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Abstract

This paper studies the impact of economic development on greenhouse gas emis-
sions (GHG) from food production. We first document the environmental implications
of two agricultural transformations linked to economic development. First, a shift in
consumer demand to food products with higher GHG emissions. Second, the adop-
tion of modern, input-intensive technologies with higher levels of GHG emissions. We
incorporate these two mechanisms in a quantitative, general equilibrium framework
by featuring, on the demand side, different income elasticities across food products
and, on the supply side, multiple agricultural technologies, with crops and technologies
being heterogeneous in their greenhouse emissions. We provide an approach for the
estimation of income elasticities that sidesteps the need for price data by exploiting the
model’s open economy structure. Using the quantified model, we first find that about
two thirds of the observed correlation between emissions and income is due to intrinsic
preferences for diet, suggesting that the effect of economic growth on emissions will be
less than the raw data would suggest. Second, we conduct a host of policy counterfac-
tuals related to future economic growth, sustainable diet policies and trade policies, all

of which have large interest in the literature and from the public more generally.
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1 Introduction

Food production is a critical factor in climate change, accounting for approximately one-third
of global greenhouse gas (GHG) emissions (Crippa et al., 2021; IPCC, 2022). Moreover, richer
nations contribute disproportionately to these emissions, notably due to their typically meat-
intensive diets and intensive use of farm machinery and fertilizers (McDermid et al., 2023;
Tilman et al., 2002, 2011). This raises concern that, as the rest of the world continues to
grow economically, their emissions from food production will catch up to the emissions from
developed countries, exacerbating global climate change.

Several factors, however, contribute to the higher agricultural emissions in richer coun-
tries. Some of these factors might worsen with the process of economic development, such
as the nutrition transition—the shift from cereal dominance to meats, fruits and vegetables
as countries enrichen (Subramanian and Deaton, 1996; Deaton and Dreze, 2009)—and agri-
cultural modernization—the increase in the use of intermediate inputs such as fertilizers and
machinery (Johnston and Mellor, 1961; Schultz et al., 1968; Gollin et al., 2007; Farrokhi and
Pellegrina, 2023). Other factors, such as variation in intrinsic preferences in diet, the pat-
terns of comparative advantage in specific crops, or the geographic location of the country,
may persist regardless of economic growth. Understanding the role of economic development
on food emissions demands a framework that allows one to separate the influence of these
different factors.

This paper studies the relationship between diet and agricultural emissions, and how
this is transformed by economic development. We develop a quantitative, multi-country,
general equilibrium model that incorporates the aforementioned factors. To quantify our
model, we bring together several data sources, resulting in a rich, cross-country dataset
with information on calorie consumption and GHG emissions (in tons of CO2 equivalent)
from food production. In addition, we provide a new approach for the estimation of income
elasticities that sidesteps the need for price data by exploiting the model’s open economy
structure. We then use the quantified model to decompose the contribution of economic
development on the agricultural emissions across countries, and to simulate counterfactuals
to evaluate the global impact of economic growth and of sustainability policies associated
with food emissions.

We begin by documenting four empirical patterns about agricultural GHG emissions,
and economic development. First, GHG emissions vary considerably across countries due
to differences in their diet composition, suggesting significant implications for global GHG
emissions. For example, if the entire world adopted the US diet composition of food prod-

ucts while maintaining their same calorie intake, the share of global GHG emissions from



agriculture would increase by 12 percentage points, an increase of 40 percent. Second, GHG
emissions per calorie and per capita from food consumption increase strongly with GDP per
capita. Third, food products with higher levels of GHG emissions per calorie have higher
income elasticities, indicating that as countries become wealthier, their diets shift towards
more environmentally harmful food products, highlighting the environmental implications

of the nutrition transition.

Fourth, the share of emissions from fertilizers and energy use
relative to total emissions from food production rises with GDP per capita. This within
crop variation, in contrast to the between crop variation in pattern three, highlights the
environmental implications of agricultural modernization.

We construct our model to rationalize these empirical patterns. On the demand side,
households have a nested, non-homothetic CES preference structure with many goods, which
allows for differences in income elasticities across food products. On the supply side, based
on Farrokhi and Pellegrina (2023), we feature highly granular grid-cells covering the entire
surface of the Earth. Each cell hosts an agricultural producer choosing which crop to plant
and the amount of GHG-intense, intermediate input usage. As such, cross country differ-
ences in GHG emissions from agriculture stem from both differences in diet patterns, due
to differences GHG emissions by food product, and from differences in production methods,
due to the adoption of technologies with different input use levels. We provide a first or-
der approximation result that highlights the different mechanisms driving the relationship
between country-level emissions and economic growth.

We develop an estimation strategy of the income elasticities based on a linear regression,
generalizing the method used in the literature —e.g., Comin et al. (2021)— to the non-nested
CES version and to an open-economy model. Notably, we show that, unlike in the closed-
economy version of the estimation of these preferences, price data is not needed for estimation
when we estimate the model in an open economy. Specifically, we show how trade shares
can be used to construct a sufficient statistic for the prices experienced by a representative
consumer in that country. We estimate the technological parameters governing the GHG
emissions by crop and country using information on GHG emissions by crop and GHG
emissions across countries. Our quantified model closely matches numerous key relationships
between GHG emissions, economic development and agricultural technology use in the data.

We first use the quantified model to understand the causal drivers of the observed,
strongly increasing relationship between food GHG emissions and income across countries.
This is critical for understanding the implications of economic growth for emissions and the

appropriate policy response. We find that about two-thirds of the correlation is driven by

Tn particular, we find that this relationship persists even if we do not consider meat consumption, as
vegetables and fruits tend to emit more per calories than staple foods like yam and potatoes.



intrinsic diet preferences (reflecting for example culture or demographics), rather than in-
come. This reveals that the effect of economic growth on emissions would be less than the
raw data would suggest.

We second use the quantified model to conduct a host of policy counterfactuals related
to future economic growth, sustainable diet policies and trade policies, all of which have a
lot of interest in the literature and the public at large. For each counterfactual, we present
the effect on welfare and emissions, and decompose the latter to understand the channels
driving the change, such as due to the nutrition transition, agricultural modernization, and
general equilibrium effects. The results and discussion of this exercise are still preliminary.

The outline of the paper is as follows. We first review the literature in the remainder of
this section. In section 2, we describe our data and present the empirical patterns. In section
3, we present our quantitative model. In section 4, we quantify the model. In section 5, we

present the results from our quantitative exercises. In section 6, we conclude.

Related Literature. This paper contributes to growing research on climate change using
quantitative spatial models (see Desmet and Rossi-Hansberg, 2024 for a survey). Several
recent papers have used these models to evaluate the impact of climate change on economic
activity (Balboni, 2019; Bilal and Rossi-Hansberg, 2023; Burzyriski et al., 2022; Cruz and
Rossi-Hansberg, 2024; Desmet et al., 2018) or to evaluate the role of policy in reducing GHG
emissions (Farrokhi and Lashkaripour, 2021; Conte et al., 2022). Conversely, and similar to
us, Caron and Fally (2022) analyze the effect of income growth on GHG emissions. They
also use a non-homothetic, spatial model, but their focus is not on agriculture, and their
work is silent on the nutrition transition and agricultural modernization.

Focusing on the agricultural sector, Conte et al. (2021); Nath (2022); Costinot et al.
(2016); Gouel and Laborde (2021) analyze the effect of climate change on agricultural spe-
cialization and reallocation between sectors. Dominguez-lino (2021); Farrokhi et al. (2023);
Hsiao (2021) study the impact of trade and tax policies on forest area and the implica-
tions to CO2 emissions. We innovate in this broad literature by assessing the environmental
implications of changes in diet and agricultural modernization.

Our paper speaks to classic work on the relationship between nutrition and economic
development. In the seminal paper Subramanian and Deaton (1996), it is shown that the
price of food per calorie increases with income, which can be interpreted as a shift to food
products with higher value added, a form of nutrition transition (Drewnowski and Popkin,
1997; Du et al., 2004). We uncover the environmental implications of this phenomenon and
bring a quantitative model to study it.

Lastly, we contribute to the extensive literature in environmental science evaluating the



impact of diet on emissions (Wallén et al., 2004; Carlsson-Kanyama and Gonzalez, 2009;
Hoolohan et al., 2013; Perignon et al., 2017; Hale et al., 2024). Our main contribution is
to bring an economic model that accounts for different forms of economic adjustments, in
particular incorporating the resulting changes in production costs and price that changes in
food demand will induce. Abstracting from supply side responses seem highly consequential
for the estimated effects of diet on emissions, as presumably production becomes more costly

as aggregate demand is shifted by changes in diet.

2 Data and Empirical Patterns

Our dataset contains 90 countries, plus a representative country for the rest of the world, and
47 food products listed in Appendix Table XXX. For each country, we have information on
calories intake by food product, CO2 emissions from food production and consumption, bi-
lateral trade flows and gross output by sector. Moreover, for each food product, we construct
grid-level information on potential yields for more than 1 million grids across the Earth.? For
a subset of countries, we collect household level data with information on consumption. This
section briefly describes our data and presents empirical patterns relating calories consumed
and produced, CO2 emissions and economic development. Appendix OA describes the data

in detail.

2.1 Data

GHG emissions from agriculture. There are two major datasets used to study GHG emis-
sions from food production at a global scale, both of which we use in our analysis. The
first dataset comes from Poore and Nemecek (2018) (hereafter, PN18). This is the largest
meta-analysis of food systems to date and represents the state of the art in terms of the
measurement of global GHG emissions (in tons of CO2 equivalent) by food product. Specif-
ically, the authors collect information from more than 1500 studies to construct measures
of GHG emissions for more than 80 food products, representing 90% of protein and calorie
intake worldwide. They provide measures of the global GHG emissions by food product. We
build crosswalks to match the food products from PN18 to the food products in our data on
calories consumed and bilateral trade flows.® Their data shows large variation in the GHG

emissions per calorie across food products. For example, meat and coffee generates more

2For the time being, for computational reasons, we are utilizing only 100 fields per country. We will use
the entire set of fields in the next iteration of the paper.
3See Appendix Table O.3 and O.4 for the crosswalk.



than 35 kilos of CO2 per 1000 kilocalories, whereas wheat and rye produce less than 5 kilos
of CO2 per 1000 kilocalories — see Appendix Figure 0.2.4

The second dataset is the Emissions Database of Global Atmospheric Research (EDGAR-
FOOD), which is constructed by Crippa et al. (2021). This provides cross country-level
information on CO2 emissions by stages of agricultural production — e.g., production, pro-
cessing, and packaging. This dataset is designed to be consistent with the measures of CO2
emissions reported in the original EDGAR dataset, which contains information for all sectors
in the economy, and with Food and Agriculture Organization Corporate Statistical Database
(FAOSTAT), which we utilize for information on agricultural production and consumption.
Relative to PN18, this dataset does not provide CO2 emissions by food product, but it

provides measures of GHG emissions for a wider range of countries.

