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Abstract
Trade costs are a major barrier to efficient farming in developing countries.
I study land use patterns and input demand in Peru, a country where goods
are traded at a high cost, both domestically and with the rest of the world. I
then quantify the equilibrium effect of paving existing roads on productivity
and real incomes. To do so, I develop a model of agricultural specialization
and trade, and quantify it using a new dataset on Peruvian agriculture, which
includes disaggregated information on crop prices, yields and land allocations.
While typically raising productivity, paving roads on a large scale creates both
winners and losers, depending on whether prices are set in domestic markets,
or whether workers are net food buyers. In the simulations, an average farmer
gains 14% in productivity and 5% in welfare.
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Introduction

In developing countries, a large majority of the poor live in rural areas. Their livelihoods are often tied to unproductive agriculture, limited by major barriers to trade
such as poor infrastructure, adverse geography, and the spatial dispersion that is
characteristic of rural populations. Not surprisingly, researchers and policy makers
perceive the costs of domestic and international trade as a drag on incomes and
productivity.1
An assessment of policies that reduce trade costs, however, requires an understanding of how farmers and consumers react to improved trading opportunities, as
well as how their choices interact in the aggregate. On the one hand, policies that reduce trade costs can increase allocative efficiency and welfare by unlocking the forces
of comparative advantage and the use of modern inputs. On the other hand, such
policies also affect the equilibrium prices of crops, especially of those that are traded
only domestically. Because these crops usually constitute an important part of the
diet of subsistence farmers and net food buyers, improved exchange opportunities that
induce shifts in local supply also affect welfare through their effect on consumption
prices.2
In this paper, I provide a framework to measure the consequences of policies
aimed at reducing trade costs. I develop a model that relates agricultural incomes
and productivity to trade and specialization, and use it to calculate the equilibrium
effect of large-scale infrastructure policies, like paving existing roads. In the model,
farmers can grow various crops in land plots of varying quality. They can also trade
their crops and purchase intermediate inputs, at a cost, in local, urban, and international markets. The model is a hybrid between a small open economy, which takes
international prices as given, and a closed economy, where prices are determined by
regional trade within the country. Differences in land quality are a source of comparative advantage, and generate trade across regions and with the rest of the world. In
1

According to the World Bank’s World Development Report, as of 2002, 75% of the world poor
were rural dwellers (The World Bank (2007)). The same Report relates developing countries’ agricultural performance to within-country variation in access to markets and land quality (p. 54.)
Likewise, a recent Inter-American Development Bank report reflects on how transport costs limit
overall exporting activity: “high domestic transport costs can push exports to concentrate in just
a few areas [...], while squeezing gains or simply locking out of trade large swaths of the country”
(Mesquita Moreira et al. (2013), p. 3.)
2
See The World Bank (2007) p. 109
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equilibrium, farming income and productivity are deeply tied to market access and
comparative advantage.
To quantify the theory, I construct a detailed data set combining several sources
of data on Peruvian agriculture. First, I use government statistics on land allocation,
production, and prices to estimate crop-specific land quality across regions, as well
as within-region heterogeneity. Second, to estimate within-country trade frictions, I
project freight rates on a complete dataset of the geography and the quality of the
transportation network of Peru. Finally, I use disaggregated household consumption
data to estimate the elasticity of substitution across crops in demand.
Once quantified, the model allows me to calculate the effect of trade costs on
productivity through relative prices, land allocation and intermediate input use.3 In
the model, when access to markets is costly, farmers pay high prices for their purchases
and collect low prices for their sales. Hence, farmers have less incentive to specialize
according to comparative advantage and also cut back their use of intermediate inputs.
I find that a country-wide policy that paves existing major roads increases a multicrop index of TFP in agriculture in almost every region. In the average region, for
example, TFP (measured in units of intermediate inputs at the port) increases by
about 14%. The overall productivity effect in a region depends on the farmers’ crop
choices, and their ability to reallocate land across crops in response to price changes.
I then move on to assess the welfare effects of a counterfactual policy that paves
roads. For a farmer, better roads increase the price he fetches for his products, by
improving his own access to domestic and international markets. But better roads
also improve the access of farmers in other regions, increasing the supply of crops to
domestic markets and thus decreasing their price. The total effect on the farmer’s
welfare depends on the increase in the price of consumption relative to income. I find
that, as a result of this policy, a farmer in an average region gains 5% in terms of
welfare. Nevertheless the policy can generate winners and losers. A farmer in the
first quartile of the distribution of welfare changes loses 5%, while one in the third
quartile gains 13%. Rural dwellers employed in the non-agricultural sector sometimes
see their welfare decrease as a result of the policy, especially in areas that are remote
at the baseline. But the dispersion in the welfare changes for these workers is small,
3

A recent literature suggests there exists large differences in agricultural productivity across
space, partly caused by differences in input use. Restuccia et al. (2008) estimate that value added
per worker in agriculture in the top 5 percent richest countries in the world is 78 times larger than
that of the bottom 5 percent.
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and they usually gain from better roads.
Peru is an ideal setting for this study because its geography is diverse, and its
agriculture shares features with developed and developing countries alike. It is a
middle income country where a few large urban markets are often the destination
of traded agricultural produce, but where some well-connected regions produce for
export markets. Eighty six percent of the national highway system is unpaved, yet dirt
roads coexist with modern highways. Geography also plays a major role in shaping
trade patterns: the country is divided in two by the Andes, with rainforests to the east
and deserts and fertile valleys to the west. Transport and geography in Peru produce
large variation in access to markets, as shipping crops even between relatively close
locations can be very costly.4 Geography is also the basis for specialization based
on comparative advantage, because weather and land quality vary drastically within
the country.5 And while large farms on the coast often employ modern techniques,
isolated Andean and jungle regions still use traditional farming methods. Finally,
about 25 percent of the labor force is employed in agriculture, much like in other
developing countries.6 Figure 1 summarizes the large variation in Peru’s geography
and transportation quality.
In addition to producing substantive results for Peru, this paper also makes two
methodological contributions. First, it presents a theory of general equilibrium with
production that connects tightly with data on land allocations and productivity, enabling the estimation of the model based solely on agricultural statistics and aggregate
trade statistics, which are collected by many countries. This approach is especially
useful for studying economies where much trade occurs within borders, because it
sidesteps the need to use domestic trade data, often a limiting factor. Second, I obtain a simple estimating equation for the elasticity of land allocation with respect to
relative prices. The estimating equation captures a basic economic intuition inherent
to models where factors of production are heterogeneous: as more land is allocated
to a crop, the average productivity of the land used to grow that crop decreases, with
an elasticity directly related to the heterogeneity of land.
4

For example, in 2013 a 209 kilometer (130 mile) trip from the district of Uchumarca to the
district of Chachapoyas doubles the price of a kilogram of potatoes, due to freight rates alone
(source Regional Direction of Agriculture, La Libertad).
5
As noted by Escobal and Torero (2005), Peru contains 84 different climate zones.
6
The share of labor in agriculture in developing countries ranges from 64 percent in Sub-Saharan
Africa to 22 percent in Eastern Europe and Latin America (See World Bank, 2008, p.27-28).
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My treatment of land as a heterogeneous factor is closely related to Costinot
et al. (2015), who look at the role of international trade in mitigating the effects of
global warming, and Fajgelbaum and Redding (2014), who study the link between
international trade and structural transformation. Relative to them, I introduce two
methodological differences. First, my model allows me to trace separately the effect
of domestic trade costs on productivity through specialization and input use. Second,
I close the model allowing for domestic trade in a set of homogeneous crops, in the
presence of trade costs, which is a key feature of the environment I study.
In quantifying the extent of land heterogeneity, I also draw from Costinot and
Donaldson (2014) and Costinot and Donaldson (2012) who combine Ricardian trade
models with data on productivity from the Global Agro-Ecological Zones (GAEZ)
database (IIASA/FAO (2012)). In particular, Costinot and Donaldson (2014) study
the gains due to market integration experienced by the United States in the period
1880-1997. My work complements theirs by showing how to estimate the relationship
between land allocation shares and potential agricultural yields in the GAEZ data
set, delivering a key parameter of the model. Moreover, I provide a model for the
joint determination of prices and domestic trade flows in equilibrium.
This paper also presents an alternative framework for questions related to trade in
developing economics. It complements that of Donaldson (2015), whose work establishes the causal effect of transportation infrastructure on welfare, and shows how to
integrate agriculture trade data to the Ricardian model of Eaton and Kortum (2002).
But unlike the canonical Ricardian model, my model naturally yields predictions for
land shares across crops, allowing me to make contact with land use data, which is
more widely available than data on within-country trade. I am also able to decompose
the effect of trade and inputs on productivity.
My work also complements two related papers that explore the interactions of
trade and agricultural productivity. Tombe (2015) finds that high import barriers
together with barriers to labor movement help account for poor countries’ low food
imports, even when their relative agricultural productivity is low compared to rich
countries. Adamopoulos (2011) argues that in a two sector model, low transport productivity can distort the allocation of resources within and between sectors, leading to
low productivity. In this paper, I focus on domestic trade costs and, after estimating
them directly, I measure their impact on factor allocation, productivity, and incomes.
More broadly, this paper also speaks to the literature on the role of agriculture in
5

understanding the low productivity of developing countries. Gollin et al. (2013) show
that poor countries allocate larger fractions of labor to agriculture, an unproductive
activity relative to other sectors.7 Restuccia et al. (2008) document that poor countries are disproportionately unproductive in agriculture and quantify how barriers to
the use of modern intermediate inputs and to the mobility of labor can account for
the productivity differences observed in the data.8 I contribute to this literature by
showing that transportation technology in developing countries is a constraint that
limits the use of modern inputs, and that improving this technology can lead to a
more productive allocation of land and labor.

2

A Model of Specialization, Input Use, and Trade

To study the link between trade frictions, agricultural productivity, and welfare, I develop a model of factor allocation and trade based on comparative advantage. In the
model, the Home country consists of many regions that differ in terms of their population and land endowment. Within a region, the quality of land to grow different
crops varies across plots. In equilibrium, plots are allocated according to comparative
advantage, as to maximize the region’s revenue. But, on average, some regions are
relatively better suited than others for growing particular crops. This source of comparative advantage fuels trade between regions and with the rest of the world, and
drives patterns of specialization across regions. Thus, land heterogeneity provides
two sources of comparative advantage for the allocation of land.
In contrast to land, each crop is homogeneous. To grow crops, farmers combine
land with labor and an imported intermediate input. Markets are perfectly competitive, but trade across regions and with the rest of the world is costly. Trade costs
impede specialization and hence diminish productivity. Regions farther away from
major ports use less of the intermediate input because its price is relatively high,
which also diminishes productivity.
The assumption that land is heterogeneous reflects that, in reality, the suitability
7

They find that after correcting for measurement and data quality problems poor countries have
systematically larger “agricultural productivity gaps”, suggestive of misallocation of labor across
sectors.
8
Several papers offer explanations for these observed gaps, among them self-selection and workers’ comparative advantage (Lagakos and Waugh (2013)), policy barriers to efficient farm size
(Adamopoulos and Restuccia (2014)), etc.
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of a location to grow a crop depends on the quality of the soil, altitude, weather,
etc. To make contact with observed land allocations, I introduce assumptions on
technology and the distribution of crop-specific land quality that ensure that land
allocation adjusts smoothly with changes in crop prices and average land quality.
With these assumptions, the model delivers simple, estimable equations for land
allocation and revenue shares across crops.

