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Abstract
This analysis quantifies changesin global agricultural markets for maize, rice,
soybeans, and wheat due to yield changes triggered by climate change. The sce-
narios include four representative concentration pathways (RCP), five global cli-
matemodels, three shared socioeconomic pathways (SSPs) capturing differences
in population levels and economic growth, and enhancedCO2-fertilization. Yield
projections incorporate the influence of SSPs on nitrogen application and agri-
cultural technology. Depending on the SSP and comparing the RCP8.5 ensem-
ble yields (with CO2-fertilization) to a no climate change scenario in 2050, price
increases for maize (61.3%–80.9%), soybeans (36.7%–51.7%), and wheat (5.4%–
11.1%) are observed. Large wheat producers in temperate regions expand wheat
production under climate change. Rice benefits from CO2 fertilization resulting
in a relatively uniform price decrease across scenarios of 19.5%–19.9%. Cropland
expansion between 2015 and 2050 is lowest for the high economic growth sce-
nario. Depending on the crop and region, there are significant reductions in
production especially for maize. Absolute changes in trade patterns are most
pronounced for wheat and least for rice. Using trade as a means to dampen
the negative welfare effects of climate change will be important and so is eco-
nomic growth.
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1 INTRODUCTION

The effects of climate change on global food production
and food security through crop yield changes and vari-
ability are receiving increasing attention because nega-
tive impacts on major crops are projected (Arora et al.,
2020; Carraro, 2016; Huffman et al., 2018; Iizumi et al.,
2017; Müller & Robertson, 2014; Rosenzweig et al., 2014;
Schauberger et al., 2017; Schleussner et al., 2018; Zhao et al.,

2017). Although global average crop yields are expected to
decrease, there are regional and crop-specific differences
inmagnitude and direction of change (Costinot et al., 2016;
D’Agostino & Schlenker, 2016; Hertel et al., 2010; Müller
et al., 2011; Müller & Robertson, 2014; Wiebe et al., 2015).
The general approach in developing yield estimates

is to combine Representative Concentration Path-
ways (RCP)—which represent plausible future CO2-
equivalent concentration scenarios measured in parts per
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million—developed for the Intergovernmental Panel on
Climate Change (IPCC) with General Circulation Models
(GCM) and global climate models to forecast long-term
climate (Nelson et al., 2014a; van Vuuren et al., 2011,
2014).1 Subsequently, crop growth models are used to
translate the effects of temperature and precipitation
on crop growth (Nelson et al., 2014a, 2014b). In order
to determine the effects on food production and food
security, analyzing yield changes in individual countries
is not sufficient because variability in relative productivity
between countries leads to changes in trade and prices.
For example, if yields are declining, then the resulting
higher prices may induce farmers to increase acreage
(Costinot et al., 2016). In addition, if yield changes differ
by location, then shifts in production and trade can be
expected (Baker et al., 2018; Costinot et al., 2016). Land-use
changes can result in deforestation among other effects.
To capture these market effects, global climate and yield

estimates are combined with economic models to deter-
mine the effects on market outcomes. This article com-
bines an extended version of an established global agricul-
tural outlookmodel, that is, the CARDmodel,2 with global
yield projections under various climate change scenarios
and socioeconomic environments. Effects on commodity
prices, land-use, production, and trade for maize, rice, soy-
beans, and wheat are quantified until 2050. Although a
shorter time horizon is used in this analysis—some mod-
els go until 2100—we see important changes in produc-
tion and trade due to yield reductions for major agri-
cultural producers. The implications on food security for
major agricultural producers, which fluctuate significantly
in some cases, are included as well.
The analysis includes three baselines with no climate

change corresponding to socioeconomic environments—
so-called shared socioeconomic pathways (SSP)—
differentiated along population levels and economic
growth. The climate change scenarios represent four
RCPs, that is, RCP2.6, RCP4.5, RCP6.0, and RCP8.5 cor-
responding to radiative forcing of 2.6, 4.5, 6.0, and 8.5
W m−2. The yield projections are based on the work by
Iizumi et al. (2017) who use four management inputs that
influence yield evolution besides climate change: (1) nitro-
gen application rate, (2) knowledge stock of agricultural
technologies, (3) improved technologies and management
systems, and (4) irrigation intensity (assuming constant
irrigation area).
The purpose of this article is to complement and extend

the existing literature which has modeled the effects of

1We use General Circulation Model and Global Climate Model inter-
changeably and abbreviate with GCM.
2 The model was developed at the Center for Rural and Agricultural
Development (CARD) at Iowa State University.

climate change on crop yields and assessed the impact
on global agricultural markets (Fujimori et al., 2017; Popp
et al., 2017; van Meijl et al., 2018; Schmitz et al., 2014;
Wiebe et al., 2015). It frames the results and policy dis-
cussion in the context of economic growth and popula-
tion levels. This analysis contributes to the literature and
policy debate of climate change and agriculture in multi-
ple ways. First, it presents the economic and policy discus-
sion around population levels and economic growth across
all RCPs and no climate change. Previous literature has
focused on some but not necessarily all RCP and SSP com-
binations (van Meijl et al., 2018). The reason is that cer-
tain RCP and SSP combinations are unlikely to the point of
incompatibility. For example, the macroeconomic frame-
work and policy efforts underlying SSP1 are improbable
to result in RCP8.5. The same is true for the lack of mit-
igation efforts in SSP3 resulting in RCP2.6. Thus, infer-
ences drawn from those combinations have limited valid-
ity. Baker et al. (2018) and Baldos et al. (2019) have focused
on RCPs but did not include SSPs whereas other have
included the effects of various SSPs on land-use change
but did not incorporate climate change (Doelman et al.,
2018; Stehfest et al., 2019). Second, the yield projections by
Iizumi et al. (2017) are influenced by socioeconomic and
technological changes based on the SSPs besides climate
and the presence/absence of enhanced CO2-fertilization.
Those SSP-based yield projections in combinationwith the
CARD model, which includes SSP-consistent population
and economic growth complements previous literature in
which yields do not include changes in technology, fer-
tilizer, and irrigation intensity consistent with SSPs. And
lastly, the results of the CARDmodel are introduced to the
field of various global modeling frameworks to assess the
consequences of climate change on agricultural markets.