Trade and production of food products in calories and values. For calorie intake by country
and food product, we collect data from the Food and Agriculture Organization (FAO) Food
Balance Sheets (FBS). These data come from a special annual report produced by FAO
since the 1960s that focuses on calories consumed by food product across countries We
combine these data with information on CO2 emissions by food product from PN18, which
allows us to construct a measure of GHG emissions implied from food consumption patterns.
Specifically, we take a simple approach to construct our measure of GHG emissions from food
consumption: we multiply the average GHG emissions by calories obtained in PN18 by the
total calories consumed by food product collected by FBS.

We also bring in data on bilateral trade flows and revenues by food product from FAO-
STAT and data on value added by sector (agriculture, services and manufacturing) from the
United Nations. Both of these datasets are measured in dollar values. We also collect data
on fertilizer use per crop measured in tons, produced by Ludemann et al. (2022) based on the
global reports from the International Fertilizer Association (IFA-STAT). Lastly, information
on GDP per capita and total labor employment comes from the Penn World Tables.

4In addition, we collected data on CO2 emissions by stages of production from Emissions Database
of Global Atmospheric Research (EDGAR-FOOD). This dataset provides cross-country measures the global
GHG emissions from the agricultural sector, disaggregated by stages of production, such as packaging, retail,
and production.. These data allow us to create, for each country, separate measures of CO2 emissions from
farm production and from food processing. We plan to incorporate this dataset in the next iteration of our
work. See Appendix Complementary Pattern OB.

5This is an implied measure of CO2 emissions that does not take into account whether the food product
that was consumed in a given country was produced with or without a CO2-intensive technology. Since the
food products produced with different technologies are the same from the point of view of the consumer (and
especially the data), we are unable to take that dimension into account.



Figure 1: Implied global GHG emissions from each countries’ diet (2015)

(a) Selected Countries (b) Distribution across countries
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Notes: we calculate the change in food GHG emissions from changing the composition of global food composition to that of
a particular country, while holding fixed total calories consumed. Data on emissions is from Poore and Nemecek (2018) and
number of calories from FAO-STAT.

Household expenditure. To bolster our results related to the patterns of food consumption
by income, we additionally collect household consumption data. Specifically, we use the
Brazilian Consumer Expenditure Survey, POF, which is a household expenditure survey data
conducted by the Brazilian census bureau, IBGE. Among other uses, this data is employed

in the construction of consumer price indexes.

2.2 Empirical Patterns

Empirical Pattern 1. GHG emissions from food consumption per capita vary considerably
across each country’s diet. We start with a back-of-the-envelope calculation that shows that
diet changes have the potential to considerably impact global GHG emissions. Holding fixed
each countries’ total number of calories intake, we change the composition of these calories
to that of another country (i.e. the same proportions of beef, rice, etc), and calculate the
new share of total emissions given by food across the world. Figure 1 reports results from
this exercise. The factual food share of total emissions across the world is 30%. Whereas,
if the whole world adopts the diet of the USA, while keeping total calories unchanged, the
food share of total emissions across the world rises to 42% — see Figure la. This can rise
as high as 74% if the whole world adopts the Argentinian diet, and fall as low as 12% if the
Ethiopian diet is adopted. Figure 1b presents the distribution of these counterfactual shares
across all countries.

This exercise suggests that changing the composition of diet alone, without changing the
total amount of calories, has the potential to considerably impact global GHG emissions.

However, this exercise is effectively partial equilibrium, as it implicitly assumes there are



no changes in prices or incomes as a result of the changes in demand for food products due
to diet change. This is an unrealistic assumption, as presumably the food prices should
react across countries, and general equilibrium effects will shape aggregate outcomes. This

motivates the use of a quantitative model to account for these economic mechanisms.

Empirical Pattern 2. GHG emissions from food consumption per capita increases with
GDP per capita. Figure 2a shows a strong positive correlation between GHG emissions from
food consumption per capita and GDP per capita: a 1 percent increase in GDP per capita
is associated with a 0.34 percent increase in emissions. This relationship captures, at least
in part, a scale effect: as countries get richer, they consume more food, which mechanically
increases the GHG emissions from food consumption.® Indeed, Figure 2b shows a strong
positive correlation between calories consumed per capita and GDP per capita, which is
consistent with findings in the literature (Tilman et al., 2011; Subramanian and Deaton,
1996). Specifically, a 1 percent increase in GDP per capita is associated with a 0.11 percent
increase in calories per capita. Thus, the scale effect contributes about one third of the
correlation (Figure 2a). The remainder is due to a compositional effect: richer economies
consume calories from food products associated with higher GHG emissions per calorie. We
see this in Figure 3c, where we plot food GHG emissions per calorie against GDP capita. A 1
percent increase in GDP per capita is associated with a 0.23 percent increase in the emissions
per calorie consumed, which accounts for the remaining two thirds of the correlation.

This decomposition reveals that the food products consumed in richer economies are
associated with greater GHG emissions. In the next two empirical patterns, we provide
evidence suggesting that the nutrition transition and agricultural modernization help explain

this relationship.

Empirical Pattern 3. Agricultural goods with higher levels of GHG emissions have higher
income elasticities. The first mechanism regards the environmental implication of the nu-
trition transition (Tilman et al., 2011). This operates between food products and arises in
consumer demand: richer countries have preference for products that happen to emit more
GHG emissions. We investigate this here by providing reduced-form estimates of the income
elasticities for each food product, and correlating them with the product’s GHG emission

intensity. In Section 3.4, we revisit these estimates in light of our quantitative model. We

6The estimated relationship is approximately log-linear across different levels of economic development.
One could hypothesize an inverse-U shape — the Environmental Kuznets Curve — reflecting a decline in
emissions as countries get very rich, perhaps due to the adoption of more sustainable diets or governmental
policies. We find, however, no evidence of this phenomenon, like much of the literature (Dinda, 2004).
Appendix Figure O.3 shows that even within country, over time, we find no evidence.



Figure 2: GHG Emissions from Food Consumption, Calories Intake, and GDP per capita

(a) Food GHG per capita (b) Calories per capita
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use both cross-country level data as well as household surveys, and following the literature,
alleviate endogeneity of income by using fixed effects to control for prices and preference
shifters (Aguiar and Bils, 2015; Comin et al., 2021).

Cross-country Estimates. We estimate the following equation:
Eiri= 5- GHGpk, -GDPpCﬁ +©ik+ Ver + Kjt + ik (1)
s
=0k

where E; 1.+ is country j log expenditure on good & from all countries (“absorption”) in period

t.” The coefficient, ay,, on log GDP per capita in country 7, GDPpc;, is the income elasticity

"In this early version of the draft, we only have one time period, therefore the fixed effect specification is
simply ©; + k-



Table 1: Income Elasticity and GHG Emissions per calorie

(1) (2)

log (CO2pk) x log (GDPpc) 0.181*** 0.168**
(0.055) (0.065)
Observations 4110 3837
Adjusted R? 0.636 0.626
Excluding meat products - Y

Twoway (product, country) cluster robust standard errors in parentheses.
* p<0.10, ** p < 0.05, *** p < 0.01

of good k. We parameterize this as a function of CO2 emissions per kilo-calorie of good k,
O =0 - GHGpk,, in order to directly test the relationship between the income elasticities
and emissions across products. 5 captures in a reduced-form way how income elasticities
interact with the levels of emissions per capita per product.

For ;. to identify an income elasticity, we need to control for changes in price and demand
that are correlated with GDPpc. The fixed effects go some way to ensuring this. The
country-good fixed effect, ¢, i, controls for time-invariant determinants, such as geographical
proximity to productive producers, or a country’s secular tastes for particular diets. The
good-time fixed effect ~y;, captures any global factors, such due to good-specific technological
progress or effects of climate change. There may be remaining factors of concern (such
as regional technological change raising j’'s GDP and lowering prices of its nearby import
partners). Reassuringly, the results are similar to those from our structural estimation in
section 4.1.1, in which we use the functional form of our quantitative model to control for
endogeneity due to prices.

Table 1 reports our results for 4. Column (1) is the baseline, while column (2) excludes
meat products (“Beef”, “Goat sheep lamb”, “Pig meat”, “Poultry”) to check if these are driv-
ing our results. Our results are quantitatively similar in each case: a 1 percent increase in
GHGpk, is associated with a highly significant 0.25 percent increase in the income elasticity
of good k. Figure 3 shows our results for 0, (with & = Yam normalized to zero), the esti-
mates of the relative levels of the income elasticities across products, illustrating the positive
correlation between income elasticities and GHG emissions per capita. Our model in section

3 incorporates the influence of nonhomothetic preferences on GHG emissions.

10



Figure 3: Income Elasticities and GHG emissions per calorie
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Household Level Estimates. Appendix Section OB presents analogous estimates of the corre-
lation between income elasticities by food product and the CO2 emissions per product using
household level data from Brazil. Our qualitative findings are the same as the ones using
the country-level data: Food products with higher income elasticity are more harmful for
the environment and the correlation persists after controlling for a host of fixed effects and

proxies for food prices.

Empirical Pattern 4. GHG emissions from the use of modern agricultural technologies in-
crease with GDP per capita. The second mechanism regards the environmental implication
of agricultural modernization. This operates within food products and arises in agricultural
supply: richer countries have greater use of modern, input-intensive agricultural technologies
(such as fertilizers and farm machinery) for a given crop, which are associated with higher
levels of GHG emissions.® We provide evidence of this mechanism in Figure 4: GHG emis-
sions from fertilizer and energy use per unit of total emissions from agriculture increases with

GDP per capita.” Our model in Section 3 incorporates the influence of technological choices

8The process of intensification of agriculture is widely documented in the macro-development literature.
See, for example, Donovan (2021), Farrokhi and Pellegrina (2023), and Restuccia et al. (2008).

9This correlation may however be influenced by varying compositions of crops (each of which each have
different fertilizer intensities) produced as countries develop. Focusing on within-crop variation only, Ap-

11



Figure 4: GHG emissions from Energy and Fertilizers and GDP per capita
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on GHG emissions.

3 Model

This section develops a global, quantitative general equilibrium that features a rich structure
in agricultural consumption and production. On the demand side, consumers have non-
homothetic CES preferences for different agricultural goods, which incorporates the process
of nutrition transition in the economy. On the supply side, agricultural producers can choose
whether to employ a traditional, labor intensive technology or a modern, labor saving one,
each with different intensities of GHG emissions, which allows for the process of agricultural
modernization in the economy. After presenting the model, we discuss the GHG emissions
in Section 3.3, the income elasticities in Section 3.4, and derive an analytical expression,
based on a simplified version of the model, for the impact of economic development on GHG

emissions through agriculture.

pendix Figure O.5 shows that the amount of fertilizer use per unit of land is markdly increasing with GDP
per capita. This suggests that even for the same crop, richer countries use more fertilizer-intense technologies.

