 0.043∗∗ 0.037∗∗ 0.038∗∗

(0.064) (0.072) (0.060) (0.078) (0.018) (0.020) (0.015) (0.015)
Panel B: Share of pastureland in farmland
XD -0.279∗∗∗ -0.178∗∗∗ -0.182∗∗∗ -0.243∗∗∗ -0.049∗∗∗ -0.027∗ -0.026∗∗ -0.024∗

(0.063) (0.068) (0.064) (0.088) (0.015) (0.016) (0.013) (0.013)
Panel C: Share of natural forests in farmland
XD 0.051 -0.004 0.015 0.024 0.001 -0.006 -0.001 -0.002

(0.050) (0.024) (0.023) (0.032) (0.009) (0.006) (0.005) (0.005)
Panel D: Share of farmland in municipality’s area
XD 0.103∗∗∗ 0.054∗ 0.041 0.070 0.011∗ 0.004 -0.000 0.001

(0.033) (0.032) (0.033) (0.050) (0.006) (0.009) (0.007) (0.007)
Panel E: Land Gini Index
XD 0.062∗∗ 0.076∗∗ 0.066∗∗ 0.043 0.020∗∗∗ 0.019∗∗∗ 0.017∗∗∗ 0.016∗∗∗

(0.026) (0.030) (0.030) (0.035) (0.005) (0.004) (0.004) (0.004)
N 3638 3638 3638 3638 3638 3638 3638 3638
State FE X X X X X X
Controls X X X X
KP F-Stat 47.1 1908.3

This table displays the estimation of equation (2) for outcomes related to land use (variables description
presented in Appendix A.1). Coefficients and standard errors are multiplied by 100, so coefficients represent
percentage point changes, approximately. Regressions are weighted by the agricultural area in 1995. Panels
A, B, C, D and E report the change of the variables in level. Columns (4) and (8) report IV estimates
using the instrument defined in equation (4). The set of controls are: literacy rate, the share of rural
population, the log of population density and log of income per capita in 1991. The unit of observation is the
municipality (as in Ehrl (2017)). Standard errors (in parentheses) are clustered in 403 microregions (as in
Reis et al. (2008)). ***p<.01, **p<.05, *p<.1. Sources: 1995, 2006 and 2017 Brazilian Agricultural Census,
1991 Demographic Census and BACI-CEPII.

4.2 Technology Adoption

I also analyze whether municipalities that were more exposed to the Chinese demand had a
differential change in the use of inputs in agricultural production. Table 3 presents the effects
on the spending of pesticides (Panel B) and fertilizers (Panel C) per sq mi of agricultural
land, on the share of agricultural land with irrigation (Panel D) and on the number of
tractors per sq mi of agricultural land (Panel E). To summarize these variables, I construct
a Technology Adoption Index equal to the sum of the four variables previously mentioned,
standardized to have mean zero and standard deviation of 1.

Panel A indicates no significant effect on technology adoption in the short term. Decom-
posing the index, it is possible to see insignificant effect of the increased Chinese demand on
pesticides and fertilizer expenditure, as well as on the share of agricultural land with irriga-
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tion. However, a US$1000 demand shock results on a 0.49 percentage point decrease in the
intensity of tractors use. As one might note, this effect is not large enough to characterize a
statistically significant negative effect on technology adoption in the short term.

Table 3: The effects of the Chinese demand shock on Technology Adoption
Short-term effect (1995-2006) Long-term effect (1995-2017)

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

Panel A: Technology Adoption Index
XD 0.012 -0.005 -0.005 -0.009 -0.001 -0.003∗∗∗ -0.004∗∗∗ -0.004∗∗∗

(0.012) (0.017) (0.015) (0.016) (0.001) (0.001) (0.001) (0.001)
Panel B: Spending on pesticides per sq mi of agricultural land
XD 1.810∗∗∗ 0.947 0.972 0.922 0.128∗∗ -0.004 -0.022 -0.051

(0.562) (0.764) (0.676) (0.681) (0.062) (0.060) (0.059) (0.056)
Panel C: Spending on fertilizers per sq mi of agricultural land
XD 0.003 -0.669 -0.560 -0.401 -0.182∗∗∗ -0.173∗∗∗ -0.151∗∗∗ -0.170∗∗∗