2 OVERVIEWOF GLOBAL ECONOMIC
MODELS AND CLIMATE CHANGE

Modeling the impact of climate on yields and agriculture
is done through (1) statistical models relating observed
climatic variables to yields, (2) process-based models
which capture biophysical linkages, or (3) integrated
assessment models (IAM) that contain a feedback loop to
socioeconomic variables such as land management (Cis-
car et al., 2018). Statistical models are based on historical
weather and yield variables. Depending on data availabil-
ity and model specification, those models may not capture
the effects of changes in management practices due to
adaptation and/or mitigation efforts or CO2-fertilization.
Although effects of management may not in isolation
be captured because those are rarely exogenous, any
estimated yield response function implicitly includes
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management practices in the coefficients, for example,
changes in irrigation behavior reducing yield sensitivity to
heat exposure. The advantage of these statistical models
is the availability of detailed yield and weather data at the
regional and global scale. Thus, the models can be used
globally in areas that are too data-sparse for other models.
Process-based crop models have the advantage of being
able to quantify yields based on bio-physical relations such
as nitrogen inputs, water availability, soil quality, and/or
temperature. Thesemodels require a significant amount of
input data and are therefore more difficult to implement.
An extensive review of process-based models is presented
in the supplemental materials of Rosenzweig et al. (2014).
The aforementioned methods to model climate change

impacts on agriculture do not incorporate how changing
yields affect economic decisions by farmers and society.
This limitation is overcome by IAMs, which provide feed-
back effects between socio-economic variables and natu-
ral (e.g., climate, soil, water) systems. IAMs can incorpo-
rate management decisions such as land-use by farmers
based on climate variables and account for how these deci-
sions affect climate variables (Hertel & Lobell, 2014; Nel-
son et al., 2014a). For example, IAMs are able to incor-
porate how yield decreases triggered by climate change
affect farmers’ decision to increase crop area into pastures
and forests and hence, release biomass carbon that sub-
sequently extenuates carbon concentration in the atmo-
sphere. Climate change affects every country and region
differently and thus, therewill be changes in trade patterns
(Costinot et al., 2016). To jointly evaluate the impacts of cli-
mate change by country and the resulting trade effects, cli-
mate and crop models must be coupled with agricultural
trade models.
There are a number of IAMs, which have been used

in recent years to evaluate the impacts of climate change
on global agricultural production: AIM/CGE, CAPRI,
ENVISAGE, EPPA, FARM, GCAM, GLOBIOM, GTAP,
GTEM, IMAGE, IMPACT, MAgPIE, MAGNET, SIMPLE.3
Research presents either individual or multi-model runs
whereby the latter allow formodel comparison. TheCARD
model results are compared to Schmitz et al. (2014) and van
Meijl et al. (2018) in the results section as well as the sup-
plemental information.
Fujimori et al. (2017) use AIM/CGE to analyze scenar-

ios that are similar to those presented in this analysis in
terms of RCPs and SSPs but does not include a no climate
change scenario. Similar to the CARD model, AIM/CGE
assumes a single international trade market. Given the
importance of future land-use change, Chen et al. (2020)
use GCAM to construct gridded maps of future land-uses

3 See supplemental information for a description and references as well
as an overview of recent research.

for five SSPs and four RCPs. However, not every combi-
nation of RCP and SSP is covered, for example, RCP8.5 is
onlymodeled for SSP5 in their analysis. Similar to Fujimori
et al. (2017), a no climate change scenario is not included
in Chen et al. (2020). Baker et al. (2018) use GLOBIOM
to assess the impact of RCPs but do not consider SSPs.
Some researchers focus only on RCP8.5 (Baldos et al., 2019,
2020; Nelson et al., 2014a). Using multiple models, Doel-
man et al. (2018), Stehfest et al. (2019), and van Zeist et al.
(2020), focus on cropland allocationunder the various SSPs
in the absence of climate change. Assessments similar to
this analysis with varying degrees of RCP and SSP cover-
age are found in Nelson et al. (2014b), Schmitz et al. (2014),
van Meijl et al. (2018), von Lampe et al. (2014), and Wiebe
et al. (2015). See Table 1 for an overview of various models.
The IAMs cover a broad range of issues associated with

climate change and agricultural trade such as food secu-
rity (Baldos & Hertel, 2015; Hasegawa et al., 2015; Wiebe
et al., 2015), welfare changes in the agricultural sector (Bal-
dos et al., 2019; Stevanović et al., 2016), impact ofmitigation
policies on food security (Hasegawa et al., 2018; van Meijl
et al., 2018), or relative competitiveness across countries
(Baker et al., 2018). Two of the more dominant topics are
projecting future land-use change (Chen et al., 2020; Doel-
man et al., 2018; Popp et al., 2017; Schmitz et al., 2014; Ste-
hfest et al., 2019) and explaining differences betweenmod-
els (Nelson et al., 2014a, 2014b; von Lampe et al., 2014). A
more recent article by van Zeist et al. (2020) quantifies the
influence of yield gaps on future land-use and food secu-
rity.
With climate change, Stevanović et al. (2016), among

others, find a shift in production to higher latitudes. In
general, tropics will not benefit from climate change due
to rising temperatures, but some temperate regions benefit
because growing seasons will be longer (Rosenzweig et al.,
2014). Although, depending on characteristics such as loca-
tion, elevation, and cropping system, negative impacts in
the tropics can bemore or less severe than in other regions.
For example, rice has a higher heat tolerance than maize
or wheat, which is evident in previous research as well
as in our study (Baker et al., 2018; Baldos et al., 2019).
Deryng et al. (2014) find amean decrease inmaize yields of
2.9%–12.8% by 2080 and an increase in soybeans and spring
wheat yields of 7.1%–15.3% and 9.9%–34.3%, respectively,
compared to the reference year 1980. Although they show
that global soybean and wheat yields improve over time,
there are spatial variations, and tropical and sub-tropical
regions could face substantial yield declines. There will be
a general shift of climate zones (and thus agricultural pro-
ductivity) northwards (IPCC, 2019). Food security is pro-
jected to decrease with climate change as more extreme
events such as droughts affect multiple regions and sectors
(IPCC, 2019).