2.1
2.1.1

Environment
Geography and Commodities

I divide the world into Home –the focus of attention– and Foreign. Home consists of
regions indexed i = 1, . . . , I. I denote Foreign by i = F . When a region is treated as
an importer, I use the index n.
There are k = 1, . . . , K homogeneous agricultural goods (crops, for short). The
rest of goods for consumption are summarized in a “manufactured” good, denoted by
M . There is also an intermediate input x, used in agricultural production, which is
imported from Foreign.
2.1.2

Agents

In each region i, there are three agents: a representative consumer, a representative
producer and a representative trader. The representative consumer owns land and
supplies labor. The consumer trades in local markets, where he rents his factor inputs
and purchases consumption goods. The representative producer also trades in local
markets, where he hires labor, rents land, and sells the output he produces. The
trader in i purchases goods in i’s local market, ships them to other regions in Home
and sells them there. The trader can also buy and sell goods for trade between region
i and Foreign.9
2.1.3

Preferences and Endowments

For this application, we only need to specify the preferences for consumers at Home.
The consumer in region i spends a fraction b of income on an agricultural aggregate,
9

Because this model does not produce analytical expression for trade flows, trading technologies
play an essential role in the definition of the equilibrium. Traders are not a standard modeling
choice, but they are quite useful to explain the equilibrium use of these technologies.
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Ci,A , and the rest on manufactured goods, Ci,M :10
1−b
b
.
Ci,M
Ui = Ci,A

(1)

The agricultural aggregate is
Ci,A =

K
X

1
σ

σ−1
σ

ak Ci,k

σ
! σ−1

,

(2)

k=1

where σ > 0 is the elasticity of substitution across agricultural goods. I normalize
P
the weights to add up to one: K
k=1 ak = 1, with ak > 0.
The household in region i supplies labor inelastically to agriculture, Li,A , and to
manufacturing, Li,M .11 The household also supplies inelastically its endowment of
heterogeneous land, which consists of a continuum of plots. I denote the set of plots
by Ωi , and all plots, indexed by ω, have size one. The total amount of land in the
´
region is Hi = Ωi dω.
2.1.4

Technology

I introduce two assumptions about the production function and the distribution of
land quality to take the model to data. The workings of the rest of the model,
however, and the definition of equilibrium are independent of these specific details.
Assumption 1. The technology to grow crop k exhibits constant returns to scale. It
combines labor, the intermediate input, and land. The suitability of plot ω in region
10
While this assumption is stringent, it simplifies the analysis, allowing me to attribute all income
to a single representative consumer. Because Engel’s Law holds in the data this simplifying assumption will miss expenditure changes induced by large changes in income. An alternative is to let b vary
with level of income of a region. There is a recent literature that explains how non-homotheticity
helps reconcile trade models with observations on international trade. See Fieler (2011), Markusen
(2013), and Fajgelbaum and Khandelwal (2014). Moreover, Atkin (2013) shows how local abundance
shapes preferences and the benefits of trade.
11
This polar assumption captures in a simple way the findings in recent research. To rationalize
the data on labor allocation across agriculture and non-agriculture requires large barriers to the
movement of labor between sectors, given productivity data. See, for example, Restuccia et al.
(2008); Tombe (2015); Gollin et al. (2013). Lagakos and Waugh (2013) provide an alternative explanation based on the selection of workers into agriculture, in which a large, unproductive agricultural
workforce is an equilibrium outcome.
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i for producing crop k is captured by an efficiency shifter Λi,k (ω) ≥ 0,
qi,k (ω) = (li,k (ω))αk (xi,k (ω))βk (φi,k (ω) Λi,k (ω))γk

(3)

where qi,k (ω) is the output of crop k, li,k (ω) and xi,k (ω) are labor and intermediate
inputs, and φi,k (ω) is the share of plot ω allocated to k. The cost shares αk , βk and
γk vary across crops k, but αk + βk + γk = 1, ∀k.
The following assumption ensures that we obtain a structural equation for the
allocation of land across crops,
Assumption 2. The vector of land qualities for producing crops in region i, plot ω,
(Λi,k (ω))k , is distributed as a set of i.i.d Fréchet random variables with parameters
(γ̃Ai,k , θ),
θ θ
−θ
P [Λi,k (ω) ≤ Λ] = e−γ̃ Ai,k Λ .
h 

I normalize γ̃ = Γ 1 − 1θ
Λi,k (ω) = 0 in each plot ω.

i−1

. In a region where growing crop k is impossible,

In this probabilistic representation, the parameter Ai,k , shared by all plots ω in
region i, relates to the average land quality for growing crop k in that region. Thus,
a high value of Ai,k means that the land quality of every plot in the region is high
for crop k. Within region i, between-plot dispersion in land quality decreases with
increases in θ, an inverse measure of land heterogeneity.12
Manufacturing uses only labor, li,M , to produce a homogeneous output: yi,M =
Ti li,M , where Ti is a labor productivity coefficient.

2.2
2.2.1

Markets
Trade costs

Trade in agricultural goods is costly. I formalize this notion by introducing iceberg
trade costs: for a unit of crop k to arrive from i to n, dni,k ≥ 1 units must be
shipped. I normalize dnn,k = 1, all n, k, and dni,k > 1, all n 6= i, all k. I also assume
that costs are symmetric, so dni,k = din,k , and I impose the triangle inequality, i.e.,
12

Allowing for certain types of correlation across plots, within a region, does not change the results,
and only requires redefining some variables. See for example Eaton and Kortum (2002), footnote
14.
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dni,k ≤ dnj,k × dji,k . The tractability of the model, however, does not hinge on the
iceberg formulation, which I adopt to avoid spelling out the details of transportation
sector.
Labor is immobile across regions and sectors. Manufactured goods are costlessly
traded within Home, but cannot be traded between Home and Foreign.13
2.2.2

Prices in Domestic and International Markets

Each region at Home has local markets for land, labor, the imported agricultural
intermediate and consumption goods. In region i, let wi,A and wi,M be the wages for
agricultural and manufacturing labor, ρi the price of the intermediate input, pi,k the
price of crop k, for all k, and let ri (ω) denote the rental rate of plot ω. The price of
the manufactured good, pM , is the same across regions.
Any region i in Home can trade crops with Foreign at fixed prices, pF,k . Foreign
is also the only producer of the intermediate input, which costs ρF there.14

2.3
2.3.1

Consumer, producer and trader decisions
Consumers

The representative household inelastically supplies land and both kinds of labor. It
uses all of its income to purchase consumption goods. The consumer’s problem is,
therefore, to maximize (1) subject to the budget constraint
K
X

pi,k Ci,k + pi,M Ci,M = Ei ,

(4)

k=1

where expenditure Ei is equal to the household’s income from all sources
ˆ
Ei = wi,A Li,A + wi,M Li,M +

ri (ω) dω,
Ωi

13

The focus of the paper is on two trade relationships: farmers and domestic urban markets, and
farmers and foreign markets. Therefore, we simplify the decisions of non-agricultural producers by
shutting down trade with ROW, assuming that the counterfactuals will not change the propensity to
trade non-agricultural products with the rest of the world. Moreover, I assume that manufacturing
is relatively less affected by trade costs due to spoiling, bruising, etc.
14
The assumption that Foreign is the only producer of intermediate inputs is a good representation
of reality. In the case of Peru, between 2008 and 2011, nearly 100 percent of the fertilizer used in
production was imported, according to FAOSTAT.
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assuming that in equilibrium each plot ω is fully rented.
2.3.2

Producers

The representative farmer in region i rents land, hires labor and buys the imported
intermediate input. He decides how to allocate plots of land across crops, and how
much labor and intermediate inputs to use in each plot. Formally, the producer’s
problem is to choose {φi,k (ω) , li,k (ω) , xi,k (ω) , ω ∈ Ωi , all k}, to maximize profits,
max

(K
X

ˆ
pi,k qi,k −

K
X

)

[wi,A li,k (ω) + ρi xi,k (ω) + ri (ω) φi,k (ω)] dω ,

(5)

Ωi k=1

k=1

where total output of crop k is
qi,k =

ˆ h

i

(li,k (ω))αk (xi,k (ω))βk (φi,k (ω) Λi,k (ω))γk dω

Ωi

for all k. The representative manufacturing firm in region i also hires labor as to
maximize profits.
2.3.3

Trader decisions

The traders in i have access to technologies for exporting to n, as well as for bilateral
trade between i and ROW.15 Therefore, their problem is to maximize the profits from
domestic trade
I
X

max
zni,k (pn,k − dni,k pi,k )
{zni,k }n,k n=1
as well as from international trade
max

{zF i,k ,ziF,k }k

X

[zF i,k (pF,k − dF i,k pi,k ) + ziF,k (pi,k − diF,k pF,k )] + ziF,x (ρi − diF,x ρF ) ,

k

where zni,k are domestic trade flows of good k to n from i, zF i,k and ziF,k are international trade flows, all expressed in units of good k at the destination, and ziF,x are
imports of intermediate inputs, expressed in units of intermediates at region i.
15
In equilibrium, traders earn zero profits, so they do not affect demand. Their location is thus
not important.
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2.4
2.4.1

Remarks
Returns to scale and profits

All agricultural technologies have constant returns to scale at the plot level, and all
factors are paid their marginal products, so all producers earn zero profits. The rental
rate for each plot of land adjusts to ensure that this is so, absorbing the difference
between total revenue and the total cost of labor and intermediate inputs. But note
that land quality varies across plots, and as more land is allocated to a crop, the
average quality of land used in that crop decreases. Hence, at the regional level,
an increase in the amount of labor, intermediate inputs, and land allocated to the
production of a crop does not increase its output in the same proportion.
The trading technology also displays constant returns to scale, and prices across
regions must adjust to eliminate arbitrage opportunities. Thus, traders also earn zero
profits. Producers of manufactured goods also make zero profits, for the same reason.
2.4.2

The nature of regional trade

In this model, regions trade for two reasons: productivity differences and relative
factor abundance. On the one hand, as in a Ricardian model, if region i is relatively
better at growing crop k, as captured by a relatively higher Ai,k term, it will tend
to produce and export that crop. This is clearest in the limiting case of θ → ∞ and
γk = γ ∀k, which brings us to a Ricardian world with many goods and three factors.
On the other hand, if for example region i is relatively abundant in land, it will tend
to specialize in goods that use land intensively (high γk ). In fact, the limiting case of
θ → ∞ and Ai,k = Ai ∀i, k is similar to a Heckscher-Ohlin model with many goods
and three factors. On top of these forces that produce regional trade, within-region
heterogeneity adds curvature to the production possibility frontier of each region,
controlling how land allocations change with changes in relative prices.