12



3.1 Model Environment

We consider a global economy consisting of many countries, indexed by ¢ or 5 € Z, each of
which is endowed with labor N; and land L;. The economy has two sectors s € {NA, A} = S,
representing agriculture and non-agriculture. Each sector is composed of multiple goods,
indexed by k € Ky, where K, is the set of goods that belong to sector s, and K = {K,},.5."°
Within the agricultural sector, each good represents different agricultural products, such as

meat, corn, and rice. Each country ¢ produces a unique variety of good k.

Consumption and Trade. FEach country ¢ has a representative consumer who has a nested
non-homothetic CES with a three tier structure.!' In the upper tier, utility U; is composed
of sectoral goods C~’Z-7S:

g
-1
o—1|°

S (@) Cop

seS

U; = (2)

We have three sectors in our model: the agricultural sector, s = A, the agricultural input
sector (representing machines and fertilizers), and the remainder of the economy (manufac-

turing and services). In the middle tier, sectoral goods C’LS are composed of multiple goods

C@',k:

=1
> (@) (U <Oi,k>*] . (3)
ke

In the agricultural sector, these goods correspond to crops. For the other sectors, we assume
only a single good in the middle tier. In the lower tier, goods C; are composed of multiple
varieties of goods c¢;i

-1
n—1 K

Cir = |- (@) (i) T | (4)

jET
Each country j produces a different variety of the good. Here, a; s, a;; and aj; ; are intrinsic
preference shifters for the upper, the middle and the lower tiers respectively, o is the elasticity
of substitution between sectors, ¢ is the elasticity of substitution between goods of each sector,

and 7 is the elasticity of substitution between varieties of each good.'> Non-homotheticity

10Tn this section, we assume two sectors to simplify notation. The essential mechanisms are unaffected. In
the quantitative model, we split the non-agricultural sector into manufacturing and services.

HSee Duernecker et al. (2024) and Hoelzlein (2019) for recent applications of the nested non-homothetic
CES preferences.

12We could normalize a; and a; s to 1 w.l.o.g.. For the calibration and counterfactuals of the model,
however, it is useful to keep these preference shifters separate. Note that this implies a normalization of a; j
and a;; 1 is then required in each nest.

13



arises at the sectoral s and good k level due to the endogenous preference weights for each
good, U*, with the parameter ¢, controling the income elasticity of good k. At the upper
tier, sectors inherit non-homotheticity from the goods, but at the lower-tier, varieties remain
homothetic.

The representative consumer chooses consumption, cj; , to maximize utility, U;, subject

Z Z iji,kzcji,k =E; (5)

sES keks jeT

to the budget constraint

where Fj; is total income. Appendix OC.1 shows that this preference structure implies that
for destination country ¢, the share of the expenditure on the variety of origin country j—i.e.,

the trade share—is .
—-n
_ DjikCjik  QjikPjik
Bjik (6)

= — 5

1_
PikCik Pik

that the share of on goods k from sector s (k) is

€x . 1—¢
PikCik i U; kpi,k
~ = ~1—¢ (7)

Bik = =
Di,s(k) Ci,s(k) Pi s(k)

and that the share of expenditure on sectoral goods s is

~ ~ ~ ~1—0
B _ pi,sci,s _ QisPi s
6s = - -0 =

(8)

Here, pj; 1 is the price of the variety of good k from country j sold in ¢. Price indexes are

given by

1-n _ 1-n ~1—¢ __ € 1—¢ l—0 ~1—0o
by = E :aji,kpji,ka Pis = E :ai:kUz’ Py and B 77 = E Pis > (9)

JET keKCs seS
where pj; , is the price of variety from country j sold in country ¢ of good k.
With this preference structure, the indirect utility of the representative consumer is solved
implicitly by!4
E
U,==. 10

Agricultural Production. The land endowment L; in each country is split into multiple
fields LY, such that > feF L{ = L;, where F; is the set of fields that belong to country i.

1)

13 Not having endogenous weights at the sectoral is w.l.o.g., and is equivalent to a normalization (see
appendix section OC.3).
“Implicit because P; is a function of U; through equation (9).
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Each field has a continuum of plots £. In each plot, agricultural producers choose which crop
k to produce, and with which technology 7 to produce that crop. The production technology
is o
f f er (i Ter )
vhe (0 = (21, (0) 7 (N, 0) (H (Migoer (0)) ) ,
k'ek

where zlf &, (£) is an idiosyncratic productivity shock, Ni’j wr (£) is use of labor, and M; . (¢)

is the use of the composite good k' as an input for production in k. The cost share of land,
labor and intermediate inputs are vZ, v and v and satisfy vZ + i + M = 1 and
vE AN AM > 0. There are two technologies available for production: (i) a modern, input
intensive (7 = 1 and v > 0) and (ii) a traditional, labor intensive (1 = 0 and ¥ = 0).
Ak 18 the share of inputs from sector k&’ used in the production of k.

Agricultural producers select the crop-technology pair that maximizes the return to land
in each plot ¢, max zft ir (0) h{ i, for all (k,7), where h;j, is the return to an efficiency unit
of land

N M

— 2z A — bz
L k'k
w; e [ TTwe HpexPik Ter
higer = pf?k TZ . ) (11)
pi}k pz,k

and w; is the wage of workers.

Following Farrokhi and Pellegrina (2023), we assume that 2/, (£) is drawn from a gener-
alized Frechet distribution with productivity shifters Tlf v and dispersion parameters 6; for
the draws of crop productivity and 6 for the draws of technology. With this assumption,
the fraction of the land in field f allocated to crop k is

01
f (Hlfk)

Qi = o
ZkEICA ( zk)

and the share of crop £ allocated to technology 7 in that field is

02
f (Ti{“h"””>
— (13)

ai,kT = 0o )
f
(111,)

where H zf . 1s the average return of land in crop k

1

62

Hz{k = Z ( ik sz) h : (14)

7€{0,1}
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One can show that the total quantity of crop k in field f and technology 7 is

/ i Vhige g (N (f Y
L\~ 1,RT 1
Qi,k‘r = L; (VkT) oF Ti,kr (%,k) (%,m) . (15)
ik
Total sales at the field level is given by
Y;fkf = pkaz{kﬂ (16)

aggregate revenues of country ¢ using technology 7 by

Yier = > Y, (17)
feFi

and aggregate revenues of a country in agricultural good k is

Yik = Z Y kr- (18)

7€{0,1}

Non-Agricultural Production. Non-agricultural firms produce goods with labor. Perfect

competition ensures that
W;

pfk = for k € {/CS}#A, (19)

ik

where T; ;. is the total factor productivity.

Geography. To move goods from location ¢ to j, there is an iceberg trade cost dj;; that
satisfies dj; , > 1 for j # ¢ and dj; , = 1 for j = 7. Let Q be the matrix of bilateral trade cost
between any two countries 7 and ¢ in good k£ and pf  be the producer price at location 7 —

i.e., the farm-gate price for agricultural producers. pj; ;. is therefore given by
Piig = dji kDl g (20)

3.2 General Equilibrium

We now establish the equations to define the general equilibrium of the model. First, total

expenditure of the representative household reflects earnings from land and labor

ke{A} r€{0,1}
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Second, expenditure of country ¢ on goods k from country 7 is

]z k — 5]2 k Bz kﬁz s( k)E + Z Z )\kk”}/k/ }/z r | - (22)

re{0,1} K'€Ka

Third, total revenues equal total sales

Yie =Y Xy forall k € K. (23)

jeT

Fourth, trade must balance

DD Xiin =D Xijn (24)

kek jeZ kek jeT

Fifth, labor market clears

wiNi= > Yiet+ > > N Yike (25)

kEXN A keka re{0,1}

Definition 1. (General Equilibrium) Given supply side parameters I's = { i x'x, V& Voo, Voo,
7—‘7;,]67 Tf

i, kT

Lf-c, N}, demand side parameters I'p = {a;x, air ,n .S ,0 , €}, and geography
), a general equilibrium is a set of wages and producer prices {wi,pf ) such that: (i)
consumers choices satisfy (6)-(9), (ii) agricultural producers choices satisfy (11)-(15), (iii)
non-agricultural producers satisfy (19), (iii) non-arbitrage across locations holds (20), (iv)
total sales and expenditure satisfy (18) and (21)-(23), (v) trade must balance (24) and (vi)

labor markets clear (25).

3.3 Agricultural GHG Emissions

We model the GHG emissions from agricultural production as follows. The total emissions

from food production in country ¢ is assumed to be

= Z Z SOkTQz‘C,kr (26)

keKa r€{0,1}

where Q¢

turn is is total production of crop k using technology 7 in country i.'® ¢y, is the per-calorie

is the calorie equivalent of production quantity Q;, = Z feF, Q which in

i, kT i,kT)

GHG emissions from the production of agricultural good k using technology 7. We model

15We use standard measures of calories per kg from the literature to implement this transformation.
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the emissions this way due to its simplicity and versatility. The parameter y; is a reduced
form measure capturing all sources of emissions associated with the production of a single
calorie. This can originate from the intermediate inputs used in production that we explicitly
model, such as fertilizers and machines, from inputs we do not model, such as energy usage
and land use change, and from the production process itself, such as the release of methane

from cattle ranching.!®

3.4 Income Elasticities in Nested Non-Homothetic CES

In the model presented in the preceding section, the elasticity of the expenditure share of
good k within the sector s (k), B;x, with respect to income, E; (holding all variety prices
fixed), is (see appendix section OC.2.1 for the derivation)

O0ln B; 1-— .
nﬁ’k: g_ (e — E,s(k))
Oln F; 1—¢+7 ’

(27)

where €, = >, K. Biker and €; = Ese s 52-7561-75 are country 7 expenditure-weighted average of
the income elasticity parameters, €, at the sectoral and aggregate levels, respectively. Notice
that the income elasticities in nonhomothetic CES models are not structural parameters,
rather they depend on consumption shares through the averages €; ; and €;, which themselves
depend on prices and utility. However, the ranking of the income elasticity magnitudes
within a sector are still controlled by the parameters €, independent of the elasticities of
substitution, which makes these preferences appealing. Specifically, for any two products

k, k" in the same sector, equation (27) implies

Oln B, > OIn By

> € <
k= K OmE, = 0lnk,

with the left inequality strict if the right inequality is strict. Products with a greater value
of €, have a greater income elasticity, for products in the same sector and country, i. Insight

into the dependence in equation (27) of the income elasticity on the remaining parameters

16Qur approach assumes the contribution to emissions of each source per unit produced is constant, for a
given product and technology. An alternative is to model the usage of each of these components explicitly,
and directly associate the emissions to each source. The trade-off is that this requires taking a stance on the
relative importance of emissions from the use of specific intermediate inputs versus the emissions that are
independent from the use of such inputs, as well as building a modelling structure and collecting data on
these different sources of emissions.
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of the model can be had by looking at its derivation. Using equation (7),

dln Bz’,k: — e <1 alnPZ) . (1 _ §) alnpi,s(k) (28)

_9lnU;

=omE using eq (10)

A change in expenditure causes utility to change, which affects the consumption expenditure
share of product k via two channels. The first is the direct effect of the change in utility,
which causes the preference weight given to product k to change due to preferences being
nonhomothetic. This is modulated by the parameter €, and is the first term in equation (28).
Utility is equal to real expenditure, U; = E;/P;, thus this channel incorporates the resulting
change in the overall price index P; due to the nonhomothetic adjustment of the overall
consumption basket as utility changes. The second channel, reflected by the second term
in equation (28), arises due to the nonhomothetic adjustment of the sectoral consumption
basket, causing the sectoral price index, p; 4), to change. The change in these price indices
induces a substitution effect, which is modulated by the elasticities of substitution, ¢ and o.
Hence, the dependence of the income elasticity on these parameters.