4 DUMORTIER et al.

TABLE 1 Comparison of recent research in terms of representative concentration pathway (RCP) and shared-socioeconomic pathway
(SSP) use

Representative concentration pathway SSP Model
Paper NoCC 2.6 4.5 6.0 8.5 SSP1 SSP2 SSP3 Other Single Multiple
Baker et al. (2018) X X X X X
Baldos & Hertel (2015) X X
Baldos et al. (2019) X X
Chen et al. (2020) no SSP3 X X X X X X X
Doelman et al. (2018) X X X X X X
Fujimori et al. (2017) X X X X X X X X X
Hasegawa et al. (2015) X X X X X X
Hasegawa et al. (2018) X X X X X X X
Nelson et al. (2014a) X X X
Nelson et al. (2014b) X X X X
Popp et al. (2017) no SSP3 X X X X X X
Schmitz et al. (2014) SSP2/3 SSP2 X X X
Stehfest et al. (2019) X X X X X
Stevanović et al. (2016) X
van Meijl et al. (2018) X X X X X X X
van Zeist et al. (2020) X X X X X X
von Lampe et al. (2014) SSP2/3 SSP2 X X X
Wiebe et al. (2015) X SSP1 SSP2 SSP3 X X X X
This paper X X X X X X X X X

The column “Model” indicates if one or more models were used. A more detailed table is found in the Supplemental Information. Some research does not cover
particular combinations of RCP and SSP, for example, Chen et al. (2020) exclude SSP3 for RCP2.6.?

Three issues are important determinants of future food
security, adverse land-use change, and carbon emissions:
Economic growth, trade policy, and mitigation policy. Fis-
cher et al. (2005) conclude that socioeconomic develop-
ment is more important to food security than climate
change impacts. Similar findings are echoed by Stehfest
et al. (2019) and others that show that high economic
growth leads to lower cropland and pasture expansion.
The importance of unobstructed trade on food security
andmalnutrition has been the subject of previous research
as well (Brown et al., 2017; Costinot et al., 2016; Gouel &
Laborde, 2018; Smith & Glauber, 2020). Baldos and Her-
tel (2015) use the SIMPLE Model to assess the impact of
trade restrictions and their results highlight two aspects:
First, the presence of CO2 fertilization can reduce the head
count ofmalnutrition and second, integratedmarkets have
a lower count ofmalnourished people than trade-restricted
markets. Similar results are shown in Stevanović et al.
(2016) who assess the impact of climate change across 19
GCMs and under a liberalized and so-called fixed trade
scenario. The fixed trade scenario represents fixed rela-
tive shares of trade flows at the regional level. They find
that unconstrained global trade reduces the adverse effects.
These observations are important as many countries are
implementing policies of domestic protection in an effort

to alleviate short-run food crises (Smith & Glauber, 2020).
An important deviation from those findings about the
importance of unrestricted trade is found in Costinot et al.
(2016). Costinot et al. (2016) quantify the macro-level con-
sequences of climate change shocks using the Food and
Agriculture Organization’s Global Agro-Ecological Zones
(GAEZ) data set. Unlike the CARD model, Costinot et al.
(2016) use a static model for 2009 data covering 10 crops
and 50 countries to model how climate shocks for pro-
ductivity and prices map into consumption and welfare
changes. They find that unrestricted trade may not be as
important to reduce the effects of climate change and that
production allocation adjustment within countries are far
more important to mitigate the welfare reducing effects of
climate change.

3 MODELING APPROACH

To quantify the effects of climate change on global agri-
cultural production, we use a well-established global agri-
cultural outlook model, that is, the CARD model. The
model has been adapted for this analysis and the changes
described below. This section also outlines the climate
change scenarios as well as the yield data obtained from
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Iizumi et al. (2017). The final section describes the adapta-
tion of the Shared Socioeconomic Pathways (SSP) tomatch
the countries and regions in the CARD model.

3.1 CARDmodel

The CARD model is a deterministic agricultural mod-
eling system used to quantify the impact of changes in
market conditions and policies on global prices, land allo-
cation, production, and trade. The model uses a partial-
equilibrium framework to solve for a set of commodity
prices to equate global supply and demand for agricultural
products. The model is non-spatial in the sense that trade
flows are not assessed between individual countries but
only as a single international market. This is similar to
models such as AIM/CGE, GCAM, and IMPACT, which
do not take bilateral trade into account but assume a sin-
gle, non-spatialmarket. This is consistentwith SSP1,which
assumes globalized trade. Throughout the analysis, agri-
cultural policies (including trade) are assumedunchanged.
The CARD model has been used in numerous academic
publications to evaluate U.S. and international biofuel pol-
icy (Carriquiry et al., 2020; Dumortier et al., 2021, 2011;
Elobeid & Tokgoz, 2008; Elobeid et al., 2012) and carbon
policies (Dumortier et al., 2012, 2020).
The version of the CARD model used in this analysis is

modified compared to the previousmodeling system to bet-
ter capture the long-term nature of climate change. These
changes include (1) an extension of the time horizon to
2050 (as opposed to the original 10–15 years) to better cap-
ture long-term changes in climate, (2) the incorporation of
nutritional restrictions (in particular, appropriate limits on
caloric intake) on the demand side, which become increas-
ingly more important in the longer time horizon planned,
and (3) crop coverage is restricted to maize, soybeans, rice,
and wheat.
The model is calibrated on 2013/14 marketing-year data

for crops and 2013 calendar-year data for livestock and
biofuels, and the projections are generated for the period
between 2014/15 and 2050/51. The model is recursively
solved for successive annual equilibria. Instead of the sep-
arate, commodity-specific models found in the previous
version of the CARD model, the current version of the
modeling system is comprised of countries/regionswith all
agricultural sectors (commodities) contained within each
country or region. There are 22 regional models included
selected according to their significance in the agricultural
commodity marketplace.4

4 The countries/regions modeled are Argentina, Australia, Brazil,
Canada, Chile, China, Egypt, the European Union, India, Indonesia,
Japan, Malaysia, Mexico, New Zealand, Nigeria, Peru, Russia, South