2.5

Competitive Equilibrium

Regions in Home take the prices in Foreign as given, and these prices remains unchanged regardless of how much is imported or exported.
Definition 1. A competitive equilibrium consists of, for each region i = 1, . . . , I:
(a) prices pi,k for all crops k and pM for manufactured goods; (b) wage rates wi,M
12

and wi,A , input prices ρi , and rental rates for land ri (ω), for each plot ω ∈ Ωi ; (c)
final goods consumption Ci,M and Ci,k for all crops k; (d) labor input li,M and output
yi,M for the manufactured good; (e) inputs {φi,k (ω) , li,k (ω) , xi,k (ω) , ω ∈ Ωi }, and
outputs qi,k for all crops k = 1, . . . , K; (f) trade flows: (f.1) domestic zni,k , for all
regions n = 1, . . . , I and crops k = 1, . . . , K, (f.2) international zF i,k and ziF,k for all
crops k = 1, . . . , K (f.3) international ziF,x of the intermediate input X
such that,
1. the quantities in (c) solve the consumer’s problem, given income and prices;
2. the inputs and outputs in (d) solve the manufactured goods producer’s problem,
given prices;
3. the inputs and outputs in (e) solve the agricultural producer’s problem, given
prices;
4. the agricultural goods prices in (a) are consistent with profit-maximization by
traders
pn,k ≤ dni,k pi,k
with equality if zni,k > 0, for all regions n, i ∈ {1, . . . , I, F }, for all crops k; the
intermediate input prices are
ρi = diF,x ρF
for all regions i in Home, and the law of one price holds for the manufactured
good;
5. In each region, local markets clear for labor, land, and crops:
Li,A =

K
X
k=1

ˆ
li,k (ω) dω
Ωi

Li,M = li,M
1 =

K
X

φi,k (ω) ,

all ω ∈ Ωi

k=1

X

Ci,k = qi,k −
ziF,x =

K
X
k=1

ˆ

dni,k zni,k +

X
i0 ∈W

n∈W

xi,k (ω) dω
Ωi

13

zii0 ,k ,

all k = 1, . . . , K

6. The domestic market for manufactured goods clears:
I
X

Ci,M =

i=1

I
X

yi,M

i=1

7. trade with Foreign is balanced: the value of exports is equal to the value of
imports
K
X

pF,k

I
X
zF i,k
i=1

k=1

dF i,k

=

K
X
k=1

pF,k

I
X

dnF,k znF,k +ρF

n=1

I
X
n=1

dnF,x

K
X
k=1

ˆ
φn,k (ω) xn,k (ω) dω.
Ωn

To complete the description of the equilibrium, we must make a choice of a numeraire.
In what follows, I normalize the price of the manufactured good to one, pM = 1. With
this choice, the prices of the crops have a natural terms-of-trade interpretation, since
they speak to the urban-rural exchange. A counterfactual change in the numeraire
will reveal how infrastructure policy affects the terms of that exchange.

3
3.1

Quantitative Implications of the Model
Expenditure on each good

The solution to the representative consumer’s problem is standard. Region n spends
a share bak (pn,k /Pn )−(σ−1) of income in crop k. The price of the agricultural bundle
is Pn =

3.2

P

K
k=1

ak p1−σ
n,k



1
1−σ

, and the cost of living in n is Pnb p1−b
n,M .

How to relate farmers’ choices to the data

To connect the model to data on land shares, income shares and yields across crops, I
start by describing the optimal behavior of the representative farmer at the plot level.
This behavior is naturally represented in a probabilistic way exploiting Assumptions
1 and 2. The three propositions at the end of this section condense the model’s
empirical predictions, taking as given the equilibrium prices and returns to factors.
The farmer in region i seeks to maximize profits over each plot ω ∈ Ωi , as shown
in expression (5). As in standard trade theory, it is quite useful to work with unit
cost functions to describe the farmer’s choices. In doing so, we treat each plot as a
separate factor, since the rental rate ri (ω) is plot specific.
14

For the Cobb-Douglas production function in (3), the unit cost function, which
measures the cost of producing a unit of crop k in plot ω, is:
αk βk
ρi (ri (ω))γk
c̄k wi,A
,
ci,k (ω) =
(Λi,k (ω))γk

where we define c̄k ≡ αk−αk βk−βk γk−γk .16 Profit maximization
max {(pi,k − ci,k (ω)) qi,k (ω)}

qi,k (ω)

pins down a relation between the rental rate in ω, r (ω), and the price of crop k. Let
ω ∈ Ωi,k denote the event that ω is used to grow k. Then profit maximization dictates
that conditional on ω ∈ Ωi,k
pi,k = ci,k (ω) ,
and in that case the equilibrium rental rate is
ri,k (ω) = λi,k Λi,k (ω)
−1/γ

1/γ

−α /γ

−β /γ

where we define λi,k ≡ c̄k k pi,k k wi,A k k ρi k k . We can interpret λi,k as a benefitcost index of growing k in ω, ignoring land.
The farmer behaves competitively, which ensures that all the difference between
revenues and the input costs is transferred to the landowners. Therefore, a competitive farmer will choose crops such that the rental rate is the maximum that can be
attained in that plot,
ri (ω) = max {λk Λi,k (ω)} .
k

Because of Assumption 2, typically only one crop maximizes profits for plot ω (although in equilibrium each plot earns the farmer zero profits.) With constant returns
to scale, this implies that it is optimal to specialize each plot completely in a single
crop k. Those plots where specialization is incomplete are measure zero.17 In what
follows, we use these results to characterize crop choices for a region in a probabilistic
16

Proofs to this and other claims are contained in the Appendix.
This is the same argument as one would make if there were a mass of competitive farmers bidding
to rent land from a land owner. The appendix shows that the optimal behavior would be the same
if we wrote the problem in such a way that farmers try to maximize the total payoff to land owners
over each plot, with plots of some constant size different from one. The appendix also shows that a
representation where the land owner and the farmer are the same agent yields the same behavior.
17
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way.
Let us denote the probability that k is rent-maximizing by ηi,k ,




ηi,k = P k = arg max λl Λi,l (ω) .
l

(6)

Proposition 1 derives optimal land shares for region i.
Proposition 1. Profit maximization, together with Assumptions 1 and 2, implies
that the fraction of land allocated to crop k is
ηi,k

(λi,k Ai,k )θ
,
=
Φθi

where
Φi =

K
X

(7)

! θ1
θ

(λi,l Ai,l )

.

(8)

l=1

Equation (7) implies that the relative land allocation between any two crops k
and k 0 depends on input prices, which are common across crops, as well as the price
pi,k and the land quality Ai,k of those two crops. The prices and land qualities for all
other crops are captured in, Φθi , the normalizing term defined in equation (8).
Equation (7) also gives the elasticity of land allocation with respect to prices.
Ignoring its effect on Φi , a one percent increase in pi,k increases crop k’s share of
land by γθk percent. To interpret this elasticity, recall that θ is an inverse measure of
land quality heterogeneity. When θ is large, land is more homogeneous, and a given
increase in pi,k produces a larger shift in the land use pattern. The elasticity is also
inversely proportional to γk , the output elasticity of land in the production function.
A smaller value for γk means that land is less important compared with other inputs,
and so the elasticity of marginal cost with respect to ω’s rental rate is also lower.
Since land rents absorb profits, a lower value of γk transforms a given increase in pi,k
into a larger rental rate when growing crop k, and hence induces a larger shift in land
use.
While I do not observe rental rates directly in the data, I do observe the land
yield and revenue per unit of land across crops in all regions. We can compute these
measures using the technology from equation (3), evaluated at the optimal input use.
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The optimal physical yield is given by:
− γ1

c̄ k
yi,k (ω) = k
γk

pi,k
wi,A

! αk
γk

pi,k
ρi

! βk
γk

Λi,k (ω) ,

(9)

where the constant c̄k is as defined above. Multiplying the physical yield by the crop
price gives revenue per unit of land:
λi,k Λi,k (ω)
.
γk

ψi,k (ω) =

(10)

Equations (9) and (10) show that, taking prices as given, land yields and revenue per
unit of land are endogenous objects that reflect the choices of farmers.18 They are
both proportional to land quality in ω – a reflection of how the demand for inputs
other than land increases when land has better quality Λi,k (ω).
Proposition 2 below formalizes the idea that yi,k (ω) and ψi,k (ω) inherit the properties of land quality, conditional on ω ∈ Ωi,k . While it appears from equations (9)
and (10) that we can infer average land quality, Ai,k , just by looking at data on
physical yields or revenue per unit of land, a takeaway of this proposition is that we
cannot. Instead, these data can only inform us about aggregate land quality in a
region because the average quality of the land used to grow a crop is inversely related
to the amount of land allocated to that crop.
Proposition 2. A) The physical land yield of crop k, conditional on ω ∈ Ωi,k , denoted


by yi,k (ω) |ω ∈ Ωi,k , is distributed like a Fréchet r.v, with parameters γ̃γk−1 p−1
i,k Φi , θ .
B) The revenue per unit of land for crop k, conditional on ω ∈ Ωi,k , denoted by


ψi,k (ω) |ω ∈ Ωi,k , is distributed like a Fréchet r.v., with parameters γ̃γk−1 Φi , θ .
The immediate implication is that expected yield,
E [yi,k (ω) |ω ∈ Ωi,k ] =

Φi
,
γk pi,k

(11)