Similarly to the good-level case, the elasticity of the expenditure share of sector s, Bz-,s,

with respect to income, E;, for households in country i, is given by

ah’lBi,s_ 1—0
8lnEZ N 1_§+Ez

(€5 — &) (29)

The ranking of these sectoral income elasticities are determined by the average of the income

elasticities across the sector’s constituent products, €;5. Specifically, for any two sectors s, s’

d1n f; _ Ol Bis
Oln Ez — Oln Ez

gi,s Z gi,s’

with the left inequality strict if the right inequality is strict. That is, the sectors inherit their
nonhomotheticity from the product-level income elasticity parameters, €.

The elasticity of expenditure on a product, k£, with respect to income in country 7 is

Oln (pixCip) Oln f3; 1 O1n B o)
——— ——— ~—

Reallocation between k within s (k)  Reallocation between s  Scale

using p; xCix = Bik Bi,s(k)Ei. This elasticity captures both reallocation in expenditure across

Blnﬁi’k alnéi,s(k)
o E, OmE; and the

products k£ within the sector s (k), , reallocation between sectors,
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overall scale effect from having greater income, given by the last term, 1.

The reduced form income elasticities by product, d, estimated in equation (1) correspond

5n — J1n (pi,kci,k)
B T 9 B,

to
(31)

The expectation over i (with k fixed), Iy, is present due to the regression taking an
expenditure-weighted average of the income elasticities across countries. ¢ is the effect
of an increase in income, E; on the total expenditure on product k, p; xC; , averaged across
countries.

The reduced form estimation permits one to identify K, — 2 of the income elasticity
parameters € for each sector (as observed in Comin et al., 2021 for non-nested NHCES).
This can be seen by inserting equations (27) and (30) into equation (31), giving

(Sk - 5k’ € — €Eps

p—y 2
O — Ok € — €y (32

for products k, k', k" all in the same sector. See appendix section OC.2.2 for the derivation.

3.5 Economic Development and Emissions

To gain intuition on the model mechanisms relating the change in GHG emissions to eco-
nomic development, we provide an analytical decomposition up to first order in this section.
Modeling economic development as an increase in domestic TFP in the non-agricultural

sector, T; y 4, the effect on domestic agricultural emissions, G;, is

Qi kr
dhlG Z Z ka‘er kT . al szk dIn Wy
dlnENA O 1nw; dlnTi,NA

Agricultural modernization if > 0
ke a 7€{0,1}

Nutrition transition if > 0

I Z Z Xijk D ref01) %TQ%W Ol g, dInkE;
K Gz 81I1Ej dlIlT;yNA

JET keKa Y;

Scale effect

Xijk 5.0
N Z D keka y_: > refo,1) PrrQfy, Oln (pJ:ACLA> dIn E;
Gi 8lnEj dh’lﬂJ\fA

jeT

+Z Z @erng‘aani,kT. dlnp

Pri ffect 33
a, dnp  dnToxs rice effec (33)

ke a Te{0,1}

where Qlok = . (0.1} Qf,w is total calories from production of crop k in country 7. See

appendix section OC.4 for the derivation. Following the TFP shock, economic development

. . .. . . . dln E; . .
occurs in location 7 if the wage w; and income E; rise, df‘n 1;“’];/4 >0, s >0, which is
T, i,
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the typical case and what we will assume for exposition.

Agricultural modernization manifests in the first term: if, as the wage rises, production

Qi,kT
shifts to technologies with a greater share of emissions. That is, anLZ”“ is positive for the
C
technology with greater emissions, %Tg‘i’”. This is the empirically relevant case in the model

N N

because the modern technology has greater emissions and is labor saving, :yyi; < ZYYLLO (i.e. labor
k1 kO

per unit of land), so producers switch to this technology as wages rise. This implication can

be seen cleanly in the case where there is only a single field in country 4, |F;| = 1, in the

Qi,kT N
Oln Quik _ g Qig1—r ('YM—T B ’Y_;i\i)

model

34
0 nw; ? Qik ’Y;ﬁl_T ’V;fT (349

which is positive for the modern technology, 7 = 1, and negative for the traditional, 7 = 0.

The nutrition transition manifests in the second term: if, as income rises, consumption
Xii e Oln B; &

V.. omE, 1S positive for

shifts to products with a greater share of emissions. That is,

276{0,1} ‘/’kTQz'c:kT
G; :

for the moment, this is the empirically

the goods with greater emissions (combined across traditional and modern),
Xiik
Yir "’
relevant case in the model because goods with greater values of €, and therefore greater

61116]',1@
OlnE;

domestic trade share can attenuate the nutrition transition if high emission products have

Ignoring the effect of the domestic trade share,

income elasticities, by equation (27), have greater emissions. The presence of the
have low domestic trade shares, meaning these products are sourced from abroad. This is
a manifestation of the pollution haven hypothesis (Copeland and Taylor, 2004). Moreover,
incomes in other countries j # ¢ may not necessarily rise following the domestic TFP increase,
% 2 0; any fall in foreign incomes will further attenuate the nutrition transition as the
composition of foreign consumption shifts to less emitting products.

The third term reflects a scale effect: if global expenditure on the domestic agricultural
sector rises following the TFP shock, then domestic agricultural emissions increase mechani-
cally, simply because more agricultural products are being produced. The income elasticity of
611"1(?:7",46]"14)

(9ln Ej
so the scale effect is positive assuming any fall in foreign income following the domestic TFP

the agricultural sector as a whole is positive in the empirically relevant case, > 0,
shock is not too great.

The final term reflects the effect of the endogenous price response on agricultural output
following the TFP shock. We use the notation p = {pf k}ieI,keIC’ with an inner product
between the two derivatives involving the price. Agricultural modernization and the nutrition
transition are income effect phenomena. Therefore, any effect on emissions through a change

in prices is a distinct mechanism.
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4 Quantifying the Model

We present our quantification method in section 4.1 and results, including model fit, in

section 4.2. Table 2 offers a summary of our calibrated and estimated parameters.

4.1 Method

The quantification of our model follows a three step procedure. First, we estimate the income
elasticity parameters by food product ({ex},cc,) and set the elasticities of substitution in
consumption (7,s,0) equal to values in the literature. Second, we calibrate the technology
parameters and shifters: the productivity shifters (7}, and TZ.J,;T), the cost share parameters
(v, vy, v, and A\pg), and preference shifters (d; s, a;x, and a;; ), while setting the crop-
technology elasticities (¢, and 6,) to values in the literature. Third, with the baseline model

calibrated and simulated, we estimate the GHG emissions per crop and technology, k..

4.1.1 Step 1: Income Elasticities and Substitution Parameters

Our method to estimate the income elasticity parameters generalizes Comin et al. (2021) to
nested nonhomothetic CES preferences and to an open-economy. As in their case, we utilize
the implicit Marshallian demand for identification.!” Specifically, the explicit Marshallian
demand under non-homothetic CES preferences cannot be written in closed-form because
of the dependence of the middle tier price indices, p; ; on utility, U;. However, one can still
derive a closed-form demand equation that depends on expenditure on a base good in place
of these price indices, becoming what is referred to as the implicit Marshallian demand.
Here, we show that one can use trade data to further substitute out the unobservable variety
price indices, p; j, resulting in a specification that does not require any price data, while still
being exact.!® We briefly explain the estimation steps below, providing a full derivation in
Appendix Section OD.1.

The first step is to use a base good k* € K, which will be manufacturing in our setting, to

substitute out the upper and middle level price indices, F;, p; ;. To substitute out the overall

17 Alternatively, Caron and Fally (2022); Duernecker et al. (2024) use the Hicksian demand, equation (7),
and the budget constraint, equation (5), or utility function, equation (2), simultaneously for identification.
Estimation based on that method necessitates a constrained, non-linear least squares regression, whereas the
implicit Marshallian demand permits a linear regression.

18Comin et al. (2021) and Caron and Fally (2022) provide approximate methods for the non-nested nonho-
mothetic CES that do not require price data: they impose additional assumptions that are only approximately
true in reality. Comin et al. (2021) assume prices don’t vary across different groups of consumers; Caron and
Fally (2022) require proxies for crop-specific trade costs (they use standard gravity variables such as physical
distance and shared language). Our method, in contrast, is exact, requiring no such additional assumptions.
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price index, P;, rearrange demand for the sector of the base good, equation (8), to give

~ ~l—0o
pro _ Ds0Piske)

Bz‘,s(k*)

€ 1—¢

Qi (k) (4 U Pi,k*)%z

Bi,s(k*)
1-0o
_ &i,s(k*)ail,l;: pzl,;f (35)
Bi,s(k*)

The second line used equation (9) and the fact that s (k*) in our model only has a single prod-

uct, }le(k*) = 1 (a sole manufacturing composite). The third line utilized the normalization
ex+ = 0 (see proposition 1 in Appendix Section OC.3).
Next, to substitute out the sectoral price indices of the other sectors, Vs € S\s (k*) : pi s,

rearrange demand for those sectors, equation (8),

~1—0o — ﬁizspilig

]
ai,s

(36)

Equations (35) and (36) provide expressions for P;,p; s that, conditional the expenditure
shares, Bi,& and (homothetic) variety price indices, p; 4+, do not directly depend on utility.
The second step is to use the demand for varieties, equation (6), to substitute out the
variety price index, that, while not directly depending on utility, is unobservable.'® Rear-
ranging equation (6), inserting pj; r = pjfi w @i from equation (20), taking logs, and summing

over country ¢’s import partners j € Z; 7, gives

1 1 1 1—
(1—n)lnp,=— fr— Z IngBjir+(1—n) N Z lnpfk + N Z In (ajivaij")
i,k J'GZZ;? Ii,k J'GI;,? Ii,k J'Eff,k
=In j; =In pgﬁlg’k =0
(37)
7.} is the set of non-zero trade flows into location 7 for industry £, i.e.
I;lgE{] GIZB]’“.C#O}

and Nz-o = ’I;,g| is the number of elements in this set (i.e. the number of importing

YCostinot et al. (2016) identify variety price indices using data on production prices, combined with
estimates of aj@m'jli’_k" from residuals in their regressions. Our method, on the other hand, for our purposes,

does not need production price data.