Land-use data in the CARD model is obtained from the
Food and Agriculture Organization (FAO). The total area
allocated to crop production (𝐴𝑡) in a particular region at
time 𝑡 is calculated as 𝐴𝑡 = 𝐴𝑇 ⋅ 𝑚(𝑟𝑡) where 𝐴𝑇 is total
available area and 𝑟𝑡 is the area-weighted average return.
The linear allocation method proposed by Holt (1999) is
used to allocate area to different activities. Thus, if prices
(and hence, net returns) increase, the overall share of crop
area increases leading to an expansion in absolute terms.
Yield projections are exogenously determined by Iizumi
et al. (2017). In previous uses of the CARD model, yield is
not only determined by a time trend—representing gen-
eral productivity growth – but also crop net returns. This
has been used to capture yield improvements which are
endogenous to the model if farmers are using more inten-
sive cropmanagement techniques. Other trademodels use
Nested Constant Elasticity of Substitution or Leontief pro-
duction functions Nelson et al. (2014a).
Domestic demand for crops is subdivided into three sec-

tors: (1) Feed, (2) food, seed, and industrial, and (3) bio-
fuels. The demand for feed is determined by the price
for major feed crops, that is, maize, soybean meal, and
wheat, as well as livestock population. The per-capita
food demand is driven by (own- and cross-) prices, GDP
per capita, and GDP per capita squared. Thus, per-capita
demand for food increases with income but at a decreas-
ing rate. That is, as consumers’ per-capita income increases
and their food demands become increasingly satisfied,
they devote smaller shares of the additional income to food
products (Engel’s law). Therefore, while there is no cap on
caloric intake, it does not rise indefinitely as time passes
and incomes increase. With the extension of the length of
the projection period in comparison to the previous CARD
model, we re-specified our food demand system with a
quadratic specification to limit the unrestrained increase
in caloric intake over the longer time horizon (see supple-
mental information for annual per-capita energy demand
formaize, rice, andwheat). Thiswill enable us to use nutri-
tional restrictions in calibrating changes in income elas-
ticities to better reflect historical consumption patterns,
which will have direct implications on land-use change
estimates over time in response to policy initiatives. For
example, as income elasticities of food items decline with
the growth in income over the 40-year projection period,
demand for agricultural commodities will tend to become
more inelastic (i.e., holding Hicksian substitution con-
stant). Thus, price changes will result in smaller responses
in food demand, and hence larger corresponding response
in land allocation.

Africa, Ukraine, the United States, Vietnam, and the aggregate rest of the
world (ROW) region required to close the model.
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Imports and exports by country are modeled as the
difference between domestic production and domestic
demand. Although trade is formulated similar to the
AIM/CGE model in terms of single market, the CARD
model does not apply different elasticities for domestic ver-
sus imported commodities (i.e., there are no Armington
elasticities) (Stehfest et al., 2019).

3.2 Climate change scenarios and yield
data

The yield estimates presented in Iizumi et al. (2017) are
used to determine the effects of climate change on maize,
rice, soybeans, and wheat yields. As mentioned before, the
yield estimates include fourmanagement practices besides
climate change. The important driver of those manage-
ment practices is gross domestic product (GDP), which
depends on the SSPs. The nitrogen application rate and the
knowledge stock of agricultural technologies are driven
by GDP (among other factors such as agriculture value
added or research and technology expenditures). The accu-
mulation of knowledge stock also leads to improved tech-
nology and management systems. In particular, Iizumi
et al. (2017) assume that the knowledge stock leads to
increases tolerance to stresses (i.e., temperature and water
extremes). We refer the reader to the original publication
for the detailed calculations and we frame our descrip-
tion of their approach in terms of how we use the data
in our model. The calculations by Iizumi et al. (2017)
cover a wide range of scenarios under various climate
and socioeconomic scenarios. Their scenarios are differ-
entiated by shared socioeconomic pathways (SSP1, SSP2,
and SSP3), representative concentration pathway (RCP)
(i.e., RCP2.6, RCP4.5, RCP6.0, RCP8.5), general circula-
tion model (GCM) (i.e., GFDL-ESM2M, IPSL-CM5A-LR,
MIROC-ESM-CHEM, HadGEM2-ES, and NorESM1-M),
presence and absence of CO2 fertilization, and rainfed ver-
sus irrigated crop production. The CO2-fertilization can
potentially lead to higher yields with climate change under
certain conditions. The inclusion of the different SSPs at
the global scale for the four crops considered also repre-
sent an extension of the Agricultural Model Intercompar-
ison and Improvement Project (AgMIP) found in Villoria
et al. (2016). Besides presenting the results for theRCPs, the
authors also calculate the evolution of yields in the absence
of any climate change. The yield GIS data is at a 0.5◦ grid
size. In order to use the data in the CARD model and
address our research questions, we proceed in three steps.
First, we calculate the average yield across the five

GCMs, that is, GFDL-ESM2M, IPSL-CM5A-LR, MIROC-
ESM-CHEM, HadGEM2-ES, and NorESM1-M, to obtain
the ensemble mean/average, which is consistent with the

approach in Iizumi et al. (2017). Auffhammer et al. (2013)
suggest this approach to avoid relying on one GCM but
also recommend reporting the range of outcomes from
the different GCMs for transparency purposes (see section
“Yields Changes in 2050” in the Supplemental Informa-
tion). The results include all five GCMs to highlight the
uncertainty associated with the various estimates. Since
the CARD model does not differentiate between irrigated
and rainfed crop yields, we calculate the weighted aver-
age of crop yields in a second step. To do so, we use the
data by Portmann et al. (2010), which includes estimates of
the annual harvested area for the four crops differentiated
by rainfed and irrigated area at the global scale. Although
for the year 2000, the data is used by Iizumi et al. (2017)
to construct the yield projections implicitly assuming that
the distribution does not change over time. After aggregat-
ing the data by Portmann et al. (2010) to match the resolu-
tion by Iizumi et al. (2017), we calculate the average yield
weighted by the rainfed and irrigated area for the 22 coun-
tries and regions of the CARD model. As mentioned by
Iizumi et al. (2017), “year-to-year comparison between the
reported andmodeled country mean yields is difficult to jus-
tify” due to the production overlapping two years. Thus,
we calculate a rolling mean for each year 𝑡 using the yields
from 𝑡 − 4, … , 𝑡, … , 𝑡 + 4 to analyze decadal means, which
is consistent with Iizumi et al. (2017). The climate change
scenarios consider long-term trends in temperature and
precipitation. Extreme (short-term) events such as the pos-
sibility of heavy rainfall and droughts are not considered.