Φi
,
γk

(12)

and the expected revenue per unit of land,
E [ψi,k (ω) |ω ∈ Ωi,k ] =
18

Kelly (2006) discusses how a high price of intermediates relative to the price of final output
reduces the demand for fertilizer in Africa. The World Development Report (2008) argues that
transaction costs are one of the causes for low seed and fertilizer use in Sub-Saharan Africa (p. 12).
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are uninformative about the relative values of Ai,k across crops. But expected yields
and revenues are precisely the objects in the model that correspond to the observations
on yield and revenues. Also note that, given prices, average yields and revenues per
unit of land are decreasing in the cost share of land, γk , reflecting that land is optimally
combined with less of the other inputs.
Propositions 1 and 2 summarize how each region will adjust to differences in
relative prices and relative land qualities. To illustrate, let us focus on what happens
with average yields and revenues per unit of land, when the relative price of some
particular crop k̂ increases – as would be the case if it engaged in trade with a
region where that crop is more expensive. Proposition 1 tells us that in region i the
amount of land allocated to crop k̂ increases, with an elasticity of γθk , while the land
allocated to the rest of the crops decreases. Equation (11) then guides us through the
changes in physical yields. An increase in the price of crop k̂ reduces the relative price
of labor and intermediate inputs, and increases their use in production. This force,
which pushes towards higher productivity, is more than offset by a decrease in average
land quality: as more land is used to produce crop k̂, the corresponding average land
quality must decrease. By the same reasoning, the average land quality used in each of
i’s other crops must increase, while for those crops the use of labor and intermediates
is not affected directly by the price change. Part A of Proposition 2 describes these
changes precisely. The increase in pi,k̂ increases the aggregate productivity parameter
Φi , thus improving the distribution of yields for all crops but k̂. Crop k̂’s yield actually
falls, as pΦi , which summarizes the effect of an increase in pi,k̂ , decreases.
i,k̂
Having established the change in the physical yields of each crop, it is straightforward to understand the change in the revenue per unit of land. For all crops whose
price did not increase, the proportional increase in revenue per unit of land is identical
to the proportional increase in physical yields. For crop k̂, the increase in the price
pi,k̂ , though partly countered by the decrease in crop k̂’s physical yield, increases the
revenue per unit of land. Assumptions 1 and 2 ensure that this increase is identical
to that of the rest of the crops, as part B of Proposition 2 indicates.
The two propositions together show that all within-region variation in relative
prices and relative land qualities only translates into observable variation in relative
land allocations across crops, not into observable variation in either measure of productivity. Formally, the Ai,k terms are included in Φi , which summarizes the effect
of land quality on the productivity of land. Everything else constant, when region i
18

is more productive for some crop, or when the price that the crop commands in i increases, so does this measure of productivity.19 The productivity distributions for all
crops then shift to the right. This means that, although one might hope that observed
land yields and revenues per unit of land would be informative about unobserved land
quality, the model imposes the strong restriction that they are not.
Finally, as shown in the Appendix, the average rental rate of land in region i,
E [ri (ω)] is proportional to Φi . Thus, given crop prices, land commands a higher
rental rate when labor and intermediates are cheaper. When the intermediate input
price ρi is low, farmers increase its use in production, thus increasing the output per
unit of land; they also shift land use towards crops that are more intensive in the use
of intermediates. A low wage wi,A has an analogous effect through the increased use
of labor.20
In light of this discussion, the content of Proposition 3 is implied by Propositions
1 and 2. This result is important, however, because it provides a basis for identifying
γk by comparing data on land shares and data on revenue shares within regions. Let
πi,k be the revenue share of crop k in region i’s total revenue, defined as
πi,k = P

pi,k qi,k
.
k0 ∈Ki pi,k0 qi,k0

Proposition 3. Within a region, the land share and the revenue share that crop k
1
P
θ
The variable Φiθ in this model is akin to the expression i Ti (wi dni ) in Eaton and Kortum
(2002), which summarizes a destination country’s access to the world technology, given the cost of
labor and trade costs. Donaldson (2015) exploits this object in his welfare calculations.
20
Just like in any model of optimal resource allocation, in this model the return to land across
crops is equalized at the margin, across alternative uses. But the model implies more: the average
return to land is also equalized across crops. Formally, as shown in Appendix A, the rental rate of
land, conditional on growing crop k, is drawn from a Fréchet distribution with parameters (γ̃Φi , θ).
The conditional mean is then:

19

E [ri,k (ω) |ω ∈ Ωi,k ] ∝

Φi ,

which does not depend on k. Because this expression is independent of k, it follows that the average
rent is also
ri ∝ Φi .
The assumption about the shape of the production function is not innocuous: for each crop k the ratio
of the expected return to land, ri , and the expected revenue per unit of land, E [ψi,k (ω) |ω ∈ Ωi,k ],
is equal to a constant, γk .

19

commands are equalized, up to a crop-specific constant
γ −1 ηi,k
πi,k = P k −1 .
γl ηi,l

(13)

This means that a crop will have a high revenue share when (i) it has a relatively
high land share, and (ii) it has a relatively low cost share of land. In reaction to, say,
a change in prices, equation (12) ensures that the proportional increase in average
revenue per unit of land is identical for all crops, up to γk , and captured by the
increase in Φi . The change in the revenue share of crop k, therefore, is entirely driven
by the change in its land allocation.21 This is an outcome that holds at any vector
of prices –in particular the equilibrium vector of prices– and is derived only from
optimal farmer behavior.
Note that the farmer’s economic behavior described by these propositions would
be predicted by any model of optimal use of heterogeneous factors. Increasing the
amount of land allocated to a given use will always decrease its productivity and
will increase its productivity in alternative uses. Assumptions 1 and 2 simply put
constraints on the exact amounts by which average productivity changes across alternative uses.

3.3

Aggregation, Market Access and Productivity

To close the model in general equilibrium, we must first aggregate the farmer’s and the
consumer’s choices at the regional level, given prices. To that end, I start by studying
supply and revenue in each region, which are remarkably tractable and smooth in
the price of outputs. I then move on to study aggregate input demands. Finally,
in the context of a discussion of the economic relation between market access and
productivity, I contrast this model with a simplified model where where technologies
do not differ across crops.
21

Propositions 1, 2, and 3 have parallels in two well-known results in the Eaton and Kortum (2002)
model, which predicts that the probability that a region i is region n’s cheapest supplier for some
good is equal to the share of region n’s total expenditure on region i’s goods (Proposition 3). In that
model, differences in productivity across suppliers translate into differences in the fraction of goods
sold in a destination (Proposition 1), keeping the distribution of unit costs of goods actually sold in
region n identical across suppliers (Proposition 2). In my application both terms in Proposition 3
have empirical counterparts because the allocation of land can be measured.
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3.3.1

Regional Production

Revenues from crop k can be calculated as
Vi,k = γk−1 (λi,k Ai,k )θ Φi1−θ Hi .
−1/γ

1/γ

−α /γ

−β /γ

where, recall, λi,k = c̄k k pi,k k wi,A k k ρi k k measures the profitability of crop k in
region i.22 Keeping the statistic Φi fixed, the revenue from crop k is increasing in the
price of the crop, with a constant partial elasticity of θ/γk , and decreasing in the price
of labor and intermediates, with constant elasticities, too. We can further aggregate
the revenue across crops for this region, to obtain the total value of production in
agriculture:
Vi =
where γ̄i =
i.
3.3.2

P

k

γk pi,k qi,k /

P

l

Φi Hi
,
γ̄i

(14)

pi,l qi,l is the revenue-weighted cost share of land in region

Regional Demand for Labor and Intermediate Inputs

The aggregate demand for labor in region i, coming from crop k is
li,k =

αk
Φi ηi,k Hi
γk wi,A

and, similarly, aggregate regional demand for intermediate inputs is
xi,k =

βk
Φi ηi,k Hi
γk ρi

Aggreggating across crops, within region i, delivers the aggregate regional demand
for these inputs
li,A =
22

Φi Hi X αk
ηi,k
wi,A
γk

(15)

It follows that the total output of crop k in region i (measured there) is given by qi,k =
θ
(λi,k Ai,k ) Φ1−θ
Hi .
i

γk−1 p−1
i,k
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and
xi =

Φi Hi X βk
ηi,k .
ρi k γk

(16)

With crop-specific technologies, it is not possible find closed-form solutions for aggregate input demands. But it turns out we can still write these demands in a way
that resembles the usual input demands associated with Cobb-Douglas technology.
In fact, we can write li,A = ᾱi Vi /wi,A and xi = β̄i Vi /ρi , where ᾱi , and β̄i (the average
labor and input shares) are endogenous objects that depend on the primitive cost
shares of each crop and their relative uses.23
Because technologies are crop-specific, changes in input prices have two effects.
For example, if the wage increases, the amount of land allocated to relatively labor
intensive crops will go down. That effect is additional to the decrease induced by an
input mix that is less labor intensive, for all crops.
3.3.3

The Economic Relation Between Trade Costs and Productivity

To gain a clear understanding of how trade costs affect allocations and productivity,
I discuss a stripped down version of the model. Suppose that γk = γ, for all crops.
Then Propositions 1 trough 3 above simplify quite a bit. The key distinction is that,
since all crops have the same input shares, changes in the factor rewards do not affect
the allocation of land across crops. Therefore, the land allocation is independent
of factor rewards, and depends only on relative average land qualities and relative
output prices.24
With this simplification, we can calculate the equilibrium revenue function in
terms of endowments, crop prices, and the price of intermediate inputs:

Vi = κV

β
− 1−β

ρi

γ

γ

α

1−β
Φ̃i1−β Hi1−β Li,A
.

(17)

θ

P  1/γ

where Φ̃θi = k pi,k Ai,k . Equation (17) is the familiar revenue function. It relates
the total revenue generated by region i to prices that are exogenous to the farmer
and to the total stock of factors of production.
23
24

Specifically, ᾱi =

P

k

αk pi,k qi,k /

P

l

pi,l qi,l and β̄i =

P

In this case, relative land shares are given by ηi,k /ηi,l

P
βk pi,k qi,k / l pi,l qi,l
 1
θ  1
θ
γ
γ
= pi,k
Ai,k / pi,k
Ai,k . Moreover,

k

land shares and revenue shares are equalized across crops πi,k = ηi,k .
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In this context, where a region produces many crops, we may measure physical
productivity in each crop directly by looking at yields. But to study aggregate productivity at the regional level requires a method for aggregating consistently across
crops. The multi-crop index Vi offers just such a measure. In Section 7, where I take
this index to data, I express Vi in terms of units of intermediate inputs at the port, or
Vi /ρF . This choice of units is appropriate for productivity, since it measures revenue
in quantities whose value does not change in counterfactual exercises.
−

β

γ

Equation (17) shows exactly the sense in which the coefficient ρi 1−β Φ̃i1−β is a
measure of productivity, or TFP. Keeping the coefficient constant, the total revenue
of agricultural production has constant returns to scale in land and labor. Equation
(17) also shows that in location i, agricultural productivity is higher because Φ̃i is
higher (capturing, in part, better land allocations) or because the relative price of
intermediates, ρi , is lower.25
In the model, variation in ρi is entirely driven by transportation costs: imported
intermediates will be more expensive in remote places. This is the first channel
through which transport costs lower productivity. The elasticity of TFP with respect
to the price of the intermediate input, keeping all other prices constant, is −β/ (1 − β),
which is higher the larger the cost share of intermediates. As shown before, however,
input use depends on the price of the intermediate relative to the price of output. In
the exchange between the farmer and the rest of the world, trade costs increase this
relative price twice: once when the farmer ships his output to the closest port and
once when he brings the intermediate input back to the farm.26
The second channel is related to the farmers’ production and consumption choices.
High transport costs increase the prices of the crops that farmers purchase, and
decrease the price of the crops they sell. Both effects are summarized in the value of
Φ̃i . Because producers will tend to sell the goods in which they have a comparative
advantage and buy those in which they do not, high transport costs will induce a
negative correlation between pi,k and Ai,k across k, thus lowering Φ̃i .27
I emphasize, however, that Φ̃i does not exclusively measure the effect of specializa25

Note that subtraction of intermediate input costs leaves a constant proportion of revenue,
(1 − β) Vi , so the TFP coefficient is the same.
26
Consider the use of intermediate inputs relative to total output in region i, crop k, in the
case when region i exports crop k to Foreign and obtains inputs in return. The model predicts
p
xi,k /qi,k = βk pi,k /ρi = βk ρF,k
dF i,k diF,x . Insofar as modern intermediates increase productivity,
F
trade costs will decrease measured productivity.
27
In a land-only model, for an autarkic region, the elasticity of the relative price of two crops,
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tion due to comparative advantage. Rather, it also reflects other factors that increase
the productivity of land, but are not explicitly modeled. Thus, if the quality of land
in a region doubles – keeping prices constant –, then Φ̃i will also double, regardless of
that region’s access to markets. The education of the workforce, for example, or the
presence of increasing returns to scale at the farm level can generate differences in Φ̃i
across regions. We return to the quantitative impact of trade frictions in Section 7.