24



partners). Summing over this set is required to avoid log of zero in the summand.
Bi,k,ﬁf;;g’k are geometric averages of variety expenditure shares, f3j; 1, and production
prices, pf > across location ¢’s import partners for product k. The third term in equation
(37) is normalized to zero, without loss of generality?’.
The final step is to use equations (35), (36) and (37) to substitute out p;, P, and p; ,
respectively, in demand for good k # k*, equation (7)

I—g ~ l—¢ et+1l—¢. =~ ept+1l—¢. 4
InBir = e InE; — — In 55 s(k) — PR In B + — In B s(re+) + — In 3;
l—0o 1—n l—0 1—n
a; kdll_;;
N . ©,RY s(k)
+ (1 - §) lnP%g,k + (§ —-1- ek) lnpgig*,k* +In ep+(1—¢) ep+(1—¢) (38)
0 A
{z:0.k} FE {z;g* k} FE N ’ —
residual

Equation (38) is the implicit Marshallian demand for products and form the basis of our
estimation of ¢, for k # k*. The dependent variable and regressors are constructed using ob-
servable expenditure, F;, and expenditure shares, Bi,kn Bm(k), Bz‘,k, sz* Importantly, because
the estimation equation only depends on averages of the production prices, ﬁ%]&k, ﬁ%g*,k*’
these terms can be controlled for using appropriate fixed effects. For instance, the {I;,S, k:}
fixed effect has a dummy for the set of county-product, i, k, observations that share the same
set of import partners for product k, IZ,S , and share the same product, k. Thus, no price
data is needed for estimation.

Not needing price data is a powerful feature of our method. This arises because the model
is open-economy. Multiple countries purchase a given product from the same set of coun-
tries at the same production prices. Thus, by utilizing variation across different countries
purchasing said products, one candifference out the production price in the estimation equa-
tion. The presence of sz arises because one must still adjust by the amount each country
is exposed to each price via its imports.

The unobservable preference shifters of the middle and upper tiers of utility, a;, G s
constitute the residual. Variation in income and expenditure shares that is orthogonal with
respect to these preference shifters is therefore needed for identification. We follow the prece-
dent in the literature that assumes the fixed effects are sufficient to account for endogeneity
(Aguiar and Bils, 2015; Comin et al., 2021).

The coefficients on the regressors in equation (38) in principle identify all the parameters

{{Gk}kelc\k:* , 1, S, 0}, which can be estimated by non-linear methods. Since 7,¢, o are often

20The level of aj;, 1 in each nest can be normalized — see footnote 12. This is for the same reasons as in
Costinot et al., 2016, equation 12.
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estimated in the literature, we calibrate these parameters instead, which allows us to use a

simple linear regression to estimate {€y},cy\;-- That is, for k € K\k™,

) = e ln ( 1,5( k*)ﬂz k* ) (]' - §) lnﬁgjg,k

-~

<ﬁlkﬂzs(k)ﬁzl ! 7,5( k*)ﬁz 1 !

{I;g,k} FE

1—¢

~1l—0
Qa;, ka.
~F 2,8 (k)
+ (C —-1- €k> lnpzﬂo* k* + In et(1—5) ep+(1—5) (39)
. J/ 1—¢ l1—0o
a, a
_ i,k* 1,s(k*)
{z:0., k} FE N ~—
residual

We set the trade elasticity to n = 4 (Simonovska and Waugh, 2014), the elasticity of sub-
stitution between crops to ¢ = 2 (Sotelo, 2020) and the elasticity of substitution between

agriculture and non-agricultural goods to o = 0.5 (Comin et al., 2021).

4.1.2 Step 2: Technology Parameters, Productivity Shifters and Preference Shifters

Because we follow closely the procedure in the literature, we provide only a brief summary
here, leaving details to the Appendix Section OD.

We set the technology and crop supply elasticities to be equal to 8; = 1.5 and 0, = 4, and
adjust the productivity shifters for the agricultural sector (Tlf .r) based on the FAO-GAEZ
data, as in Farrokhi and Pellegrina (2023).

We recover lower tier preference shifters, aj; ;, and international trade costs, d;;, from
the residuals of gravity equations. We then calibrate the middle tier preference shifters, a; i,
to match the share of calories each country consume from each good. Lastly, we adjust the
upper tier preference shifter, a; s, to match the expenditure share in agricultural goods across
countries.

For the cost share of inputs &, 75, and v/, we proceed as follows. To simplify the
calibration, we assume no differences in the cost share of inputs between crops — we later
relax this assumption. Based on the FAO-GAEZ assumptions to produce the data, we set
the use of agricultural inputs in traditional technology to zero, v = 0. Additionally, we set
vE = 4N for any 7. We then calibrate v}{ to match the cost share of inputs in the USA.
Lastly, we pick Ay from USDA.

4.1.3 Step 3: Calibrating GHG Emissions

In the third and final step, we estimate the GHG emissions, ¢g,. To reduce the data require-

ments, we assume that the GHG emissions is a combination of a crop-specific component and
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a technology-specific component as follows, pr, = prp,. We calibrate the value of ¢y so that
the average global emission per food product relative to the average emission across food
products in the model matches that same measure in the data produced by PN18. We then
estimate ¢y and (1 based on two moments in the data. First, the total GHG emissions from
food production in the data. Second, the ratio of the total emissions from food production in
the countries above the median GDP per capita versus the emissions of the countries below
the median coming from EDGAR-FOOD data.

4.2 Results

4.2.1 Income Elasticities

We present the estimated values of the income elasticity parameters in figure 5a, along with
95% confidence intervals. Recall that these are not equal to the income elasticities, but
they have the same ranking within sector. Note that manufacturing is normalized to zero.
Figure 5a presents the implied income elasticity (averaged across all countries), calculated
using equation (30). The ranking looks as one would expect: potatoes and rice have some
of the lowest values, while cocoa and strawberries are on the highest ends. Meats tend to be
towards the middle.

In figure 5¢, we plot the structural income elasticity values against the corresponding
reduced form in equation (1) from empirical pattern three. We see there is a strong rela-
tionship between the two, with slope of 0.77 and R? of 0.93: the structural estimation yields
similar values to the reduced form. This is reassuring: both methods make different identi-
fying assumptions; similar results from both suggest that our results are therefore robust to
both sets of assumptions.?!

Finally, in Figure 5d, we plot the structural income elasticities against the GHG per
calorie of each product, to verify empirical pattern three is replicated by the model. Indeed

it is, with a significant positive slope.

21The two methods assume different data-generating processes: the reduced form method assumes that
any endogeneity is sufficiently controlled for using the fixed effect specification in equation (1), while the
structural method correctly accounts for endogeneity assuming the residual is governed by the model of
section 3.
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Figure 5: Estimation of Income Elasticities and Parameters
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Notes: Panel (a) shows the estimated values (with 95% confidence intervals) of e, by product. Panel (b)
shows the implied income elasticities from equation (30). Panel (c¢) shows the relationship between the
structural values of the income elasticities and the reduced form values — equation (1). Panel (d) shows the
relationship between the structural income elasticities and GHG emissions per calorie.

4.2.2 Fit of the Model

This section shows that the model replicates key patterns in the data related to agricultural
production, GHG emissions, and economic development. We underscore that none of the

empirical patterns that we present here were directly targeted in our quantification procedure.

Agricultural production and Economic Development. Figure 6 shows the fit of the model
in terms of aggregate production by country. The model performs well in terms of matching
the relative quantities produced across countries for each crop. Figure 7a shows the model

generates a decreasing share of workers in agriculture, a well-known empirical regularity
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Figure 6: Fit of the model: production quantities
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Notes: Each point in the figure represents a crop-country pair. We divide all quantities by the average
quantity within a crop. On the y-axis we have the quantities predicted by the model using the FAO-GAEZ
data. On the x-axis we have the actual quantities given by the FAO-STAT information.

from the literature (Comin et al., 2021; Herrendorf et al., 2014), and Figure 7b shows an in-

creasing cost share of inputs with economic development, as referenced in empirical pattern 4.

CO2 Emission, Calories and Economic Development.
Figure 7 d), e) and f) show that the model replicates the relationships observed in empirical

pattern 2: food GHG emissions increase, both in per capita and per calorie terms, and

calories increase.
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Figure 7: Fit of the Model: relationships with GDP per capita
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Notes: This figure shows the fit of the model with the data in terms of the patterns of economic development.
In the x-axis of each figure, we plot the level of GDP per capita predicted by the model. In black circles,
we have the actual data and, in black line, the best linear fit predicted by the model. In blue, we have the
corresponding elements in the data.
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5 Quantitative Exercises

5.1 Decomposing the Relationship between Emissions and Income

GHG emissions from food is strongly increasing with income in the data — see empirical
pattern 2 (Figure 2a). Identifying the causal drivers of this relationship is key for under-
standing the implications of economic growth for emissions. We provide insight into this in
this section by using the model to decompose this relationship. Specifically, we remove the
contribution of confounding factors that are not driven by economic growth.

The results are in table 3. In each column, we show the coefficient from a regression of
log GHG emissions per capita on log income per capita. Column (1) shows the relationship
under the calibrated model, which closely replicates empirical pattern 2 (Figure 2a). In the
remaining columns, we present the coefficient estimate when some features of the model are
turned off.

In column (2), we remove the effect of intrinsic diet preferences, such as due to differences
in demographics and culture. We do this by setting a; j, which captures these preferences,
equal across countries within each agricultural product, specifically equal to the population-
weighted average, > je1 Wik % The coefficient becomes about two-thirds smaller in size.
That is, a large reason why food emissions is increasing with income is because of intrinsic
preferences for diet: rich countries tend to consumer emission-intense products not because
they are richer, but because of other preferences for diet, that happen to be correlated with
income.

In column (3), we remove the effect of comparative advantage in agricultural produc-
tion. We do this by setting Tlf wr €qual across countries within each product and technology,
specifically to the population-weighted average. The coefficient is insignificantly different,
suggesting that comparative advantage is not driving this relationship.

In column (4), we remove the effect of agricultural trade costs. We do this by setting
the domestic trade costs equal across countries within each agricultural, specifically equal
to the population-weighted average, and the same for foreign trade costs. The coefficient is
insignificantly different, suggesting that geographic position in the world is not driving this
relationship.

Finally, in column (5), we remove all three features together. This means the result-
ing relationship between food emissions and income is only being driven by cross-country
differences in the non-agricultural sectors. Intuitively, we can roughly understand this as ex-
ogenous variation in income being driven by differing productivities in the non-agricultural
sectors. The coefficient is two-thirds smaller, similar to the case of column (2), which is

expected given the other columns give little difference.
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Summarizing, removing the confounding variation reveals an attenuated relationship be-
tween food emissions and income. However, the effect of economic growth, such as originating

in the non-agricultural sectors, still gives a meaningful contribution.

Table 3: Decomposing the Relationship between Food GHG Emissions and Income

(1) (2) (3) (4) (5)
GDP per capita (log) 0.523"*  0.1517  0.494"*  0.523"**  0.185""
(0.042)  (0.072)  (0.043)  (0.052)  (0.072)

Observations 91 91 91 91 91
Adjusted R? 0.630 0.094 0.607 0.506 0.136
Counterfactual Baseline Demand  Supply  Geography All

Robust standard errors in parentheses.
*p<0.10, ** p < 0.05, *** p < 0.01

Notes: This table shows the regression of log food GHG kg per capita on log GDP per capita. Column (1)
is under the baseline calibration of the model, column (2) under the counterfactual of equalized agricultural
preferences, column (3) under equalized agricultural productivities, column (4) under equalized agricultural
trade costs, and column (5) imposes the previous three simultaneously.