3.3 Shared socioeconomic pathways

Shared socioeconomic pathways (SSP) are narratives that
describe future scenarios of socioeconomic development.
As outlined in O’Neill et al. (2014), there are two main
components with each SSP: quantified measures and sto-
rylines. The quantified measures generally used are pop-
ulation growth and GDP which are also considered the
defining characteristics of the SSPs.Using consistent popu-
lation and GDP growth across assessments facilitates com-
parability of climate change studies and models (Valin
et al., 2014; Schmitz et al., 2014). The (qualitative) narra-
tive storylines associated with each SSP plausibly describe
future socioeconomic developments and (climate) policies
consistent with the quantitative measures (O’Neill et al.,
2014). For example, SSP1 describes an optimistic future
pathway characterized by high economic and low popu-
lation growth, with no trade barriers, and stringent land-
use regulation (Popp et al., 2017; van Meijl et al., 2018).
Using SSPs for climate change modeling allows for com-
parison of results across different models and provides a
unified approach.
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The three pathways used in this analysis, that is, SSP1,
SSP2, and SSP3, can be broadly differentiated among
two dimensions: (1) mitigation challenges and (2) adap-
tation challenges (van Vuuren et al., 2011; O’Neill et al.,
2014). SSP1 has low mitigation and adaptation challenges
whereas SSP3 has high challenges along both dimensions.
SSP2 can be thought of as an intermediate case between
SSP1 and SSP3 (O’Neill et al., 2014). One of the defining fea-
tures of SSP3 is its low economic growth. The future yield
evolution in Iizumi et al. (2017) are based on the nitrogen
application rates, the knowledge stock of agricultural tech-
nologies, and the use of improved technologies and man-
agement systems. All of these components are influenced
by the evolution of the GDP and population from the SSPs
and thus, the CARD model is run separately for each of
the three SSPs in order to be consistent with the yield data
used. The SSP population and GDP data used in our anal-
ysis are IIASA-WiC POP and IIASA GDP available from
the International Institute for Applied Systems Analysis
(IIASA).5
Historic population levels prior to the beginning

of the simulation period calibrate the agricultural demand
in the 22 regions of the CARDmodel. Population data from
the SSPDatabase are used to drive future projections (Riahi
et al., 2017; KC&Lutz, 2017). Using the growth rates for the
population projections instead of the level data ensures a
smooth transition between the historic and projected data.
We then use the same approach as for the GDP data by
aggregating the SSP population data for the 22 regions and
projecting the population data out based on the SSP growth
rates. Hence, our scenarios are consistent with the pro-
jected SSP growth rates of population and GDP. Note that
the SSP database reports the data in 5-year intervals and
we interpolate between those years assuming a constant
annual growth rate.
For each of the three SSPs, we end up with a baseline

and 48 scenario. The baseline assumes no climate change
and corresponds to an agricultural outlook given the status
quo. Note that C4 crops (i.e., maize) have lower responsive-
ness to CO2 fertilization compared to C3 crops (i.e., rice,
soybeans, and wheat) (Hertel et al., 2010; Hertel & Lobell,
2014).
As mentioned before, any SSP-RCP combination can be

modeled although SSP1 (SSP3) is more consistent with a
lower (higher) RCP. The assumption of low socioeconomic
challenges for mitigation and adaptation in SSP1 for exam-
ple is not compatible with RCP8.5. To present a complete
picture across all SSPs and RCPs, we included all combina-
tions to avoid selecting RCPs that maymatch with a partic-

5 The population data were developed in collaboration with the Wittgen-
stein Centre for Demography andGlobal HumanCapital (WIC). The gen-
eral SSP database is accessible at https://tntcat.iiasa.ac.at/SspDb.

ular SSP. However, the RCP8.5 scenario has come under
scrutiny for being problematic due to its assumption of
major increase in future coal use (Ritchie & Dowlatabadi,
2017b, 2017a; Hausfather & Peters, 2020).

4 RESULTS

The discussion of the results focuses on prices, land area,
production, and trade. The analysis compares either (1) the
difference between the baseline (no climate change) and
climate change scenarios in 2050 or (2) the change from
2015 to 2050within a scenario. Unless otherwise stated, the
results are based on the ensemble mean yields across the
five GCMs from Iizumi et al. (2017). A total of 144 climate
change scenarios and three baselines (SSPs)were executed.
We refer to the three no climate change scenarios (one of
each SSP) as the baselines.

4.1 Prices

Without CO2-fertilization, prices increase compared to
the baseline for maize, soybeans, and wheat in 2050
(Figure 1). Wheat has the smallest increase across the
climate change scenarios for those three crops with the
exception of RCP2.6 for which soybeans shows the low-
est price increase. Maize yield in the absence of CO2-
fertilization is expected to decrease in many countries (see
Figure S1 in Supplemental Information). For three lower
radiative forcing scenarios and to a lesser extent RCP8.5,
the increases in commodity prices are comparable in mag-
nitude and direction across maize, soybeans, and wheat as
well as the three SSPs.
With CO2-fertilization, the price increases for maize

and soybeans are also similar in direction and magnitude.
However, the price increase for wheat is relatively small
compared to maize. For RCP8.5 and SSP1, price increases
range from 11.1% (wheat) to 80.9% (maize) compared to
the baseline with no climate change. For the SSP3 sce-
nario, the price increases are lower and are 5.4% for wheat,
36.7% for soybeans, and 61.3% for maize. Observing the
smallest price increase for wheat is in line with wheat
yield predictions showing small changes across the climate
change scenarios given that wheat is mostly grown in tem-
perate regions. We hypothesize that there are two reasons
leading to this sizeable difference in the price increases
between maize and wheat. First, in the presence of CO2-
fertilization, large wheat producers such as Canada, the
European Union, Russia, and the Ukraine experience an
increase in wheat yields under climate change. For maize,
the U.S.—as a large maize producer—experiences a yield
decrease of 25% in the RCP8.5 scenario which, coupled

https://tntcat.iiasa.ac.at/SspDb
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F IGURE 1 Changes in prices between the baseline (no climate change) compared to the climate change scenario in 2050 [Color figure
can be viewed at wileyonlinelibrary.com]