4

Data

This section gives a brief discussion of the dataset I have assembled.28 The first task
is to match the regions and crops in the model to the data. A region i in the model
corresponds to one of 194 provinces according to Peru’s 2012 administrative division.
A crop k is one of the top 20 crops by value of production between the years 2008
and 2011.
The main data sources I exploit are:
1. National Statistics on Agriculture: Collected by the Ministry of Agriculture of
Peru at a finely disaggregated geographic level. It contains comparable data on
prices, physical land yields, and land use, corresponding to pi,k , yi,k and ηi,k Hi
in the model.
2. Global Agro-Ecological Zones (GAEZ): Estimates of the land yield that would
prevail if all land in a given cell (or pixel) is entirely devoted to growing a
given crop (see IIASA/FAO (2012)). Costinot and Donaldson (2014) provide a
detailed discussion of these data.
3. Geography and Transportation: Georeferenced data from Peruvian Ministry of
Transportation (MTC), which indicates each road’s location, length, and quality
(dirt, graded, or paved). Peru’s road system is hyerarchically divided in three
levels: National, Departmental and Neighborhood roads.
θ
. In contrast, if a small region is
θ+σ−1
integrated with the rest of the economy, then the relative price of crop k is not related endogenously
to land quality Ak . Weakening the negative correlation between pi,k and Ai,k that prevails in autarky
increases the magnitude of Φi .
28
The Appendix contains a full discussion of the data, as well as summary statistics.
pk
pk0

, with respect to their relative land qualities,

Ak
Ak 0
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, is −

4. Freight rates: A sample of freight rates between 46 pairs of districts, averaged
over the years 2010-2013.29
5. National Household Surveys (ENAHO): A living standards survey, collected
yearly by the Instituto Nacional de Estadistica e Informatica (INEI). It constains disaggregated information on expenditures, consumption quantities and
unit values.

5

Connecting the Model and Agricultural Data

In this section, I explain the estimation of the model’s parameters, which I obtain by
comparing selected moments in the model with disaggregated data. The estimation
consists of three main parts. First, I estimate the heterogeneity parameter θ by fitting
the model’s land allocation equation, using exogenous yield estimates from from the
GAEZ project. Once I have obtained an estimate of θ, I calculate the levels of land
quality, Ai,k , relying solely on Peruvian national statistics data. Second, I estimate a
statistical model of transportation costs, following the approach in Donaldson (2015):
I project freight rates (for a sample district pairs) on road and geography data, and
estimate the cost of traversing roads of different qualities, and with different slopes.
Using these estimates, and the fact that road and geography are observable for the
whole country, I predict freight rates for all possible origin-destination pairs. Third, I
combine expenditure household data with my previous estimates of freight rates, and
observations on international crop prices, to estimate the elasticity of substitution
between crops in demand.30

5.1

Estimation of Factor Cost Shares: γk , αk and βk

To estimate the cost shares of land, I exploit systematic differences between crop
revenue shares, πi,k , and land shares, ηi,k , within a region i. Proposition 3 shows
that crops whose revenue share is systematically higher than their land share also
have lower land cost shares, γk . Because Proposition 3 only informs us about how to
29

At least one of the districts in the pair belongs to the department of La Libertad. The scope
of the data is restricted this way because the source is the Direccion Regional de Agricultura de
La Libertad. To construct the observation for each origin-destination pair, I average an unbalanced
panel of monthly data. The original database contains about a thousand observations.
30
Estimation and calibration of the other parameters is described in the Appendix.
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retrieve the relative values of the land cost shares, we need additional information and
a normalization to pin down their levels. Based on Dias Avila and Evenson (2010),
0.22 is appropriate for a country-wide measure of land cost shares.
Figure 2 shows the results.31 There are sizable differences in the coefficient γk , as
one would expect if some crops were, in fact, more land intensive than others. Fruit
crops, for example, appear to have lower land intensities than grains. For simplicity, I
constrain the ratio of labor and intermediate input shares to be constant across crops
and equal to the average ᾱ/β̄ = 2.5.32

5.2

Estimation of θ using National Statistics and GAEZ data

The farmer’s land-allocation decision is the basis for the estimation of θ. Recall that
the fraction of land allocated to crop k is described by equation (7), which I repeat
here
θ

λθi,k Aθi,k
(18)
ηi,k =
Φθi
Now we tie this expression to the data on unconditional yields produced by GAEZ,
following a similar logic to that of Costinot et al. (2015). Using the model, we
calculate the physical land yield given prices, but unconditional on ω ∈ Ωi,k . That
is, we calculate the yield that would be obtained using labor and land optimally, but
allocating all land in region i to the production of crop k. I denote it by ỹi,k , omitting
the dependence on prices. To obtain it, we calculate the unconditional expectation
of yi,k (ω) in (9)
− γ1

ỹi,k = γk−1 c̄k

k

α

− γk

β

− γk

wi,A k ρi

k

1−γk
γ

pi,kk Ai,k .

I assume that this object corresponds to the measures produced by the GAEZ project,
31

In practice, this
means that I impose
a normalization for the revenue-weighted cost share for the
P P
P P
whole country ( k i γk pi,k qi,k ) / ( k i pi,k qi,k ) = 0.22. The appendix gives further detail on
the estimation. The F-statistic associated with the crop fixed effects in the regression that identifies
γk is 213.81, largely above the cutoff at standard levels of significance. The interpretation is that
there are systematic differences between land shares and revenue shares across crops, within regions.
32
These numbers come from and Dias Avila and Evenson (2010), Table A.3a, attributing “Mechanization” and “Animal Power” to intermediate inputs, which yields ᾱ = 0.56 and β̄ = 0.22. This
is somewhat different from the estimates in Hayami and Ruttan (1985), –later quoted in Restuccia
et al. (2008)–, who estimate for that, for a sample of countries, the labor cost share is 0.42, the
intermediate input share is 0.4 and the land share is 0.18.

26

although it is not an object that we would observe in equilibrium. To connect it to the
G
G
data, I assume that there exist prices pG
k , wA , ρ that rationalize the technological
assumptions used by IIASA and FAO to construct the GAEZ dataset.33 Then we
relate each observation in the GAEZ data to objects in the theory, in particular Ai,k :
G
ỹi,k

=

− γ1
−1
γk c̄k k



G
wA



α

− γk
k

β



ρ

 k
G − γk



pG
k

 1−γk
γk

Ai,k eui,k

(19)

G
where ỹi,k
is the GAEZ measure of unconditional yields, and eui,k is a term that
captures the possibility that the true Ai,k is measured with error. Using (18) to
G
substitute for Ai,k in the expression for ỹi,k
, we obtain a relation between GAEZ yield
measures and observed land allocations and prices:

log

1
γk

G
pi,k ỹi,k

!

=

1
1 − γk
log ηi,k + ιk + ιi + δi
+ ui,k .
θ
γk

(20)

where, ιk and ιi are dumies that absorb components that do not vary simultaneously
at the region-crop level.34 I construct the left-hand side of equation (20) imposing
the restriction that the coefficient on log-prices is γ1k . The reason is that I want to
estimate as precisely as possible the coefficient of log ηi,k , which is the only coefficient
informative of θ in the regression.
What is the economic interpretation of this estimating equation? Suppose we
observe that in region i a large fraction of land is allocated to crop k. Because farmers
optimally allocate more land to crops for which land is better suited –equation (18)–
we would predict that Ai,k is relatively large, too. Using equation (19), we would then
predict a large GAEZ estimate of potential productivity. But the farmers can also
choose to allocate a large fraction of land to a crop when its price is high; that is why
the dependent variable in the estimating equation “values” the GAEZ productivities
at the equilibrium prices.
In estimating equation (20), I also take a particular stance on what is the source
of error ui,k . There is reason to believe that the GAEZ data are a noisy measure of
potential productivity ỹi,k . For example, there are regions that actually grow a crop
in the national statistics, which nonetheless show zero potential productivity in the
33

Note that I assume that the prices that rationalize the GAEZ data are independent of i. I take
the stance that, although the GAEZ data set models input use as a function of input prices relative
to output prices, they do not take into account the spatial variation of those relative prices.
34
The Appendix explains in detail what variables these fixed effects absorb.
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GAEZ data set. Another reason for measurement error is that the match between
the GAEZ data and the Peruvian regions is not perfect.35
Before discussing the results, note that the model allows us to estimate θ based
only on a sub-sample of goods: assuming that the Fréchet draws are i.i.d. allows us
to write optimal land allocation to crop k only as a function of land quality, Ai,k ,
input prices and the price of crop k, together with a region-wide shifter. We do not
need to take into account the prices and land qualities of all other crops.36
To estimate equation (20) we need data on crop prices pi,k , land allocations ηi,k
G
and GAEZ potential productivity measures ỹi,k
. Data on pi,k and ηi,k come from the
Peruvian Ministry of Agriculture. Since this model is best thought of as a description
of the medium run, I focus on a long sample of National Statistics which averages
more than ten years, and contains information for four departments, at the district
level.37
Table 1 shows the results of estimating equation (20): the coefficient on land allocation is 0.596, which implies an estimate
θ̂= 1.68. Figure 3 shows the variation that
!
1
γ

G
identifies θ̂; it relates log pi,kk ỹi,k

to log ηi,k after removing the other regressors in

equation 20. The coefficient is precisely estimated; its value implies a large elasticity
1.68
of land allocation with respect to prices: θ/γ̄ ≈ 0.22
= 7.63. That is, after an exogenous one percent change in the relative price of a crop, the land share for a typical
crop would increase by about 7.63 percent.38
35