5.2 Aggregate Effects of Environmental Policies

We analyze the effect of various counterfactual policies both on global welfare and global
GHG emissions from food. We then decompose the effect on emissions to isolate the channels
of transmission.

The results are presented in table 4. Each row corresponds to a different counterfactual.
Column (1) shows the effect on global welfare, which we measure as population-weighted
average utility. Column (2) the effect on global GHG emissions from food, >, ; G;. Columns

(3) to (5) decomposes the effect on emissions using the following

i, k T C
E : G, = E § E . QO . QC Q
1€ 1€L ke 4 7€{0, 1} v
technology diet

scale

Column (3), technology, corresponds to only the technology shares within food product,

C
, taking their counterfactual values, while keeping the total calories by product, QCk QY

i, k ,T
Q
fixed at the baseline. Column (4), diet, corresponds to only the share of calories by food

product, TC, taking their counterfactual values. Column (5), scale, corresponds to only the
total amount of calories across all food products, Q%, taking their counterfactual values,
with the shares between products and technology remaining unchanged.

In the final two columns, we present a decomposition of a different nature. In column (7),
we calculate the change in emissions due to the change in the diet shares (total expenditure

fixed) coming solely from the change in real income, U;. This could be understood as a partial
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equilibrium effect, as prices are held fixed. In column (8), where relevant, we calculate the
back-of-the-envelope, mechanical effect of the counterfactual. That is, the model is not used,
we simply replace the production quantities with that imposed in the counterfactual, holding
everything else fixed.

Now, turning to the results:

Economic growth. The first two rows show counterfactuals under a change in TFP: in
row one, the change in TFP in the non-agricultural sector, and row two, the change in
TFP in the agricultural input sector. The effect on welfare, column (1) is greater under the
non-agricultural shock, which makes sense given the direct benefit consumers receive from a
reduction in prices. The effect on emissions, column (2), is much greater for the TFP shock
in agricultural inputs. The decomposition reveals that this in part reflects the increase in the
use of modern technology, column (3), which is the environmental implication of agricultural
modernization, and an overall increase in agricultural consumption, column (5). Whereas,
for the TFP shock in the non-agricultural sector, overall agricultural consumption falls, col-
umn (5), reflecting that non-agricultural products are now cheaper. Column (6) reveals that
the partial equilibrium effect of both these shocks on emissions is much greater. Understand-

ably, upward sloping agricultural supply attenuates the expansion in agricultural production.

Diet change. Rows three and four show counterfactuals under a change in diet: in row
three, we consider a world where no-one consumes beef, in row four, where everyone is
vegetarian. We implement this by setting TFPs in these sectors close to zero, essentially
mimicking a sufficiently large tax (there will be no tax revenue because production goes to
zero). We see welfare, column (1), declines in both cases, which we would expect due to
love-for-variety in preferences across food products. Emissions, column (2), in both cases
declines, with the decline being greater in the vegetarian case. Again, expected, given meat
products typically have greater emissions than non-meat products, and that the vegetarian

counterfactual reduces the consumption of more meat products than just no beef.

Trade change. Rows five and six show counterfactuals under a change in trade: in row
five, we consider the case where agricultural products are only purchased locally, and in row
six, where agricultural inputs are only sourced locally. In both cases, we implement these by
sending the relevant trade costs to infinity. Eating locally reduces welfare, while sourcing in-
puts locally seems to raise welfare.. Eating locally has a much greater reduction in emissions
than sourcing inputs locally. The decomposition shows this is mostly due to a reduction in

the overall consumption of agricultural products, column (5). That is, forcing consumers to
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buy locally causes a reduction in purchasing power, resulting in less consumption of agri-
cultural products overall. For sourcing inputs locally, changes in technology drive most of
the effect, column (3), suggesting that producers are able to access agricultural inputs more

cheaply on the international market.

Table 4: Aggregate Effects of Alternative Policies

Counterfactual Welfare GHG Emissions
Total Technology Diet  Scale Income Mechanical
(1) (2) 3) (4) (5) (6) (7)
TFP growth (non-agr.) 9.67 0.42 0.03 0.70  -0.31 9.32 -
TFP growth (inputs) 2.56 3.68 0.84  -0.06 2.85 3.33 -
No beef -0.12 | -27.13 -27.14  -25.81 -2.12 -16.45 -27.11
Vegetarian -0.96 | -46.72 -46.89 -40.78 -10.57  -35.29 -46.80
Eating locally -0.59 | -6.45 -3.21 1.51  -9.68 -2.14 -
Sourcing inputs locally 043 | -1.37 -2.08 -0.14 0.56 -0.58 -

Notes: This table shows the impact of different counterfactuals on aggregate welfare and CO2 emissions.
Each cell is a percentage change relative to the basline. Column (1) is the change in aggregate welfare (utility
across countries weighted by population size). Column (2) is the change in global emissions. Columns (3)-(7)
present decompositions of the change in global emissions.

6 Conclusion

This paper highlights the link between economic development and greenhouse gas (GHG)
emissions from food production. Through our quantitative, multi-country, general equilib-
rium model, we have demonstrated that both diet composition and agricultural modern-
ization are critical drivers of the increase in GHG emissions as countries become wealth-
ier. Our analysis shows that as economies grow, the nutrition transition towards meat and
high-emission food products significantly contributes to higher emissions per capita. Simul-
taneously, the modernization of agricultural practices, particularly the use of fertilizers and
machinery, exacerbates this trend.

We examine policy counterfactuals such as adopting vegetarian diets or reducing trade
barriers as potential pathways to mitigate emissions, and enumerate the trade-off in terms of
welfare. Our findings suggest that sustainable development policies should carefully consider
both the environmental impact of dietary changes and the broader economic consequences

of agricultural production strategies.
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OA Data

This section describes in detail the data construction for this paper
Calories Intake. XXX
GHG emissions. XXX

Trade and Production. XXX

OB Complementary Empirical Patterns

This section presents complementary empirical patterns about CO2 emissions and GDP per capita.

OB.1 Complementary Empirical Pattern 1. Across households, agricultural

goods with high levels of CO2 emissions have a high income elasticity.

This section estimates the correlation between income elasticities and the intensity of CO2 emissions
using household level data. In that case, we estimate the following equation:
HH HH HH HH HH |, HH HH
Xj,k‘ = . COka k- Incomej + ’YJ + SOk + LT(j),k + ej,ki N (O].)
where ’yJH H and (pkH H are household and good fixed effects. In addition, we include a Lf(g i Which is a
municipality-good fixed effect, which aims at capturing the influence of common prices. As before, here

HH would indicate a higher income elasticity of agricultural products with a higher CO2

a positive «
emissions per kilo-calorie. Table O.2 shows that, in the household data, our point estimates are smaller.
However, the qualitative results hold across specifications, with and without excluding meat products.
The positive correlation between product income elasticities and product GHG emissions imply that
diets consist more of environmentally harmful products as societies get richer. Motivated by this empirical
pattern, our model will feature nested non-homothetic CES preferences, which will allow for different
income elasticities by food product. In section 3.4, we revisit equation 1 and show how our model’s

structural parameters related to the reduced form coefficients, a, in equations (1) and (O.1).

OB.2 Complementary Empirical Pattern 2. The share of CO2 emissions from
farm production relative to food processing increases with GDP per
capita.

The fifth explores the relationship between economic development and the food processing industry. As

discussed in ?, food production tends to shift from within the household to industry. Figure O.1 shows



the environmental implications of that shift in food processing. There is a notable increase in the share
of CO2 emissions derived from food processing relative to farm production with GDP per capita. In low-
income countries, such as Senegal, Togo and Congo, the share of CO2 emissions from food processing
stage is less than 20%. In high-income countries such as Italy, Spain and the USA that share rises to
more than 35%.

Figure O.1: Share of GHG emissions from food processing relative to farm production
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Notes: Panel (a) uses EDGAR-FOOD data measures of GHG emissions from in-farm production. Panel (b) shows
the CO2 emissions from the use of fertilizers and energy in farm production from FAO-STAT.

OC Details about the Model

OC.1 Expenditure shares with nested non-homothetic CES

We can solve this problem in steps. We start with the choice of ¢;; x,

1 n-1
min pji Cjije — Aije | Ci = > (ai k)7 (Cjik)
ji, B

JET

This minimization problem gives the equation for the share that country i buys of varieties from j (7j; 1)

N
Aji kP
1-n
Dj i

Bjik =

where the price index is given by the lagrangian \; j

Pik =Nk = | Y @jig)' "

JET



We now solve the choice of C; . in the middle tier

~ ~ 1
Iélinpi,kci,k +Ais |Cis — § (a; U1 (Cig) =
' kek,

The share of expenditure on good k from sector s is

ex—1, _1—k
_aipU" P
i,k = 1—r )
Pis(k)

where the price index is, again, given by the lagrangian

~ Y —1 —
Pi,s(k) = Nis(k) = Z aipUs* pik/{
k' €k
Lastly, in the upper tier, agents choose their consumption of Cj s

min p; sCip, + \i | Ci —

1,8

Z (ai,sUfs—l)% (é@s> 601] =

seS

The share of expenditure on sectoral composite good é’i,s is

es—1~1—0o
_aigU; Di s

1,8 — —
Pil o

9

where

-F)i = S\Z = [Z (Ii’sUieslﬁ,}’gU] .

seS

Collecting the results above, we get the sales of country j to country i, Xj; , in the main body of the

paper.