with inelastic cropland supply, leads to high price increases
for maize. Maize and wheat are grown in warm and tem-
perate climates, respectively, which reduces their com-
petition for land because they are grown mostly in dif-
ferent regions, with only partial area overlap. Second,
there is limited substitutability in demand between differ-
ent uses of the crops. Wheat is primarily used for food
whereas maize is used for feed and, in the case of the
U.S. bioenergy. In the scenarios presented, the demand for
biofuels is unchanged,which to an extent, restricts the sub-
stitutability even further. Taken together, these two fea-
tures may lead to situations in which the relationships
between prices of wheat and corn are weakened relative
to those observed in historical periods. In addition, the
current version of the CARD model does not account
for double cropping, which could ameliorate the relative

excess demand of corn relative towheat, reducing the price
change discrepancy among them. These cross-effects will
be considered in more detail in future work.
For rice, the difference in 2050 between the baseline and

the various RCPs depends on CO2 fertilization. Without
CO2 fertilization, the increase in the price of rice is sim-
ilar to the other three commodities (Figure 1). Across all
SSPs in the RCP8.5 scenario, the rice price declines consis-
tently by 19.5%-19.8%withCO2-fertilization in 2050 relative
to the baseline but increases by 23.0%-41.5% without CO2-
fertilization. The modeled rice yields in Iizumi et al. (2017)
before 2000 are slightly higher than observed rates. The
authors alsomention that rice theoretically has the highest
CO2-fertilization under extreme climate, that is, RCP8.5,
but find a yield stagnation at very high concentration lev-
els. The concentration levels at which rice yield stagnates



DUMORTIER et al. 9

are beyond 2050 and towards 2100. The low responsive-
ness of rice to changes in climate is echoed in Zhao et al.
(2017) and Hertel and Lobell (2014). The yield change esti-
mates for rice for RCP2.6, RCP4.5, and RCP6.0 are close
to zero in the case without CO2-fertilization and positive
withCO2-fertilization. Figure 1 also indicates that the price
increases are similar for RCP2.6, RCP4.5, and RCP6.0 but
are markedly higher under the RCP8.5 scenario.
The SSP3 scenario is characterized by lower economic

growth compared to SSP1. In terms of population, the
effects on prices aremore complicated because somemajor
countries/regions experience highest population growth in
the SSP3 scenario, for example, Brazil, China, Indonesia,
India, and the rest of the world aggregate (ROW), whereas
others experience the lowest population growth in the
SSP3 scenario, for example, EU and the United States. This
leads to two observations that need to be carefully distin-
guished: The prices increase for all crops over the period
2015–2050 and are lowest for SSP1 (Figure 2). The results
of the CARD model suggest that high economic growth
(spurring crop demand) in SSP1 has a smaller impact on
commodity prices than the high population growth in
SSP3. Second, as mentioned before, the difference in 2050
between the baseline and the climate change scenarios
is highest for SSP1. This finding is based in our analysis
which considers income and population projections asso-
ciated with the SSPs and excludes qualitative aspects such
as reduced meat consumption for SSP1. Commodity prices
under SSP3 and no climate change are higher due to popu-
lation growth and thus, the impact of climate change will
be smaller whereas the commodity prices under SSP1 are
low in the baseline and climate change will increase these
prices by a larger percentage than under SSP3. The evolu-
tion of commodity prices over the projection period shows
that, under no climate change, the prices for maize and
soybeans stabilize close to historic levels in the SSP1 and
SSP2 scenarios. Consistent with the population increase
in populous countries in the SSP3 scenario, prices for all
commodities increase over the projection period. The price
for rice in SSP1 peaks shortly after 2040 and decreases
thereafter.
In the absence of CO2-fertilization, commodity prices

increase across all climate change scenarios from 2005
to 2050 (see Supplemental Information). Without CO2-
fertilization, the price of rice increases across the RCPs
and SSPs but not across all the years. The peak in the rice
price occurs around 2045 (RCP6.0 and RCP 8.5) or earlier
(RCP2.6). Globally, there is little substitution in the food
demand between rice and the other commodities. With
CO2-fertilization, prices for maize, soybeans, and wheat
are increasing although maize and soybean prices remain
relatively stable under SSP1 and RCP2.6 (Figure 2). The
direction of price evolution for rice depends on the inclu-

sion of CO2-fertilization and the SSP. Population growth
in large rice-consuming countries such as China, India,
Indonesia, is highest under SSP3. This leads to increases in
the price of rice, which is discernibly higher in SSP3 than
under SSP1 and SSP2 (Figure 1). The price of rice decreases
under SSP1 due to lower population growth in large rice-
consuming countries and beneficial responsiveness of rice
yield to changes in climate.
Baker et al. (2018) find average world price responses

for maize, rice, soybeans, and wheat of 26.2%, 3.1%, 30.3%,
and 26.2%, respectively, across RCPs and GCMs. They note
that there is significant variation in themaize prices across
the scenarios ranging from -12% to over 100% under severe
climate change by 2050. Their results are in line with
maize prices significantly increasing under climate change
and rice prices being the least affected. Our results are
also consistent with Ciscar et al. (2018) who states that
the effects of CO2 fertilization have larger implications on
yields than adaptation.

4.2 Effects on land-use

From an environmental perspective, one important aspect
of future food production is land-use. Although our model
does not include a feedback effect of carbon emissions
due to land clearing because of potentially lower commod-
ity yields, our model quantifies land-use change. In the
absence of climate change, total global area of maize, rice,
soybeans, andwheatwill be 5.0%, 7.5%, and 10.3% higher in
2050 compared to 2015 under SSP1, SSP2, and SSP3, respec-
tively. This is consistent with other models like Schmitz
et al. (2014) and van Meijl et al. (2018). In our analysis,
yields are also a function of management practices, which
are driven by economic growth. The maximum amount of
land used for the four commodities in the absence of cli-
mate change occurs before 2050 (Figure 3). For SSP1, SSP2,
and SSP3, the maximum extension occurs in 2035 (6.8%
above 2015), 2039 (8.1%), and 2049 (10.3%), respectively,
depending on the interactions between economic and pop-
ulation growth as well as yield dynamics. The increase in
area compared to 2015 under RCP8.5 is 7.7%, 9.5%, and
11.7% for SSP1, SSP2, and SSP3, respectively.
Figure 5presents the absolute change in area harvested

for the modeled countries.6 For some large agricultural
producers such as Brazil, Canada, China, and India, there
are large variations in area used across the scenarios. Total
crop area in Brazil under RCP8.5 increases by 0.7 and
0.3 million hectares in the SSP1 and SSP2 scenarios,