(0.465) (0.683) (0.595) (0.702) (0.039) (0.039) (0.039) (0.039)
Panel D: Share of agricultural land with irrigation
XD 0.011 0.016 0.013 -0.004 -0.001 0.001 -0.001 0.001

(0.007) (0.010) (0.009) (0.024) (0.002) (0.002) (0.002) (0.003)
Panel E: Number of tractors per sq mi of agricultural land
XD -0.312∗∗∗ -0.380∗∗ -0.434∗∗ -0.490∗∗ -0.018 -0.077∗∗∗ -0.099∗∗∗ -0.106∗∗∗

(0.103) (0.161) (0.192) (0.194) (0.017) (0.019) (0.023) (0.025)
N 3638 3638 3638 3638 3638 3638 3638 3638
State FE X X X X X X
Controls X X X X
KP F-Stat 47.1 1908.3

This table displays the estimation of equation (2) for outcomes related to technology adoption (variables
description presented in Appendix A.1). Coefficients and standard errors are multiplied by 100, so coefficients
represent percentage point changes, approximately. Regressions are weighted by the agricultural area in 1995.
Panels B, C and E report the change on the arsinh-transformed variables, while Panel A and D the change of
the variables in level. Columns (4) and (8) report IV estimates using the instrument defined in equation (4).
The set of controls are: literacy rate, the share of rural population, the log of population density and log of
income per capita in 1991. The unit of observation is the municipality (as in Ehrl (2017)). Standard errors
(in parentheses) are clustered in 403 microregions (as in Reis et al. (2008)). ***p<.01, **p<.05, *p<.1.
Sources: 1995, 2006 and 2017 Brazilian Agricultural Census, 1991 Demographic Census and BACI-CEPII.

In the long term, however, the higher export demand induced a reduction in the use of
inputs. Since there is no significant effect on pesticides and irrigation, this result is driven by
a less intensive use of fertilizers and tractors in the agricultural production. A municipality
in the 90th percentile of the XD distribution experienced a 5.49 percentage points decrease
in fertilizer expense and a 3.42 percentage points decline in the number of tractors per sq mi
of agricultural land in comparison with municipalities in the 10th percentile.

This long-term effect is quite surprising. The China Shock induced a reallocation of land
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toward crop production – a more capital-intensive activity – and the additional revenues
could potentially be channeled to the purchase of agricultural inputs. Both mechanisms
suggest an increase in capital use. Hence, this result requires further investigation. One
possibility is the existence of pre-trends. If municipalities more exposed to the Chinese
demand had a higher change in input use before 1995, and these same municipalities invested
proportionally less in the next period due to decreasing returns in the use of inputs, the
estimator would be negatively biased. In fact, Table B1 shows that municipalities in the
top decile of the long-term XD17 distribution were more intensive in the use of pesticides,
fertilizers and tractors than municipalities in the first decile in 1995. However, it is not
enough to guarantee the existence of pre-trends. To investigate it properly, data of previous
Agricultural Censuses are necessary, but are not currently available.

4.3 Agricultural Productivity

Finally, I investigate the effects of the increased demand from China on different measures
of agricultural productivity. Results are reported in Table 4. Panel A shows that there is no
significant effect on crop productivity, measured as the value of crop production per square
mile of cropland, both in the short and long term.

On the other hand, cattle productivity increased in municipalities facing the China
Shock. A US$1000 per sq mi of agricultural land demand shock results in a higher growth
of approximately 0.61 percentage points on the value of cattle production per sq mi of
pastureland (Panel B) in the short term. Another measure of cattle productivity is the
milk production (in liters) per head of dairy cattle (Panel C), which points to an additional
growth of 0.23 percentage point following a US$1000 increase in demand. This increase in
productivity persists over time. In the long term, a municipality in the 90th percentile of
the distribution of XD faced a 7.23 percentage points higher change in cattle productivity,
as compared to a municipality in the 10th percentile, and a 1.03 percentage point higher
growth in dairy cattle productivity.