OC.2 Income Elasticities Derivation
0C.2.1 Product and Sector Income Elasticities, equations (27) and (29)

Elasticity of 3; x:



Olmpi 0

]-‘PZ 01 ~i5
:ek<1—an )—(1—§)M, using eq (10)

1_
ai,kakpz‘,kgl

Oln F; O0ln E;
= ¢ (1 - 1_?4_@) —(1—y) 1_%‘1@, using eq (0.5), (0.7)
1—
= (e — €is) ?—EQ
Elasticity of Bz o
O1n B; 5 _ 9 i opr 5 ° ]
OlnE; OlnE; pl=
- (-0 G - -0 gy
=(1-o0) l—ggzs—i—ez —(1-o0) 1—?4-61‘7 using eq (O.5), (0.7)
1—
= ?jgi (gis - Ez’)

Elasticity of overall price index, P;:

P77 = Zdi7sﬁ}7g", using eq (9)

seS
~ ~l—0o
Oln P; ;,sD; 4 b o .
1— = ’ 1 [ ] “}, :
( 0-) Oln E; gg Hl—a Oln E; N\ Q4,sP; o using eq (8)
——
:Bﬂi,s
s 3ln]51 s
— . 1 _ 5
Sezsﬁ“s( %) o E;
~ 811’1 Pz> €is .
- s (L—o) | 1- , using eq (0.6
Sezsﬁ“s( )< OmE; ) 1T—s g eq (0-6)

(0.2)

(0.3)

(0.4)

(0.5)



Elasticity of sectoral price index, p; s:

P = Z ai,ka’“pZ{;g, using eq (9)

kel
dnp; aikpy S OlUS
e~ 2 S omp, wneed()
ke, 4,8
——
Zﬁi,k
0lnp; Oln P, .
(1—-5) alné’f = <1 - 8lnEz-> Z Biker, using eq (10)
¢ '/ kek,

8 h’l Pz - ~
pu— 1 _—— . . E .
< oln Ez) €isy €is § 6z,k€k

kel

alnﬁi,s B 8lnPl gi,s
OlnE; <1 alnEi) 1—¢ (0.6)
€ €i,s )
=|1—- : .
< 1—g+ei> o using eq (O.5)
gZS
= ’ 0.7
1_§+Ez ( )

0C.2.2 Relationship between Structural and Reduced Form, equation (32)

For k,k', k" all in the same sector, s,

i

dln ;. Aln f; . dlng, v |, Olnp;.
o — 0 ik [alnE,f t omE T 1} — B [ e T omE T 1}

— 6 OlnBix |, Olnpfi. Olng; v, Olnpfi.
% = % ik [8&5E: T 8;63 +1} _Eilk”[ T+ P +1}

Oln E; Oln E;
Oln B k OIn B, v
o E'L|k olnE; Ez|k’ OlnE;
- dln Bk d1n B,
E'L‘k olnE; E“k“ Oln E;

_ Eip ooz - (6 — &s) — Bip 12z - (er — Eis)

1-¢ = 1—¢ z.
Eije =i, - (ek = €is) — B 1=, - (enr — €is)
€ — €L/

€k — €k

Where the first equality used equation (30) and that all products are in the same sector, s (k) = s (k') =
s (k") = s; the third equality used equation (27).

OC.3 Normalization of the Income Elasticity Parameters

In proposition 1, we show that one of the income elasticity parameters at the product level, {ex} .o,

(i.e. across all sectors, not per sector) is not identifiable and must be normalized.

Proposition 1. (Product Income Elasticity Parameter Normalization) Under equations (2), (3) and (4),



utility mazximization is invariant up to

kek: e —

(0.8)

for an arbitrary 6. Thus, for a single k € KC, we can normalize €, = 0 without loss of generality.

Proof. Starting with the middle tier of utility, equation (3)

Cio= | Y (aialf*): (Cz',k)il]

Lk,

Nl
N

Cro=U “Cis=|Y (ai,karé) (Ci,k):l] B (0.9)
Lkek.

Rewriting the upper tier, equation (2), in terms of C’;‘ s

U= | (@)? Cr7
LseS
— |3 @ (Ufé:is) ]
LseS
vr=U = Z(ai,sﬁ(ts)”_l] (0.10)
LseS

Writing the middle tier, equation (0.9), in terms of U},

G- | T (sust:)’ <Ci,k><<1]§ |

LkeK,

= Z <ai,k (Uz‘*)ik_;)i(ci,k)tl] a (0.11)

LkeKC,

With U/ relabelled to U;, and C’,L* ¢ relabelled to C’@ s, specifying the upper and middle tiers of utility using
equations (0O.10) and (O.11) instead of equations (2) and (3) gives identical behavior, as all operations

applied are equivalences. Yet, the system has product income elasticity parameters i"_—_g in place of ¢,
Thus, the system is invariant to transform in equation (O.8).
In particular, for a single k € K, we can normalize €, = 0 by choosing § so that 61’“_—}5 =0. O

In proposition 2, we show that homothetic preference weights in the upper tier of utility, equation
(2), is without loss of generality. To show this, consider a version of the upper tier with nonhomothetic

preference weights

U = (0.12)




with sectoral income elasticity parameters, €5, that are analogous to the €; at the product level. In
proposition 2, we show that all the sectoral income elasticity parameters can be normalized to zero,
Vse S:é =0.

Proposition 2. (Sectoral Income Elasticity Parameter Normalization) Under equations (0.12), (3) and

(4), utility maximization is invariant up to

VeEeK: e — ep— 5s(k) (013)

WseS: & sttt (0.14)
S

for arbitrary {6s},cs. Thus, without loss of generality, we can normalize Vs € S : € = 0.

Proof. Starting with the middle tier of utility, equation (3)

éi,s = Z (a’i7k'U,L'6k)% (Cl,k’) tl] N
Lkek.
=0 = | (ague ) (Cz-,kf?] . (0.15)
Lkek.

Rewriting the upper tier, equation (0.12), in terms of CN’Z*S
=[S o)

= Z (dz’,sUfs

-y <5L,-,SUfS+‘SS“<1>i <c>] B (0.16)

%

&
m
)
N———
Qe
7N
R
»
J
ale
~
|
9
|
L

With C’j , relabelled to C’i,s, specifying the upper and middle tiers of utility using equations (0O.16)
and (0.15) instead of equations (0.12) and (3) gives identical behavior, as all operations applied are
equivalences. Yet, the system has sectoral income elasticity parameters €; + 55%71 in place of €, and
product income elasticity parameters as €; — d, in place of €. Thus, the system is invariant to transform
in equations (0.13) and (0O.14).

In particular, we can normalize é; = 0 by choosing 05 so that €, + 55%71 =0. ]

0C.4 Analytic Counterfactual Derivation

Proving equation (33):




Proof. Totally differentiating equation (26),

dInG; . Z Z (PkTQZk}T dani,kT

dinTina keK A 7€{0,1} ~dInT; 4

Z Z SOkTQz kT Jln Qi,k‘r dln (wi, E)
7 ]
keK 4 1€{0,1} 9l (w;, B')  dInT; na

SOkTszT aani,kT dlnp
+ > : (0.17)

/ ]
keKa 7€{0,1} Olnp dlnT’7NA

Price Effect

where in the first equality we used that dIn Ql e = dInQ; -, in the second equality we used the chain

rule. The second term is the price effect. Looking at the first term, we can rewrite this using

OmQuir _ OWFE 9lQu
Oln(wy, E')Y  dln(w;, E')  9ln(w;, E")
Oln % dln (ZjeI dichCich)

- Glnw; + OlnE (0.18)

where in the second inequality, we used market clearing Q);, = Zjel’ d;j kCijr from equation (23), and

that, conditional on prices, %’f’: is only a function of the wage, w;, (from equation 15) and demand is

only a function of income in each country, E = {Ei}z‘ez (from equations 6, 7, 8). Inserting equation

(0.18) into equation (O.17) gives

Agricultural Modernization

dlnG; Ty %Qm %’;f“; dlnw;
dlnTi’NA heKareo1) Olnw; dInT;na

n Z TG{O 1} ‘PkTQz kT dln (Zjel diﬂ'vkciﬂ"k> ‘ dlnFE
kek Oln E' dInT; na

SD]CTQkaq— 0lnQ; kr dlnp
+2 D> o - (0.19)

/ g
keKa re{0,1} Olnp dlnT”NA

Price Effect

The first term is agricultural modernization. Looking at the second term in equation (0O.19), we can

10



rewrite this using

al] kp'L k
Oln 7jﬁ 155,4Cj A
d1n (Z]EI dijkcmk) _ Z i kCiji k ( p]7k e
aln E/ ‘ Qi,k 8ln E/
X...01n B, X Oln (p]ACJA>
=y Xk OmBik g~ X : (0.20)
et Yi,k Oln Ej ; Y;,k O E

where in the first line we used equations (6) and (7), and in the second line we used that db‘# =

pf}igﬂgfzj”“ = );J:, and that 3;1p;, ACE 4, conditional on prices, only depends on E; (by equations 6, 7).

Inserting equation (0.20) into equation (0.19) gives

Agricultural Modernization Nutrition Transition

dln G, Ol B g,

i Z Z (PkTQZ kT ) Qi . i Z Z Uk Zre{o 1} ‘Pkr@l kT ) 8lnﬂjk dlnEj
dIn Tz‘,NA Kk reto) Olnw; dInT;na o) Yik G; Oln E; dlnTi,NA

Z Z z] k ZTG{O 1} kaTQz kT aln (ﬁj7ACj7A) ) dIn Ej

T e Yik G; Oln E dInT; na
Scale‘Eﬁ'ect
‘PkTQZ kT Oln Q; kr dlnp
+ > : uimy (0.21)
ke 7€{0,1} Olnp dlnTiJVA
Price Effect
which is the decomposition given in equation (33). O
Proving equation (34):
Proof. Taking the derivative,
Qi,k‘,T
dIn Qik _ Z <I L Qi,k‘r’) Oln Qi,kr’
Jln w; 01} Qi,k Oln w;
B Z I _Qi,kﬂ Z sz/ 81nhlk7, +92_181na£m,+91_181na£k
N {01} T Qi7k Q@ kr’ 8ln w; 92 8ln w; 91 8111 w;
|Fi|=1 Qi kr dIn hz kT’ O — 1 alnaz kT’
= I, — = .22
,gl} < 7 Qi k ) { 01n w; * 0y  Olnw; (0.22)

where the first line used Q;r = >, ¢ (0.1} Qi kr and the second line used equation (15). The third line
f
used the assumption of one field in country i, |F;| = 1, which implies Qi _ 1, and note that the third

Qi krt
Inof . .
term goes to zero because 919?1 aa?na;’_’“ doesn’t depend on 7. The first term in equation (0.22) can be

11



rewritten using

Qik1—7
T Qi
. \ f f
Z (I - Qi,kT’) dln hz kT’ _ (1 . Qi,kT) dln hz kT Qi,k‘,l*T dln hi,k,l*T
- T Qi,k Oln ws Qi,k O0ln W; Ql k Oln W;
f f
_ Qikir Olnhiy, Olhy,, .
Q“C OJln w; Oln w;
N
_ Qz k,1—7 7]];7[— V-7
e 5 — —F (0.23)
QZ k Vier fyk,lf‘r
where the third equality used that aahi:’ b= —;:’ENT , by equation (11). The second term in equation
kT
(0.22) can be rewritten using
Qikil—7
- Qi k
g N f
Z (I _ Qi,kT’) dln Qz kT’ _ (1 - Qi,kT) dln al kT Q’L’,k,l*T dln ai,k‘,l*T
(o0} T Qi,k Oln Ww; Qi,k Oln Wy Qi,k O0ln W;
f
_ Qikar Olna, aln%m r
Qi 0lnw; 0lnw;

_ Qi,k,l—T 1 dln az kT
Qi,k 1-— a{kT Oln wj

N
_ 2Qlk1 T Lljc\'[r . ’Yk,lf‘r
Ql k ’Y’%T 7]5,1—7’

_ afk'r
i,k,1—17 1Oék

where the third equality used d Inal dlna/ i kT . The last equality used

Olnw; Olnw; Olnw;

alna”ﬁ: <8lnh£k7 alanfk>

) 8lnh{k7_ Z a alnhlkﬂ"
2| 9m w; R D lnw,; w;
7€{0,1}

— bya! <3ln h{kr _ Oln hi,k,l—r>
- ik, 1—1

O0lnw; O0lnw;

N N

Vi Vie,1—

= —oaf, | AT — T (0.24)
Vir ’yk,l—r

where the first equality used equation (13), the second equality used equation (14), and the last equality

12



dlnh!,

used et = —% Inserting equations (0.23) and (0.24) into equation (0.22) gives

Olnw; Qi k AL 02 b Qirx 1—af

i kT

Qi, T N N
9In 57 _ Qika—r (’Yﬁ 7k,17> O — 1 Qik1-r 1 (’Y;ﬁ 7k,17>

L L L L
Tkr 77%1—7' Vier ’yk,l—T

N
_ 2C)zkl T 716,177' 7'77]]%7—
Ql k 7]5,177' ’YlgT

which is the desired expression, equation (34)

For enumera

OD Quantifying the Model

OD.1 Estimation of the Income Elasticity Parameters

Derivation of equation (37): starting from equation (6)

N
Aji kP

Bjik = —1=,
Dy
a..kpl—n
1—n _ @ik k
= DPix T 5.