6 Although modeled individually, the following countries were added to
the group ROW: Chile, Egypt, Japan, Malaysia, Nigeria, New Zealand,
and Peru.
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F IGURE 2 Evolution of commodity prices by RCP and SSP with CO2-fertilization. The shaded areas represent the lower and upper
bounds as determined by the individual GCMs. The graph without CO2-fertilization is in the Supplemental Information. [Color figure can be
viewed at wileyonlinelibrary.com]
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F IGURE 3 Evolution of crop area under the Shared Socioeconomic Pathway scenarios. The shaded areas represent the lower and upper
bounds as determined by the individual GCMs. [Color figure can be viewed at wileyonlinelibrary.com]
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F IGURE 4 Evolution of production under the Shared Socioeconomic Pathway scenarios [Color figure can be viewed at
wileyonlinelibrary.com]
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F IGURE 5 Difference in total area harvest in 2050 compared to the no climate change baseline [Color figure can be viewed at
wileyonlinelibrary.com]
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respectively, but decreases by 0.3 million hectares in the
SSP3 scenario. Only India, Indonesia, and Vietnam see a
reduction in total crop area in 2050. Note that all three
countries are large rice producers and the increase in rice
yields with CO2-fertilization are a contributing factor. The
decline of yields in the U.S. for maize, rice, and soybeans
does not translate into a large variation in area harvested.
The combined effect of lower yields and a shift in crop-
land allocation results in changes in production (Figure 4).
Especially for SSP3 under RCP8.5, there are significant
changes for maize in the rest of the world, for rice in Brazil
and China, and wheat in Russia and the Ukraine (Figure
7). The percentage increase in area between 2015 and 2050
is depicted in Figure 6.

4.3 Effects on trade

Comparing the no climate change scenario to the RCP8.5
scenario in 2050 reveals changes in the comparative
advantage and trade between countries. Canada and the
EU switch from being importing countries for maize to
exporting countries under the RCP8.5 scenario for SSP1
and SSP2. As temperatures increase, northern temperate
regions become more suitable for warm weather crops
such as maize. The EU also changes to an exporting nation
for maize under SSP3. Although the production of rice
increases globally due to beneficial yield effects, the rest
of the world changes from being an importing region to
an exporting region only in SSP1. Note that the rest of
the world in this analysis is the aggregate of many coun-
tries and thus, the trade responses for the individual coun-
tries within that aggregate region will likely be diverse.
This also represents the SSP with the lowest population
growth. Under the higher population growth rates in SSP2
and SSP3, the rest of the world remains an importer of
rice. Under the SSP2 and SSP3 scenario, the U.S. switches
from a maize exporter to an importer although barely in
the SSP3 scenario. This is the result of significant yield
decline in the U.S. by 2050 and almost no change in area.
The maize productivity increases included in Iizumi et al.
(2017) for the U.S. are very low over the projection hori-
zon leading to the results that the U.S. maize exports
decline significantly over the time frame analyzed. That
trajectory was not changed when it was introduced in the
model for the sake of internal consistency with the Iizumi
et al. (2017) database. For soybeans, no country changes
its net export situation, that is, no switch from exporter to
importer or vice versa occurs. For wheat, we observe that
India switches from an exporting nation to an importer in
SSP1 and SSP2. India’s wheat exports are minimal in the
no climate change scenario and the increase in population
results in wheat imports in the climate change scenario.

Large increases in maize export quantities are observed
for Argentina (11.7%–24.4%) and the Ukraine (32.8%–
43.2%). Brazilian maize exports decrease between 89.3%
(SSP3) and 98.3% (SSP1) in the RCP8.5 scenario whereas
its soybean exports increase between 3.2% (SSP3) and 17.1%
(SSP1). Rice exports of Vietnam increase between 43.9%
and 45.7% across the SSPs. A relatively constant decrease
around 35% in soybean exports across all SSPs is experi-
enced by the United States. Chinese imports of soybeans
are lower in the RCP8.5 scenarios. Wheat trade presents
interesting results because large wheat-producing coun-
tries and regions such as Canada, China, the EU, Rus-
sia, and the Ukraine see an increase in wheat yields. This
results in a strengthening of their export position. For the
five countries/regions, the lowest and highest increase in
exports is observed in the SSP3 and SSP1 scenarios, respec-
tively. Canada increases exports by 38.5%–44.4%, China
by 21.4%–26.4%, EU 46.5%–108.0%, Russia by 24.3%–36.6%,
and the Ukraine by 25.1%–48.2%.

4.4 Self-sufficiency ratio

The SSR measures the ability of a country’s agricultural
production to produce food for its population. The con-
cept of SSR must be distinguished to a certain degree from
food security. Countries with a low SSR are not neces-
sarily food insecure (e.g., Singapore), and countries with
a high SSR may face distributional issues which results
in food insecurity within the country. To make different
crops comparable to each other, the SSR is often mea-
sured in a common unit such as calories. This can implic-
itly be interpreted as the possibility for substitution among
the crops given a certain level of calorie intake. The SSR
is calculated as 𝑆𝑆𝑅 = 𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛 × 100∕(𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛 +

𝐼𝑚𝑝𝑜𝑟𝑡𝑠 − 𝐸𝑥𝑝𝑜𝑟𝑡𝑠) (Clapp, 2017). An SSR of 100 indi-
cates that a country produces the same amount of food that
they consume. A value above (below) 100 indicates that the
country produces more (less) food than it consumes. We
use a calorie content (in kilojoule per 100 g) formaize, rice,
soybeans, and wheat of 1527, 1506 , 614, and 1368, respec-
tively.7 We do not include all the calories humans con-
sume in our model. For example, animal and fish protein,
vegetables, other crops besides the ones modeled, etc. are
not included.
Figure 8 shows that Argentina, Australia, Canada, Rus-

sia, and the Ukraine significantly increase their SSR com-
pared to other countries.8 Those countries have relatively