When examining the effect on the aggregate agricultural productivity (Panel D), mea-
sured as the value of crop and cattle production per square mile of agricultural land, I find
a positive, but insignificant effect of the export demand shock from China in both the short
and long term.

The land use results might suggest what are the possible drivers of the agricultural
productivity results. The exit of the least productive cattle producers increases the average
cattle productivity among the remaining producers. Besides, this reallocation of land from
pasture to cropland would also point to higher agricultural productivity, since crop produc-
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tion is a more productive activity than cattle production on average (Table B1). However,
although I find a positive effect of the exports demand shock on agricultural productivity, it
is not statistically significant.

Table 4: The effects of the Chinese demand shock on Agricultural Productivity
Short-term effect (1995-2006) Long-term effect (1995-2017)

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

Panel A: Crop productivity
XD -0.582∗∗ -0.061 -0.071 0.103 -0.048 -0.026 -0.005 -0.022

(0.251) (0.258) (0.272) (0.315) (0.046) (0.057) (0.064) (0.059)
Panel B: Cattle productivity
XD 1.144∗∗∗ 0.734∗∗∗ 0.819∗∗∗ 0.605∗∗∗ 0.270∗∗∗ 0.233∗∗∗ 0.234∗∗∗ 0.224∗∗∗

(0.147) (0.135) (0.142) (0.224) (0.047) (0.036) (0.036) (0.035)
Panel C: Dairy cattle productivity
XD -0.099 0.103 0.187∗∗ 0.228∗∗ 0.030∗ 0.016 0.034∗∗ 0.032∗

(0.126) (0.075) (0.076) (0.092) (0.016) (0.015) (0.015) (0.016)
Panel D: Agricultural productivity
XD -0.077 -0.032 0.025 0.134 0.107∗ 0.063∗ 0.059∗ 0.041

(0.239) (0.200) (0.182) (0.214) (0.056) (0.034) (0.033) (0.032)
N 3638 3638 3638 3638 3638 3638 3638 3638
State FE X X X X X X
Controls X X X X
KP F-Stat 47.1 1908.3

This table displays the estimation of equation (2) for outcomes related to agricultural productivity (variables
description presented in Appendix A.1). Coefficients and standard errors are multiplied by 100, so coefficients
represent percentage point changes, approximately. Regressions are weighted by the agricultural area in 1995.
Panels A, B, C and D report the change on the arsinh-transformed variables. Columns (4) and (8) report
IV estimates using the instrument defined in equation (4). The set of controls are: literacy rate, the share of
rural population, the log of population density and log of income per capita in 1991. The unit of observation
is the municipality (as in Ehrl (2017)). Standard errors (in parentheses) are clustered in 403 microregions
(as in Reis et al. (2008)). ***p<.01, **p<.05, *p<.1. Sources: 1995, 2006 and 2017 Brazilian Agricultural
Census, 1991 Demographic Census and BACI-CEPII.

5 Conclusion

This paper analyzes the effects of the increased export demand from China on the agricul-
tural sector. Results point out to the China Shock leading to a persistent conversion of
pasture to cropland, insignificant effects on deforestation and an increase in land ownership
concentration. This is interpreted as a reallocation of land from the least productive cattle
producers to crop producers, which is a possible explanation for the increase in cattle produc-
tivity. However, I find a counterintuitive result regarding technology adoption. Despite the
higher revenues from exports and the reallocation of land toward crop production, munici-
palities more exposed to the Chinese demand experienced a lower increase in input use. This
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research requires further investigation in order to unveil what are the precise mechanisms
explaining these results.
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Appendices

A Data Appendix

This appendix describes how I matched the products from the Agricultural Census to the
trade data. Additionally, it indicates the assumptions that are required to deal with some
issues presented in the database.

A.1 Variables description

In this appendix, I describe all variables from the Brazilian Agricultural Census used in
the estimations. These variables are obtained from the IBGE’s data repository SIDRA (the
number of each table is indicated in parenthesis). If some variable has a different source,
I will clearly indicate it.11 I sum the data at the municipality-level to aggregate in time-
consistent municipalities (AMCs) as in Ehrl (2017). Area variables are reported in hectares,
but are converted to square miles after dividing the area by 259. Variables reported in
current Brazilian Reals are converted to 2017 Brazilian Reals using Brazil’s general price
index (IGP-DI).