Since there is a continuum of plots in each region, land heterogeneity Λi,k (ω) does not, by
itself, generate an error term. Therefore, here we assume that the theoretical object of interest is
measured with noise, and hence we try to predict it with observables. The typical approach in trade
assumes that the proxies for trade costs in a trade-flow equation (e.g. distance between countries)
are measured correctly, but do not capture all variation in trade costs. See Head and Mayer (2013)
for a detailed exposition.
36
In a study of trade and multinational production, Ramondo and Rodriguez-Clare (2013) extend
the unobserved heterogeneity approach to a multivariate Fréchet distribution.
37
By averaging the data for each crop k and region i, I eliminate the time variation, so we cannot
use it to infer θ from changes in behavior through time. Such variation, however, especially at the
yearly frequency, is subject to short run fluctuations like weather shocks. Since equation (20) is
essentially a supply equation – which is part of a system – short run fluctuations may raise concerns
of endogeneity of ηi,k . Averaging over a long time series reduces these concerns.
38
A key assumption to obtain estimating equation (20) is that ηi,k is observed without error. If
that is not the case, then the estimate of 1/θ is subject to attenuation bias, which means that the
estimate of θ is too large. Another possibility, which I leave for the future, is to exploit time-series
variation to study the farmers’ land allocation changes in reaction to exogenous variation in prices.
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5.3

Estimation of Transportation Costs

The goal of this section is to produce an estimate of the iceberg trade costs between
any two pairs of regions in Peru, and for each good in the data set. The first step is to
estimate a statistical model of transport costs: I project a sample of within-country
freight rates on data about the quality and geography of the road that connects each
origin-destination pair in the sample. Because data on geography and road quality are
available for the whole country, I then use this estimated model to predict the freight
rates for all possible origin-destination pairs in Peru. The second step is to transform
predicted freight rates –measured in local currency per kilogram– into iceberg trade
costs by comparing them to the average farm-gate price of each crop in the data.
5.3.1

Projection of Freight Rates on Road and Geography Data

I follow Donaldson (2015) and represent the transportation network with a graph. To
form the graph, I combine GIS data on (i) the exact location of the capital of each
district i, (ii) a fine grid of altitude, and (iii) the shape, length and quality of the
road network.
Each region i in the model corresponds to a node in the graph. The rest of the
nodes represent the connections between segments in the road network. For example,
if a highway splits in two, my procedure places a node at the point where the split
occurs. Two nodes are connected if at least one of the two following conditions is
met: (i) there is a segment of road of any quality that connects them or (ii) they are
two district capitals at most 50 km. apart.39
I use the sample of freight rates to estimate a statistical transport cost model,
which will give estimates of the relative costs of traversing roads of different qualities
and with different slopes. Let fni be the observed freight rate of shipping a kilogram
of goods from region i to region n. I estimate the following equation by non-linear
least squares:
E [log fni |geography, roads] = β0 + βdistance × log (effective distanceni (λ)) .

(21)

where βdistance translates effective distance into freight rates. For a given choice of
the parameter vector λ, “effective distanceni ” is the lowest-cost path between regions
39

If there is no road, I use the straight-line distance and assign low quality to the connection.
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n and i, calculated according to Dijkstra’s algorithm, which minimizes the following
weighted sum of distances:
effective distanceni (λ; Q) = min
Rni

X

X

[h (λs sedge ) · (λq distanceedge )] . (22)

q∈Q edge∈Eq,ni (λ)

In equation (22), the effective distance between i and n is the route Rni over the
network, composed of the sets of edges of quality q ∈ Q, Eq,ni (λ). The cost of
traversing a kilometer of road of quality q is λq and λs is the effect of traversing an
edge with slope sedge , captured through the function h (·). Without loss, we normalize
the weight of high-quality distance, λhigh , to one.40
In practice, I set Q = {high, low}, where only paved roads are high quality, and
h (x) = (1 + x). Table 2 compares two versions of the model: (i) a model that
constrains λq = 1 and λs = 0, and (ii) a model that constrains only λs = 0. It
is clear that taking into account the quality of the road substantially improves the
estimation.41 Therefore, I focus attention on the specifcation that gives a role to
infrastructure, where I find that λ̂low = 24, and β̂distance = 0.8. To interpret these
values, suppose that the route between two regions n and i is completely paved If that


β̂distance

same route were unpaved, the freight cost would increase by a factor of λ̂low
=
0.8
24 = 12.7. With these estimates at hand, we can predict freight rates for the whole
country.42
5.3.2

Transformation of Freight Rates into Iceberg Costs

Let fˆni be the predicted freight rate between n and i. To transform fˆni into an
iceberg cost dˆni,k , we divide fˆni by crop k’s average producer price, p̄k , and correct
40

Expression (22) emphasizes that the optimal road depends on the actual value of λ. The reason
is that, given λ, Dijkstra’s algorithm chooses among alternative ways of reaching n from i, over the
network, and these choices may change with the cost vector λ. In the extreme, if λq = 1 ∀q ∈ Q,
the algorithm minimizes the simple distance between two points. As λq increases, for q 6= high, the
algorithm gives priority to high-quality edges.
41
I do not report the results of a specification with λs ≥ 0. The reason is that for the sample at
hand, little is gained by allowing λs ≥ 0, since the standard errors on that coefficient are too large
to draw any inference. Part of the problem is that the sample of freight rates is small, and does not
allow to separate the effect of road quality and slope, which one would expect to be correlated.
42
Limao and Venables (1999) find empirical evidence for the role of infrastructure as a determinant
of trade costs. Donaldson (2015) estimates that transporting goods on dirt roads increases transport
costs by a factor of 7.9 relative to railroads. My estimates are larger, which possibly reflects that
infrastructure plays a larger role in Peru, as well as the fact that I have a small sample of freight
rates (as evidenced by the large standard errors).
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for a crop-independent factor δ:
fˆni
dˆni,k = 1 + δ .
p̄k
The reason for estimating a factor δ ≥ 1 is that, as has been discussed at large in
the trade literature, actual transportation costs are only a small fraction of the total
costs needed to rationalize trade flows relative to a frictionless benchmark.43 Without
it the model is unable to reproduce the variation of crop prices within the country,
as equilibrium prices deviate little with respect to international prices.
For any region i in Home, the cost of trading with Foreign has two components.
The first is captured by the cost of trading with the closest international port. To
find the closest international port, I select the three main sea ports by value and
find the closest to region i according to the predicted freight rate fˆo(i)i , where o (i) is
the port closest to i. The second component, denoted by τ below, is a barrier that
prevents the traders from realizing the full price of goods at the port. For exporters,
this component may capture that goods require additional packaging to be shipped
abroad. For importers, it may reflect other costs associated with getting the goods
out of the port and into the roads. Thus, I compute for each good, including the
intermediate input:


ˆo(i)i
δ
f
.
dˆiF,k = (1 + τ ) 1 +
p̄k
The calculation of iceberg costs delivers a unitless estimate, as p̄k and fˆni are
measured in units of currency per weight. Note that the freight rate is constant
across crops for a given origin-destination pair, and therefore the iceberg trade cost is
inversely related to the observed price of the crop. This captures the fact that goods
with higher value to weight are more likely to be traded.44
I choose δ and τ to help the model replicate, as best as possible, the variation in
farm-gate prices observed in the data. In a coarse grid search, values of δ = 2.5 and
τ = 0.5 maximize the correlation between the equilibrium farm-gate prices produced
by the model, and those observed in the data. Table 3 summarizes the distribution
of dˆni,k , by crop k, pulling together across all pairs of domestic regions. It shows that
43

For example, Chaney (2011) has recently explored the implications of networks in trade. Allen
(2014) has shown that information costs are an important part of total trade costs.
44
See Hummels and Skiba (2004)
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there is substantial variation across regions and crops (with averages not unlike those
reported, in a different context, by Anderson and van Wincoop (2004))

5.4

Land Quality Parameters, Ai,k

To estimate the Ai,k parameters I rely heavily on the model structure. Assumption
2 imposes that the only way to learn about the relative values of the parameters
Ai,k is by comparing land allocations across crops, within a region. In contrast, data
on revenue per unit of land and physical yields are informative about the common
component of all Ai,k within a region.
My approach, which extracts the model parameters using data on the endogenous
variables, is an alternative to the use of external measures of productivity.45 Costinot
et al. (2015) and Costinot and Donaldson (2014), for example, use directly the potential quality measures produced by the GAEZ project. This method has the benefit
that the productivity measures are independent of the model, insofar as the researcher
only needs to choose how to interpret the productivity data. Its main shortcoming is
that, although constructed with extreme care, the GAEZ measures are an imperfect
measure of actual land quality. For my application, there is an additional complication: GAEZ does not estimate potential productivity data for some goods that are
important in my database.
My procedure follows two steps. First, I construct the value of the productivity
index Φi at the baseline, using equation (14):
Φi =

γ̄i Vi
,
Hi

(23)

which uses the aggregation properties of the model to infer region i’s aggregate land
productivity from data on its land share of income, total value of production, and
land endowment. In the second step, I combine this common component of land
45
The idea of combining the model structure with data on endogenous variables to estimate the
model’s primitives has many antecedents in the trade literature. Waugh (2010) discusses the correct
econometric specification of the gravity equation in Eaton and Kortum (2002), and Levchenko and
Zhang (2011) refine this technique in a many-sector, many-factor model. Using a different model,
Anderson and Yotov (2010) show also how to use the model structure to recover model parameters.
See Head and Mayer (2013) for an evaluation of recent approaches to the estimation of gravity
equations in trade. Closer to my approach, Costinot et al. (2012) exploit the Eaton-Kortum model
to relate bilateral trade flows to the level of productivity in the source country. In a growth and
talent allocation context, Hsieh et al. (2013) back out the frictions to the allocation of labor across
occupations using the structure that a Fréchet distribution for unobserved talent imposes.
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quality for all crops, with data on prices and land allocations across crops. Using
equation (7) to solve for Ai,k we obtain:46
1
θ
Ai,k = ηi,k

Φi
.
λi,k

(24)

We can take these expressions to data because pi,k , ηi,k , Vi and Li,A are measured
directly, and equation (23) tells us how to measure Φi with the regional aggregates.
Let us take a moment to interpret this equation. The statistic Φ̂i shifts all estimates Âi,k proportionally, based on how much output is produced in i, compared
to its endowments. A large value of ηi,k requires a higher land quality for crop k,
relative to the other crops, to rationalize it. But we must also net out the effect of
the profitability of growing that crop in i, λi,k , which also tends to generate a large
land allocation to crop k.47

5.5

Estimation of Domestic Demand Elasticity

To estimate the elasticity of substitution across crops, σ, I bring in a new dataset
with detailed information of household expenditures and the prices they pay.48 The
data come form a living-standard survey called called Encuesta Nacional de Hogares
(ENAHO). The survey samples, for each year, many households for many regions i. I
treat each household as randomly sampled from the model, and match its consumption to the goods k used in the simulation.
Consistent with the model of demand, I estimate β EN AHO in