Bjik
(1 - 77) lnpi,k = —In ﬁ]z E+ ( 77) In (p] kd]Z k’) +In A j5. ks using eq (20)
—In B+ (1—n) lnpjk +1In (ajz kdjlz 1?)

(I—n )lnpzk——N 0 Z InBjir+(1—n
Lok kjETT ]EIﬁO

Z In (aﬂk ﬂ:)

N ~0
2 k jeTTy
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Derivation of equation (38): starting from equation (7) for k # k*

ai kUi pi;*
ik = o
pi,s(gkz)
i (Ei/P;) ™ pil,? ) )
— T , using eq (10)
Pi s(k)

Inpir=enE—e¢nP+(1—-¢)np;; — (1 —-5) lnﬁi7s(k) +1na;y

1—¢ Bistky B °
=enE; —epIn P+ (1—¢)Inp; g — In | ——1 +1Ina;, using eq (36)
’ 1—0 @; (k) ’

1-— ~ 1-s
= ¢, InF; — (1 — C) In B sy — e + (1 =)/ In P+ (1 —¢)Inp;x +In <ai7kd;5(k)>
~ g l1—0o
1 — ~ 1 — ai s(k* ai * Mg Jox
:eklnEi— i ll’lﬁis(k)—Ek—i_( g)hl ’(kN) k p7k +(1—§)1npzk+
l1-9o ’ l-o Bis(k+) ’

oo+ 1n (ai,k&;,;"k)) , using eq (35)

1-—-¢ ~ €.+ (1 —¢ ~
=¢,InE; — (1 — a) In B s(ky + kl(_a)lnﬁm(k*) —les+ (1 =9))npig+ 1 —<)Inp;p+---
@iy
-t 11'1 R ept(d—95) ex+(d—=9)
Qi sy Tige
=fixn(a)
1—¢ ~ e+ (1 —¢ ~ 1 A R
= e, InE; — InB; k) + &+ (1) In B k=) — [k + (1 —<)] |— In B +Inpho |+
1-— 1-0 1—79 ik
1 5 . .
=) [ @), wsing ea (37
1—¢ ~ € +1—¢. = ekt1l—c. 4 —S. 5
=eInb; — (| —— | InG;yp) + N | Bi,s(k) + A B — InBik+--
l1-0 1-0 1—n 1-—n

o = ep+ (L= mpTo p + (1= <) Ipro . + fik ()
—_—— i i,

=[c—1—e]

OD.2 Algorithm to Calibrate and Solve the Model

TBD
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OE Online Appendix Figures and Tables

Table O.1: Income Elasticity and GHG Emissions per kg

Specification
M @ ) @

a. All products
log(GDPPC); ¢ x log(CO2PK); + 0.149%** 0. 111%8F  0.148***  (0.110%**

(0.029) (0.030) (0.029) (0.030)
R2 0.880 0.891 0.880 0.891
Obs 353199 353199 353199 353199
b. Excluding meat products
log(GDPPC);; x log(CO2PK), ; 0.338%** 0.197*%  0.343***  (0.200**

(0.096) (0.101) (0.095) (0.101)
R2 0.908 0.917 0.909 0.917
Obs 179333 179333 179333 179333
Controls
- Exporter x Good x Year Y Y Y Y
- Exporter x Importer x Year Y Y Y Y
- Exporter x Importer x Good Y Y Y Y
- Exporter x Importer Region x Good x Year - Y - Y
- Proxy for Price Index - - Y Y

Table O.2: Income Elasticity and GHG Emissions per calorie

Specification

(1) (2) (3)

a. All products
log(HHINCOME); x log(CO2PK); ~ 0.043%*%*  0.023***  0.017***
(0.001) (0.002) (0.003)
R2 0.496 0.661 0.804
Obs 232696 232696 232696

b. Excluding meat products
log(HHINCOME); x log(CO2PK);  0.023%%*  0.028***  (0.015%**
(0.001) (0.002) (0.003)

R2 0.484 0.614 0.787
Obs 181104 181104 181104
Controls

- Household FE Y Y Y
- Good FE - Y Y
- Municipality-Good FE - - Y

Notes: * | ** |/ *** denotes significance at the 10 / 5 / 1 percent level. Robust standard errors clustered at the household level reported
in parenthesis. Panel (b) exludes beef, lamb and mutton, pig meat and poultry meat.
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Table O.3: Crosswalk - Poore and Nemecek vs. FAO

Good Poore and Nemecek (2018) FAOSTAT
Apples Apples Apples
Bananas Bananas Bananas
Barley Barley Barley

Beef (beef herd)

Beet Sugar
Blueberries
Brassicas
Cane Sugar
Cassava,
Cheese

Cherries
Citrus Fruit

Coffee
Cranberries
Dark Chocolate

Eggs

Gooseberries
Grapes
Groundnuts

Lamb and Mutton
Maize

Beef (beef herd)

Beet Sugar

Berries and Grapes
Brassicas

Cane Sugar
Cassava

Cheese

Berries and Grapes
Citrus Fruit

Coffee
Berries and Grapes
Dark Chocolate

Eggs

Berries and Grapes
Berries and Grapes
Groundnuts

Lamb and Mutton
Maize

Meat of buffalo, fresh or chilled; Meat of cattle with the bone,
fresh or chilled; Meat of cattle boneless, fresh or chilled; Bovine
meat, salted, dried or smoked

Sugar beet

Blueberries

Cauliflowers and broccoli

Sugar cane; Cane sugar, non-centrifugal

Cassava, fresh; Cassava, dry

Cheese from milk of sheep, fresh or processed; Cheese from
skimmed cow milk; Whey cheese; Cheese from milk of goats,
fresh or processed; Cheese from whole cow milk; Processed
cheese

Cherries

Oranges; Other citrus fruit, n.e.c.; Kiwi fruit; Tangerines, man-
darins, clementines; Lemons and limes

Coffee, green

Cranberries

Cocoa beans; Chocolate products nes

Hen eggs in shell, fresh; Eggs, liquid; Eggs, dried; Eggs from
other birds in shell, fresh, n.e.c.

Gooseberries

Grapes

Groundnuts, shelled; Groundnuts, excluding shelled

Meat of goat, fresh or chilled; Meat of sheep, fresh or chilled
Maize (corn)
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Table O.4: Crosswalk - Poore and Nemecek vs. FAO (continued)

Good Poore and Nemecek (2018) FAOSTAT

Milk Milk Raw milk of sheep; Raw milk of cattle

Nuts Nuts Brazil nuts, in shell; Areca nuts; Kola nuts; Walnuts, in shell;
Hazelnuts, shelled; Chestnuts, in shell; Pistachios, in shell;
Other nuts (excluding wild edible nuts and groundnuts), in
shell, n.e.c.; Hazelnuts, in shell; Cashew nuts, shelled; Walnuts,
shelled; Karite nuts (sheanuts); Cashew nuts, in shell; Almonds,
in shell; Brazil nuts, shelled; Almonds, shelled

Oatmeal Oatmeal Oats, rolled; Oats

Olive Oil Olive Oil Olive oil; Oil of olive residues

Onions and Leeks

Other Pulses

and
genus

Other  berries
fruits of the
vaccinium n.e.c.
Palm Oil

Peas

Pig Meat

Pomelos
fruits

Potatoes
Poultry Meat

and grape-

Rapeseed Oil
Raspberries
Rice

Root Vegetables
Rye
Strawberries
Sunflower Oil
Tofu (soybeans)
Tomatoes
Wheat

Onions and Leeks

Other Pulses

Berries and Grapes

Palm Oil
Peas
Pig Meat

Berries and Grapes

Potatoes
Poultry Meat

Rapeseed Oil
Berries and Grapes
Rice

Root Vegetables
Wheat and Rye
Berries and Grapes
Sunflower Oil

Tofu (soybeans)
Tomatoes

Wheat and Rye

Leeks and other alliaceous vegetables; Onions and shallots, dry
(excluding dehydrated); Onions and shallots, green

Broad beans and horse beans, dry; Chick peas, dry; Vetches;
Beans, dry; Lentils, dry; Cow peas, dry; Other beans, green;
Other pulses n.e.c.; Bambara beans, dry

Other berries and fruits of the genus vaccinium n.e.c.

Palm oil; Oil of palm kernel

Peas, green; Peas, dry

Meat of pig with the bone, fresh or chilled; Meat of pig boneless,
fresh or chilled

Pomelos and grapefruits

Potato offals; Potatoes, frozen; Potatoes; Sweet potatoes

Meat of geese, fresh or chilled; Meat of turkeys, fresh or chilled;
Meat of pigeons and other birds n.e.c., fresh, chilled or frozen;
Meat of ducks, fresh or chilled; Meat of chickens, fresh or chilled
Rapeseed or canola oil, crude

Raspberries

Rice; Rice, broken

Carrots and turnips; Chicory roots

Rye

Strawberries

Sunflower-seed oil, crude

Soya curd

Tomatoes, peeled (o/t vinegar); Tomatoes

Wheat
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Figure O.2: GHG emissions per kilocalorie across food products
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Figure O.3: GHG emissions per kilocalorie across food products within country
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slope: 0.270 (0.020) r2: 0.18
Notes: To construct this figure we use panel data information on CO2 emissions over time across countries. We

employ data from 2010 to 2020. We residualize from the y-axis and the x-axis country fixed effects, so that only
within country variation remains in the figure.
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Figure O.5: Fertilizer use per hectare (within crop variation)
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slope: 0.410 (0.028) r2: 0.15

Notes: Logged fertilizer use per hectare in each crop and country against logged country GDP, after residualizing the values based on
crop fixed effects — i.e., we run y;, = ap + €;x and plot €;; where y;1 is log fertilizer use or log GDP.

Figure O.4: Share of GHG Emissions from agricultural inputs (PN18)
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