Share of cropland in farmland: This variable is calculated as the area of land
used for the production of crops (1995 - Table 317 (sum of Lavouras permanentes, Lavouras
temporárias and Lavouras temporárias em descanso); 2006 - Table 1031 (Lavouras); 2017
- Table 6882 (sum of Lavouras - permanentes, Lavouras - temporárias and Lavouras - área
para cultivo de flores)) divided by the farmland area (Total : 1995 - Table 317; 2006 - Table
1249; 2017 - Table 6882).

Share of pastureland in farmland: This variable is calculated as the pasture area
(1995 - Table 317 (sum of Pastagens naturais and Pastagens plantadas ; 2006 - Tables 1031
(Pastagens); 2017 - Table 6882 (sum of Pastagens - naturais, Pastagens - plantadas em boas
condições and Pastagens - pastagens plantadas em más condições)) divided by the farmland
area (as described above).

Share of natural forests in farmland: This variable is calculated as the natural
forest area (1995 - Table 317; 2006 - Table 1249; 2017 - Table 6882) divided by the farmland
area (as described above).

Share of farmland in municipality’s area: This variable is calculated as the farm-
11I thank Dimitri Szerman for providing additional data to some variables of the 1995 Agricultural Census.

These variables are referenced to Assunçao et al. (2016).
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land area (as described above) divided by the municipalities’ area sourced from https://

www.ibge.gov.br/geociencias/organizacao-do-territorio/estrutura-territorial/

15761-areas-dos-municipios.html.

Land Gini Index: It is usually measured between 0 and 1, but I multiply it by 100
to facilitate the coefficient interpretation. Values closer to 100 mean a higher concentration
of land ownership. In order to aggregate data in time-consistent municipalities (AMCs), I
calculate the weighted (by farmland area) sum of the Land Gini Index across municipali-
ties within the same AMC. Available in https://ibge.gov.br/estatisticas/economicas/
agricultura-e-pecuaria/21814-2017-censo-agropecuario.html.

Spending on fertilizers per square mile of agricultural land: This variable is
calculated as the spending on pesticides in thousands of 2017 Brazilian reals (1995 - Assunçao
et al. (2016); 2006 - Table 833 (the sum of Adubos and Corretivos do solo; 2017 - Table 6900
(Adubos e corretivos)) divided by the agricultural land area in square miles (described above).

Spending on pesticides per square mile of agricultural land: This variable is
calculated as the spending on pesticides in thousands of 2017 Brazilian reals (Agrotóxicos :
1995 - Assunçao et al. (2016); 2006 - Table 833; 2017 - Table 6900) divided by the agricultural
land area in square miles (described above).

Number of tractors per square mile of agricultural land: This variable is calcu-
lated as the total number of tractors, owned or rented by the farmers (Número de Tratores :
1995 - 7Mn12; 2006 - Table 860; 2017 - Table 6869), divided by the total agricultural land
area in square miles (described above).

Share of agricultural land with irrigation: This variable is calculated as the total
irrigated area (Área irrigada: 1995 - Assunçao et al. (2016); 2006 - Table 1819; 2017 - Table
6859) divided by the total agricultural area (described above). To make the irrigated area
comparable over the censuses, it is necessary to subtract the irrigated area with manual
methods from the total irrigated area for the 2006 and 2017 censuses.

Crop productivity: This variable is calculated as the value of crop production in
thousands of 2017 Brazilian reals divided by the cropland area in square miles (described
above). The value of crop production is the sum of the value of production of temporary and
permanent crops, fruits and vegetables (Lavouras temporárias, permanentes e horticultura:
1995 - Tables 500, 513, 527; 2006 - Tables 819, 822, 1181; 2017 - Tables 6956, 6959, 6954).

Cattle productivity: This variable is calculated as the value of production of large
animals in thousands of 2017 Brazilian reals (Animal - de grande porte: 1995 - Table 10Mn;

12Source: https://ibge.gov.br/estatisticas/economicas/agricultura-e-pecuaria/
21814-2017-censo-agropecuario.html
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2006 - Table 836; 2017 - Table 6898) divided by the pastureland area in square miles (de-
scribed above). The value of cattle production is not available for all Censuses. However,
according to the 2006 Agricultural Census, the value of cattle production represents 99.3%
of the value of production of large animals.