AHO
EN AHO
AHO
log shareEN
= ιk + ιh + ιt + β EN AHO log vi,k,t,h
+ EN
i,k,t,h
i,k,t,h
AHO
where shareEN
is the expenditure share and vi,k,t,h is the unit value (expenditure
i,k,t,h
divided by quantity) of crop k for household h at time t in region i. In this regression, the coefficient on the unit values, β EN AHO , is an estimate of − (σ − 1) after
AHO
controlling for fixed effects for household, crop and time. The error EN
reflects
i,k,t,h
46

The appendix explains how to construct the values of λi,k at the baseline.
The estimation of Ai,k is not free of error; the observations for pi,k , ηi,k , and the aggregate
variables used to infer Φi are themselves estimates, just like the values of θ and γk . Even if the
model is correct, we are ignoring the sampling variation and hope for an unbiased estimate of Ai,k ,
at best.
48
Appendix G discusses the estimation of expenditure shares αk .
47
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that expenditure in each category and physical quantities are measured with error.
Moreover, since unit values are often not measured directly, but rather as the ratio
of expenditure and quantity, these measurement errors create a bias concern.49
For this reason I implement a simple IV strategy based on the assumption that
AHO
international prices and transportation costs are orthogonal to the error EN
. In
i,k,t,h
particular, I instrument log vi,k,t,h with

Zi,k =



log (pF,k

+ fi,k ) , if ηi,k = 0


log (pF,k

− fi,k ) , if ηi,k > 0

This instrument captures a simple idea. On the one hand, if ηi,k = 0, the region cannot
produce crop k so, unless its importing costs are too high, the supply of the crop in
question will be affected by the price of delivering the crop from abroad, approximated
by, pF,k + fi,k . On the other hand, if ηi,k > 0, region i produces some amount of crop
k, and, provided trade costs are not too high, will export it, so the price will be close
to pF,k − fi,k . Combining the information on trade costs and international prices is
crucial to generate enough variation in the data such that household and crop fixed
can be included in the estimation. Results are similar when using region, instead of
household, fixed effects.
Table 4 displays the estimate, β̂ EN AHO using OLS and an IV strategy based on the
instrument just discussed. The observations that I can match between ENAHO and
the National Statistics on agriculture account for 8.3% of total household expenditure
in the survey. The results are consistent with a story where there observed expenditure
shares and unit values are correlated, and where the instruments are orthogonal to
the errors. In the first stage (results not shown), the coefficient of the instrument Zi,k
is .307 (.004). Based on the second stage, I set σ̂ = 2.64.50

6

Baseline Simulation

In this section, I discuss how to simulate the model and compare its predictions to
the data. The key numerical challenge in solving the model is to find the cheapest
49

See Deaton (1997)
A value of σ = 2.6 seems to be on the higher end of plausible values, as compared, for example,
with Behrman and Deolalikar (1989), who estimate 1.2 for the elasticity of substitution between
broad food groups, at low levels of income.
50
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exporter for each importing region, because in the equilibrium some pairs of regions
may not trade at all.51 Hence, the simplest representation of the equilibrium includes
prices, trade flows and a set of complementarity constraints arising from the traders’
problem.52
The rest of the section discusses the model’s fit at the baseline. As shown below,
the model does a good job of capturing variation in the price and land allocation
data.

6.1

A Simplified Representation of Equilibrium

To explain the basic structure of the model and to discuss how to solve it, I now
show that the model’s simplest representation corresponds to a standard general
equilibrium model with linear production technologies. The first step is to redefine the
commodity space, which will now “stack” the crops in each region, the manufactured
good, and the agricultural labor in each region. Thus, for example, the vector of
prices is

p=

h

p1,1 . . . p1,K . . . pI,1 . . . pI,K pM w1,A . . . wI,A ρ1 . . . ρI

iT

.

Likewise, one can define the corresponding vectors for market demands, C, supplies,
Q, and endowments, L, of each commodity. The vector of excess demands is then
Z = C − (Q + L). All these vectors contains functions of p. Note that land plots
ω have effectively disappeared from the commodity space in this formulation. The
reason is that the probabilistic model of heterogeneity allows us to embed optimal
land allocations in the expressions for crop supplies contained in Q.
Next, trading possibilities are captured in a matrix of linear technologies. Techniques for trading with Foreign produce crops using other crops. For example, if
51

See the appendix for more details. The absence of trade linkages between pairs of countries is
an established fact in the data that quantitative trade models often cannot generate (see Helpman
et al. (2008) and Eaton et al. (2012)).
52
This approach differs from the standard in quantitative trade models, which usually exploit the
the assumption – due to Armington – that goods are differentiated by country of origin, or boil
down the model to one of pure exchange in factors of production (Alvarez and Lucas (2007).) See
Shoven and Whalley (1992), p. 81, for a discussion of the role of the Armington assumption in
CGE trade modeling. Arkolakis et al. (2012) have shown that, despite their richer microeconomic
underpinnings, the newer models have a similar general equilibrium structure to that of the earlier
CGE models.
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region i wants to import good l by exporting good k, then one unit of l delivered in
i, requires dF i,k diF,l pF,l /pF,k units of crop k. Domestic trade simply transforms crop
k in region i into crop k in region n, with unit requirement dni,k . Denote the matrix
of such techniques by B, which is not a function of p.
It becomes clear that both prices p and trade flows s need to be part of the
equilibrium definition. In fact, an equilibrium is now a set of prices p and activity
levels s such that (i) Markets clear Z (p) = Bs and (ii) Traders make non-negative
profits pB ≤ 0, with profits equal to zero if the activity level is strictly positive. Since
alternative trading techniques can “produce” the same good, one should expect that
many of those techniques go unused. A zero in the vector s corresponds to a zero in
the bilateral trade matrix, so often regions will not trade.
Solving the model requires finding p and s such that (i) and (ii) above hold.
Walras Law implies that one market clearing condition can be dropped to choose a
normalization. In practice, computation of the solution is not trivial and the choice
of normalization affects the speed of convergence. Choosing pM = 1 seems to allow
the solver to find the solution quickest.53 Note also that, with condition (ii), it is
not obvious how to use excess demands to produce a mapping, should one decide to
construct an iterative algorithm from scratch.

6.2

Fitting Farm-Gate Prices and Land Allocations

I start by comparing equilibrium crop prices, pi,k , in the model and in the data. Since
the national statistics database focuses on producers, we only observe farm-gate prices
for the crops that are being produced in a given region. This is important because,
to the extent that the model predicts a higher price in a non-producing region –
which we would expect in reality–, we will not be able to use such price variation in
the following comparisons. All we can examine is whether the model can replicate
producer prices, which is a tougher test of the model’s performance.
The left panel of Figure 4 shows the relation between price data and predictions,
combining between-region and between-crop variation (in a log scale). There is a
clear, positive relation between model and data. We would expect the model to be
able to capture this relation because, when we estimated the Ai,k parameters, we
53

In this version of the paper, I use KNITRO as a solver. Solving the model for a given
P set of
parameters usually takes between 30 minutes and 1 hour. Alternative normalizations, like i pi = 1,
take much longer.
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allowed them to capture the crop-specific variation in prices. International prices,
however, also exert an effect. A within-crop regression of log prices in the data on
log prices in the model – which measures the spatial dispersion of prices, ignoring the
fact that some crops are pricier on average – shows a coefficent of .93 and an R2 of
.36.
The right panel of Figure 4 compares land allocation ηi,k in the data and model
(in a log scale). The relation is noisier, but the predicted land shares cluster clearly
around the 45 degree line, especially for larger land shares. A pooled regression of
log shares in the data on log shares in the model gives a coefficient of .28 and an R2
of .18.
There are a few reasons why the model does not fit the data perfectly. For one
thing, the elasticity of land allocation with respect to prices is relatively large, θ/γ̄ ≈
1.68
= 7.63; for another, many parameters, like dni,k and Ai,k , are just estimates,
0.22
subject to sampling variation. Finally, actual cropping choices may also reflect the
farmers’ intention to diversify risk, so the model may predict too much specialization.

6.3

Non-analytic gravity

Although even simple versions of this heterogenous-land model do not produce an
analytical gravity equation, the model does generate a numerical one, at least as it
relates trade flows and trade barriers. Unfortunately, I do not observe domestic trade
flows in the data, which makes it impossible to use the empirical gravity relation to
test the adequacy of the theory. But given that gravity is one of the most successful
empirical relations in all of economics, one would expect that this relation applies
also in this environment.54
A standard log regression of the model’s predicted trade flows, pn,k zni,k , on the
effective distance measure that was an input in the solution of the model, yields a
coefficient of −0.9.55 Moreover, the elasticity of trade flows with respect to trade barriers is equal to -1.94. I both cases, the relationship is approximately log-linear with
substantial dispersion around the regression mean. In this context, such dispersion
54

Current trade workhorses such as Eaton and Kortum (2002), quantitative versions of Melitz
(2003), like Chaney (2008), or the Armington version of the model in this paper, due to Costinot
et al. (2015) do produce analytical gravity equations. For an up to date discussion of theory and
empirics of gravity equations, see Head and Mayer (2013)
55
After controlling for origin, destination and crop fixed effects. The value is a bit below -1, around
which many estimates seem to cluster. See Head and Mayer (2013).
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around the regression line is a sign that gravity is not a perfect description of the
data, instead of an indication that that zni,k or dni,k are measured incompletely or
with error.56

7

The Effect of Improving Market Access

What are the effects of large-scale market access policies in this environment? I
compute a counterfactual equilibrium where I simulate the paving of all departmental
highways (recall, second in the hierarchy). The extent of market access improvement
is governed by the estimates of the transport cost model in Section 5. Those estimates
show what is the reduction in freight rates that occur, for example, if a dirt road is
paved. These policy counterfactuals are also a way of showing the model at work.57
The policy requires paving approximately 33,000 km. of roads. At the baseline,
approximately 11,000 km. are dirt roads, while the rest is graded. This policy has a
pervasive but disparate impact on the cost of trading. Pooling across all crops, for
example, there is a median reduction of 9.4% in iceberg costs. The distribution of
trade cost reductions is skewed to the right, with a mean of 10.5% and a standard
deviation of 4.08%. The effect is asymmetric and trade costs that, at the baseline, were
relatively low are essentially unaffected because they were generated by traversing
high quality highways to begin with.