Dairy cattle productivity: This variable is calculated as the milk production in liters
divided by the number of dairy cattle (Produção de leite de vaca e vacas ordenhadas : 1995
- Assunçao et al. (2016); 2006 - Table 932; 2017 - Table 6912).

Agricultural productivity: This variable is calculated as the sum of the value of
cattle and crop production divided by the agricultural land area in square miles (described
above).

Share of rural population: This variable is calculated as the total number of people
of any age living rural areas divided by the total population in the municipality from the
1991 Brazilian Demographic Census (Table 202).

Population density: This variable is calculated as the total population in the munic-
ipality from the 1991 Brazilian Demographic Census (Table 202) divided by the area of the
municipality in hectares (IBGE).

Literacy rate: This variable is calculated as the number of literate people 5 years or
older divided by the total population in the municipality 5 years or older from the 1991
Brazilian Demographic Census (Table 204).

Income per capita: The income per capita in 1991 comes from a sample of 25% of all
residences surveyed in the Brazilian Demographic Census at the individual-level. This sample
is representative of the whole population at the municipality-level (using the individual
weights). The income per capita in a municipality is calculated as the sum of the nominal
income from all sources of individuals between 10 and 60 years old with positive income,
divided by the number of individuals.

A.2 Data inconsistencies

In this subsection, I point out some inconsistencies in the databases used in this paper.

Minimum comparable areas (AMCs): Ehrl (2017) defines time-consistent AMCs,
whose boundaries take into account the foundation of new municipalities between 1980 and
2010 and allow the comparison of regions across different years. This classification presents
two issues. First, the municipality of Ataléia (Minas Gerais state) was merged with munic-
ipalities from the Espírito Santo state into one AMC. However, the dispute between Minas
Gerais and Espírito Santo was solved in the 1960s (Law 2.084/1964, Espírito Santo). Sec-
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ond, the classification does not cover the five municipalities created after 2010. One of them,
Paraíso das Águas, was created from parts of three different municipalities – Água Clara,
Costa Rica and Chapadão do Sul. As a result, three AMCs were merged into one. Since
time-consistent microregions are defined with a different source Reis et al. (2008), I merge
two microregions if they are assigned to different municipalities within the same AMC.

Agricultural products: I could not perform the concordance between two agricultural
products and the PRODLIST: tomato and mate. I have changed the PRODLIST code of
these products manually in order to match them to their respective trade codes.

Trade data: Beginning in the HS 2007, the following HS 1992 trade codes "530410,
530490, 530511, 530519, 530521, 530529, 530591 and 530599" were grouped into the 530500
code. Since the BACI-CEPII database reports the HS 1992 codes, the 530500 trade volume
in 2017 can be linked only to one HS 1992 code; the 530599 code was chosen. Note, however,
that Agave, in its raw (530410) and processed (530490) forms, was the only product exported
in 2006 (the last year before the methodology change). Therefore, I assume that the 530599
trade code represents Agave in 2017 (for 1995 and 2006, I only consider the 530410 code as
Agave, since the Concla concordance matches Agave only to its raw form).

A.3 Concordance between trade and Agricultural Census data

The concordance between the Agricultural Census data from IBGE to the trade data from
BACI-CEPII is the result of the following procedures:

Raw agricultural products: The Concla-IBGE provides a correspondence table link-
ing the agricultural products to a list of products (PRODLIST). Then, another classification
links the PROLIST data to the 2003 Nomenclatura Comum do Mercosul (NCM) trade codes.
The final step to match the products to the trade data is to remove the last two digits from
the NCM trade codes (this classification is more specific than the HS), and use the UN
Trade Statistics correspondence table between the HS 2002 and HS 1992 trade codes – the
BACI-CEPII trade data is classified in the 6-digit Harmonized System (HS) 1992 nomen-
clature. The Concla concordance includes some products with minimal processing that use
agricultural commodities as inputs. However, it does not include all processed goods and
does not indicate which raw agricultural products are being used in the production of these
processed products. So I will take an alternative approach to account for changes in the
demand for processed goods.

Goods that use agricultural products as input: Using the direct requirements
coefficients from the 2015 Brazilian Input-Output Table released by IBGE (Table 11 - Matriz

22



dos coeficientes técnicos dos insumos nacionais), I am able to account for the dollar amount
of an agricultural commodity necessary to produce one dollar of the industry’s output. For
instance, a one-dollar increase in the demand of the biofuel industry results in the use of
0.38 dollars of sugarcane (Table A1). I impose a threshold of 0.02 to the direct requirements
coefficients. This is not an arbitrary choice. Ignoring coefficients lower than this threshold
avoids an arbitrary choice of how to split the production of an industry among “Other
temporary crops”, since it is not possible to know which specific agricultural product is being
used as an input. The only exception is the case in which 0.39 dollar of “Other temporary
crops” is required to produce one dollar of the tobacco products industry. In this situation,
I assume that “Other temporary crops” means tobacco. To construct the contribution of
an industry to the China Shock, I multiply the change in the industries’ exports by their
respective input coefficients and by the local exposure to the agricultural inputs, summing
over all the inputs used in that industry. To link the Input-Output table industries to
the trade data, I use the international trade/national accounts correspondence table from
IBGE (Tradutor Nomenclatura Comum do Mercosul (NCM) - Comércio Exterior/Contas
Nacionais (2016)).

Table A1: Direct requirement table for agricultural products

Meat and
dairy Sugar Other food

products Beverage Tobacco
products Textile Biofuel

Cereals (ex-maize) - - 0.03 - - - -
Maize - - 0.03 - - - -
Cotton - - - - - 0.06 -
Sugarcane - 0.52 - 0.02 - - 0.38
Soybean - - 0.11 - - - 0.03
Tobacco - - - - 0.39 - -
Cattle 0.26 - - - - - -
Swine and Poultry 0.08 - - - - - -

Notes: Each coefficient represents the value of the row’s commodity necessary to the production of one dollar
of the column’s industry. Coefficients lower than 0.02 are represented by a dash (-).

Agricultural products linked to the trade data: Since the variables of interest are
related to agriculture, I do not consider the production of forest products. I only consider
crops and livestock production to calculate the exposure of each municipality to the trade
shock. Forest products are included just in the case that the same product can be produced
as a crop and as a forest product, such as the cashew nut. The value of production for each
animal is not available in the 1995 Agricultural Census. Therefore, in order to measure the
exposure to trade shocks I consider the “Large animals production” as the output value for
“Cattle” and the difference between “Animal production” and “Large animals production” as
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the value of production for “Swine and Poultry”. Based on the 2006 Agricultural Census,
this is a reasonable assumption. Cattle production represented 99.3% of the large animals’
production, while poultry and swine accounted for 90.5% of the difference in the value of
animal production and large animals’ production.

A.4 Non-disclosed data in the Agricultural Census

The main issue with the 2006 and 2017 Agricultural Census data is the non-disclosure policy:
data are withheld to avoid disclosing data for individual farms. For instance, if one or two
farms report the ownership of tractors, the total number of tractors is coded as (X) for these
municipalities. To deal with this problem, I adopted the following procedures:

1. The non-disclosed data is included at a more aggregate level. Then, if only one munic-
ipality within a microregion is coded as (X), I am able to calculate the precise value
of the variable in this municipality by subtracting the sum of all other municipalities
from the total value of the microregion.

2. Another way to find the value of a non-disclosed variable exploits the variable that can
be disaggregated into smaller parts. For instance, it is possible to find the irrigated
area using manual methods by subtracting the sum of irrigated areas using all other
methods from the total irrigated area. I repeat the first and second steps until I am
not able to disclose any more data.

3. The third step applies only to discrete variables, such as agricultural machinery. I
assume that the value of the non-disclosed observation is equal to the number of re-
spondents (one or two), and check whether the sum of the variable within a microregion
is equal to the total value of the variable in the microregion (again, this procedure re-
turns the exact value of the variable, not an estimation). If it is not the same value, I
keep the non-disclosed observations in that microregion as unidentified.