7.1

Productivity

The effect on productivity depends on the units in which we express the multi-crop
revenue function. As discussed in Section 3, for thinking about productivity, it is
convenient to choose a unit of account whose value does not change as a result of the
56
These results are in line with Deardorff (1998), who constructs special versions of a neoclassical
model of trade that deliver empirical gravity relations. Provided that patterns of specialization
in production are stable, bilateral trade flows are analytically determined by his model, and the
elasticity of trade flows with respect to trade barriers is equal to − (σ − 1). Simulations not included
in the paper confirm that, in my model, trade flows decrease when trade barriers increase, with a
strength directly related to σ.
57
In the wake of Eaton and Kortum (2002) and Dekle et al. (2008), much recent work has used
models whose equilibrium predictions can be matched exactly to data on trade shares, and has then
exploited the model’s analytical properties to evaluate policy counterfactuals. A main benefit of this
strategy is that it circumvents the need to estimate most of the underlying model parameters. For
example, see Caliendo and Parro (2015), Parro (2013), Ossa (2014). The strategy is not applicable
here.
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policy. Therefore, I express revenue in terms of units of the intermediate input at the
port.
To build intuition, I start by analyzing the multi-crop index of productivity defined
in equation (17), which measures the amount of intermediate inputs γat at the port,
α
1−β
. A first
that can be produced with one unit of the land and labor bundle Hi1−β Li,A
order approximation is useful to understand the effect of the policy and why one
β
− 1−β

needs to simulate the model. To a first order, the log change in ρi
−

γ

Φ̃i1−β is

β
1 X
d log ρi +
ηi,k d log pi,k .
1−β
1−β k

This formula is useful in special cases. Suppose a region exports all its output to
the rest of the world, while it imports the intermediate input, with iceberg costs
independent of the good. In that case, the approximation will yield an increase equal
to the absolute value of (1 + β) / (1 − β) d log d, in the same order of magnitude of
the change in trade costs. This is just the envelope theorem at work: to a first order,
changes in prices do not change factor allocations nor revenue shares, which are used
to weigh the price changes across crops (see Costinot and Vogel (2014)).
But recall that the model is substantially richer. Each region exports and imports
some goods, and equilibrium prices reflect more than just the prices at international
markets. Crop-specific technologies make it impossible to compute a simple index
like in equation (17). Finally, for some regions the changes in trade costs are large
enough that a first order approximation will miss the effect of land reallocation.58
Figure 5 presents the distribution of productivity gains, which we can measure as
(Vicounterfactual / Vibaseline − 1)×100. Since the amound of land and labor supplied
to the sector does not change, the measure reflects change in the efficiency with which
factors are transformed into revenue. This policy has large effects and the vast majority of regions experience productivity increases. The median region’s productivity
increases by 9%, whereas a region in the 90th percentile sees its productivity increase
58

One can show that in the model with homogeneous technologies, the second order approximation
to the percent change in Φ̃i is
1 T
1
dη d log p + θ 2 d log pT M (η) d log p + K (η, γ) .
γ
2γ
This expression shows that, conditional on the baseline land shares η, the second order effect of the
change in prices is indexed by θ. That is, if there is less heterogeneity, farmers can take advantage
of the changes in prices by reallocating land towards pricier crops.
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by as much as 33%.59

7.2

Welfare

But in calculating the benefits of this policy, one must also look for the changes in
real income across regions and types of workers.60 At the baseline, the inter-quartile
range of log real income is 1.58. Figure 6 shows that, in terms of welfare, this policy
generates winners and losers among farmers. As one would expect, welfare gains for
farmers tend to increase with how much their trade costs decline. The farmers hurt
by the policy are mostly those who were initially well connected.
The overall welfare effect for farmers reflects two forces. On the one hand, the
policy increases the supply of food relative to manufactured goods everywhere, thus
decreasing food’s relative price, Pi /pM . On the other hand, the relative prices of crops
within the food category also adjust. Consider how the increased supply of domestic
crops to urban markets affects farmers differently, depending on how connected they
were at the baseline. If the farmer was initially well connected, he was fetching higher
prices in urban markets, and therefore the policy decreases the relative price of his
output. In contrast, for a farmer in a remote region, the decrease in trade costs pushes
up the price he collects. If a farmer can specialize in cash crops, however, the shift
in domestic supply is not as important, as he can export his output. How much each
farmer benefits from changing crop prices depends on the strength of comparative
advantage, governed by θ.
To gain a more concrete understanding of the effects of the policy, let us compare
the regions at the 10th, 25th, 75th and 90th percentiles of the distribution of farmer
welfare changes induced by the policy. Figure 7 plots, for each one of these regions,
the change in land allocation and change in crop prices (now relative to the numeraire,
the manufactured good), as a function of the land allocation at the baseline. The
region at the 10th percentile (8% welfare loss) experiences drops in all crop prices,
which is the bulk of the net effect. It was quite specialized to begin with, and has no
room to maneuver. In contrast, the region at the 25th percentile (5% welfare loss) is
able to repurpose its land to crops whose price increases. The experience of the 90th
59

Note that these measurements are different from those reported, for example, in Restuccia et al.
(2008). The FAO statistics used by them evaluate quantities across countries at a fixed set of prices.
60
Since preferences are homothetic in the model, we can study separately the changes in welfare
associated with farming and non-farming labor.
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percentile and 75th percentile regions (21% and 13% welfare gains) illustrate the joint
effect of better prices and improved allocation.
Although the model is simple in terms of the division of labor between agriculture
and non-agriculture, it captures something essential: in rural areas, there are large
fractions of the population that are net food buyers. A simple way of assessing the
impact of the policy on net food buyers is to calculate the change in welfare of the
non-farming population. Although the changes are relatively small, Figure 6 shows
that in places where the price of food increases due to better access to markets, net
food buyers can be harmed.61 Not surprisingly, it is precisely the workers in the
regions that saw the larger improvements in market access the ones that are harmed
the most.

8

Conclusion

I estimate the effect of domestic trade costs on agricultural productivity and incomes
by connecting data on Peruvian agriculture with a model of trade and specialization.
The model makes predictions about land allocations across crops within a region and
gives precise indications of how to interpret other geographically disaggregated data
on crop prices and yields.
The message of the paper is that barriers to market access have a negative effect
on farmers’ productivity. Large-scale infrastructure policy, however, can generate
winners and losers if crops are substitutable and there are barriers to the movements
of factors, in spite of the possibility of reallocating land according to comparative
advantage.
The framework I have presented can be further developed to answer other questions at the intersection of development and trade. For example, since Engel’s Law
is a prominent feature in consumption data, augmenting the model in this paper to
incorporate non-homothetic preferences can help shed light on how income inequality
shapes the urban-rural exchange. Also, I have estimated large geographic dispersion
in productivity and welfare within Peru. How can this productivity dispersion persist
in the long run, especially if people can move within a country? This paper suggests
that there is a payoff to frameworks that jointly explain barriers to trade and barriers
61

The quartiles of the distribution of welfare gains for manufacturing workers are 1.3%, 2.1%, and
2.4%
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to labor mobility from less to more productive farming pursuits.
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Tables and Figures
Table 1: Estimation of Inverse Heterogeneity θ
(1)
1/γ
log ỹik pik k
log ηik
0.596∗∗∗
(0.0969)
Crop FE

Yes

Region FE

Yes

k
Region x 1−γ
γk
Observations
Adjusted R2

Yes
574
0.826

Standard errors in parentheses
∗
p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Table 2: Estimates of the Transportation Model
Constrained Road Quality
Model
Model
log effective distance βdist
0.209
0.831
( 0.110)
( 0.211)
high quality λhi
1.000
1.000
—
—
low quality λlo
1.000
23.919
—
( 16.503)
Intercept β0
-3.139
-7.812
( 0.507)
( 1.456)
N
46
46
R-squared
0.499
0.786
Bootstrapped standard errors in parentheses
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Table 3: Summary Statistics of the Estimates of Iceberg Trade Costs, dˆni,k
asparagus
avocado
banana
barley grain
cacao
cassava
coffee
cotton branch
dry bean
grape
key lime
maize (amilaceo)
maize (choclo)
maize (yellow hard)
onion
orange
potato
rice
tangerine
wheat

mean

std

10%

25%

50%

75%

90%

max

1.36
1.68
2.71
1.90
1.18
2.34
1.17
1.37
1.36
1.53
2.13
1.53
2.13
2.07
2.19
2.36
2.35
1.88
2.33
1.71

0.23
0.42
1.08
0.57
0.12
0.84
0.11
0.23
0.22
0.33
0.71
0.33
0.71
0.67
0.75
0.86
0.85
0.55
0.83
0.45

1.17
1.31
1.79
1.41
1.08
1.61
1.08
1.17
1.16
1.24
1.52
1.24
1.52
1.49
1.55
1.62
1.62
1.40
1.61
1.33

1.23
1.43
2.09
1.57
1.12
1.85
1.11
1.24
1.23
1.34
1.72
1.34
1.71
1.68
1.76
1.86
1.85
1.56
1.84
1.45

1.31
1.57
2.45
1.76
1.16
2.13
1.15
1.31
1.30
1.45
1.96
1.45
1.95
1.90
2.00
2.15
2.14
1.74
2.12
1.60

1.40
1.74
2.88
1.99
1.20
2.47
1.19
1.41
1.39
1.58
2.24
1.58
2.24
2.18
2.31
2.49
2.48
1.96
2.46
1.78

1.66
2.23
4.13
2.65
1.34
3.45
1.32
1.68
1.65
1.97
3.07
1.97
3.06
2.96
3.17
3.49
3.46
2.60
3.42
2.30

2.05
2.94
5.94
3.60
1.53
4.85
1.50
2.07
2.03
2.53
4.26
2.52
4.24
4.08
4.42
4.92
4.87
3.52
4.82
3.05

Table 4: Instrumental Variable Estimation of Elasticity of Substitution, σ
OLS
IV
0.298∗∗∗
-1.648∗∗∗
(0.00402)
(0.0418)
Observations
362287
357731
R2
0.573
0.225
Adjusted R2
0.446
0.006
Standard errors in parentheses
Regression includes Province, Crop and Year FE
∗
p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
log unit value
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Figure 1: Peru: Geography and Roads

Note: Peru’s road system is divided in three levels: National, Departmental and Neighborhood roads. The map plots only the first two, to avoid clutter.
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Figure 2: Cost Shares of Land across Crops γk
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Figure 3: Identification of Inverse Heterogeneity θ

Figure 4: Fitting Price and Land Allocation Data at the Baseline
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Figure 5: Counterfactual Change in Agricultural Productivity: Departmental roads
paved

Note: The Y axis plots the percent change in Vi , in terms of intermediates at the output.
At constant endowments, this measures changes in productivity.
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change in

wi,M
Pib p1−b
M

Note: In the left panel, the Y axis plots the percent change in

Pib p1−b
M

(1−β̄i )Vi /Li,A

. In the right panel, The Y axis plots the percent

Figure 6: Counterfactual Change in Worker Welfare: Departmental roads paved
(a) Agricultural Workers
(b) Non-agricultural Workers

Figure 7: Experiences with Paving Roads

54