4. Subtract the sum of all disclosed municipalities from the total value of the variable
in the microregion. Then, I split this difference equally among the (two or more)
non-disclosed municipalities.

5. All municipalities that remained with variables coded as (X) for any variable are
dropped, as well as all the other municipalities on the same AMCs from the excluded
municipalities. There will still be municipalities with non-disclosed data if they are in
microregions whose data are also non-disclosed, impeding the approximation described
in the fourth step.
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B Additional Tables

Table B1: Summary Statistics

1995 2017

1st dec Mean 10th dec 1st dec Mean 10th dec

Share of cropland in farmland 14.33 15.70 28.32 12.65 20.51 43.27
Share of pastureland in farmland 52.72 55.11 42.78 48.21 47.69 28.88
Share of natural forests in farmland 26.46 23.53 23.61 32.85 25.63 23.42
Share of farmland in municipality’s area 68.55 71.93 75.54 61.16 68.03 74.80
Land Gini Index 0.76 0.73 0.71 0.80 0.77 0.77
Spending on pesticides per
sq mi of agricultural land

5.42 8.70 20.84 14.83 37.39 100.78

Spending on fertilizers per
sq mi of agricultural land

10.56 17.61 38.78 23.25 51.95 117.73

Share of agricultural land with irrigation 2.16 1.35 0.86 3.90 3.04 2.24
Number of tractors per
sq mi of agricultural land

0.43 0.93 1.73 0.65 1.59 2.49

Crop productivity 444.98 623.39 700.09 735.98 1028.24 1256.36
Cattle productivity 44.29 113.50 160.24 103.16 271.22 532.44
Dairy cattle productivity 658.21 1078.00 1359.95 1326.77 2062.09 2759.32
Agricultural productivity 187.08 239.10 356.61 232.35 475.60 874.68

This table displays the average value of all agricultural outcomes used in the specifications in 1995 and
2017, weighted by the agricultural land area in 1995. Additionally, it displays the weighted average among
municipalities in the 1st and top deciles of the long-term shock XD17 distribution.
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Table B2: Agricultural products exported from Brazil to China

Change in Exports to China (∆XBCj)
(Thousands of US$)

Between
1995-2006

Between
1995-2017

Share of the Agricultural
Production in 1995 (%)

Agave 21,812.3 10,680.7 0.02
Apple 36.6 0 0.45
Avocado 0 2.1 0.04
Banana 25.9 0 1.33
Bean 0 45.8 2.19
Cashew Nut -69.2 -66.2 0.13
Cattle 8,181.3 476,095.5 25.89
Cereals (ex-maize) -20,620.6 -13,732.7 4.07
Citron 110.3 0 0.0001
Coffee 596.6 10,309.6 5.31
Cotton 12,689.7 112,565.3 0.81
Garlic 40.2 0 0.10
Grape 171.9 0 0.60
Guava and Mango 0 3.0 0.37
Maize 0 2,707.2 6.96
Mandarin 127.2 0 0.18
Mate 1.2 25.4 0.15
Orange 14.8 0 2.06
Other root vegetables 17.5 0 0.12
Other seeds 25.2 1.1 0.05
Pepper 20.3 1,287.7 0.05
Plants (live) 33.7 119.6 0.34
Plants (pharmacy and perfume) 44.0 226.6 0.06
Soybean 2,856,979.3 20,296,222.0 9.15
Spices 1.3 39.9 0.01
Sugarcane -66,186.4 -26,245.4 11.57
Swine and Poultry 2,396.0 139,400.3 14.75
Tobacco 34,741.9 101,821.4 1.70
Vegetable Fibre -37.5 -37.5 0.005
Walnut 300.8 0 0.02

This table displays in Columns (1) and (2) the change in exports from Brazil to China in thousands of US$
between 1995 and 2006, and between 1995 and 2017, respectively. It includes the impacts of changes in
exports of processed goods on the demand for raw agricultural goods, according to the coefficients of the
direct requirement table (Table A1). Column (3) indicates the share of the agricultural production (the
value of production in Brazilian Reals) for each product. It does not sum up to 1 because many agricultural
products were not traded between Brazil and China.
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