7 The data are obtained from https://fdc.nal.usda.gov/ for maize grain
(yellow), rice (white, medium-grain, raw, unenriched), soybeans (green,
raw), and wheat (hard red winter).
8 The 𝑦-axis is different for Figures 8 and 9 due to the order of magnitude.

https://fdc.nal.usda.gov/
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F IGURE 6 Difference in total area harvest from 2005 to 2050 [Color figure can be viewed at wileyonlinelibrary.com]

high latitude (both north- and southward) in common
which leads to higher yield trajectories under climate
change (Stevanović et al., 2016). One could argue that some

countries will benefit from climate change in terms of agri-
cultural productivity for at least some crops and climate
scenarios in the time frameuntil 2050 considered here.Our
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F IGURE 7 Changes in Production in the 2050. The difference is between the no climate change scenario and RCP8.5. The graphs for the
remaining RCPs are presented in the Supplemental Information. [Color figure can be viewed at wileyonlinelibrary.com]
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F IGURE 8 Changes in the Self Sufficiency Ratio between the baseline with no climate change and the scenarios for countries with large
fluctuations in the year 2050. The data represents the individual GCMs as well as the results using the ensemble mean yields. [Color figure
can be viewed at wileyonlinelibrary.com]

long-term climate change projections exclude the effects of
extreme short-term, for example, intra-year, events such as
drought or flooding.
Note that the SSR definition is such that globally self-

sufficiency is attained in any type of scenario. By defini-
tion, the SSR for the world is equal to 100. This is also
the reason why we see little change for the rest of the
world which contains many countries. The U.S. faces a
slight decrease in its SSR. India sees a switch from a sit-
uation where the SSR is above 100 in the baseline with-
out climate change to below 100 in the RCP8.5 scenario
for all SSPs. The reverse is true for South Africa. Popu-
lation size must be taken into account when interpreting
the results. For example, Brazil, India, and the U.S. see a
decrease in their SSR, which is significant given the pop-
ulation size of the country. It is a combination of high
populations and being “tropical” countries (for the case
of Brazil and India). These are the ones in which yields
suffers the most as a result of climate change. This is not
comparable to countries such as Chile, New Zealand, and
South Africa—which have a relatively small population—
that see an increase. Intra-country adaptation by farmers
will lessen the effects of climate change and the CARD
model only accounts for changes at the national level (Bal-
dos et al., 2019).
If the data are disaggregated by crop, then the measure

indicates the deficit (surplus) of a country to satisfy the
demand for a crop by its own production. This is important
for regions like the EU which is a large exporter of wheat
and importer of soybeans. Combining the data based on
calories does not show the different trade position by crop

and country. The self-sufficiency ratio by country and crop
is included in the supplemental material. In this context,
the SSR is more related to the trade position of a country
than food security or food availability. Potential issues for
food securitymay arise if trade is restricted since this could
affect the food availability for countries with a low SSR or
low-income countries.

4.5 Comparison with previous research

To compare the results from the CARD model with
previous literature, simulation data from the project
“Challenges of Global Agriculture in a Climate Change
Context by 2050” (AGCLIM50) from the European Com-
mission was obtained.9 The data and scenarios are
described in van Meijl et al. (2018). The comparability
of the projections for the category “All crops” is limited
because the models vary in terms of crop coverage. The
CARD model projections for area in the absence of cli-
mate change are comparable to the other models for all
crops but are at the higher end for wheat. Comparing
the results in terms of production, the CARD model cal-
culates similar trajectories than other models including
wheat. This suggests lower yields for wheat in the baseline
CARD model. Those results are echoed when comparing
the differences between the baseline and RCP6.0 scenar-
ios in which wheat production decreases almost 7.5% as

9 Data downloaded on November 13, 2020 at https://datam.jrc.ec.europa.
eu/datam/mashup/AGCLIM50PHASE1/index.html

https://datam.jrc.ec.europa.eu/datam/mashup/AGCLIM50PHASE1/index.html
https://datam.jrc.ec.europa.eu/datam/mashup/AGCLIM50PHASE1/index.html
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F IGURE 9 Changes in the Self Sufficiency Ratio between the baseline with no climate change and the scenarios in the year 2050. The
data represents the individual GCMs as well as the results using the ensemble mean yields. [Color figure can be viewed at
wileyonlinelibrary.com]

compared to, for example, the IMAGE Model, which sees
a reduction by 2.5%. Our results are also consistent with
Schmitz et al. (2014) with only rice area and production in
Brazil being slightly higher in the CARD model (see Sup-
plemental Information).

5 POLICY IMPLICATIONS

Evaluating the consequences of climate change is a highly
complex undertaking and we are presenting results for the
agricultural sector. Policies can aim at avoiding further
long-term increases of carbon in the atmosphere (mitiga-

tion) or aim at dampening the effects of climate change
on producers and consumers (adaptation). In this article,
we focus on agricultural production under climate change
and in the context of three socioeconomic environments
and we frame our policy discussion mostly in the context
of economic growth and population, which are the defin-
ing features of the SSPs.
SSP1 assumes the highest GDP growth for all coun-

tries considered. It also assumes the highest population
growth for developed countries/regions such as Australia,
Canada, the EU, Japan, New Zealand, South Africa and
the United States whereas SSP3 has the highest popula-
tion growth for all other countries. Focusing on economic
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growth results in a higher increase in commodity prices
between the baseline and the climate change scenarios but
a closer examination of the price evolution between 2015
and 2050 reveals that prices are lower in SSP1 in abso-
lute terms. Combinedwith higher overall income, this sug-
gests poverty alleviation and improved food security for
vulnerable populations. From an environmental perspec-
tive, higher economic growth and low population growth
in developing countries also leads to less cropland expan-
sion between 2015 and 2050. Our results also suggest that
changes in trade are least pronounced in the SPP3 scenario.
This is consistent with the higher Self-Sufficiency ratio for
food in SSP3 (Figure 8). Our findings suggest that policy
makers—besides focusing on mitigation and adaptation—
can focus on economic growth to increase food security.
Although beyond the scope of this article, distributional
equity plays into food security as well. Cropland use is low-
est in SSP1 and reduced expansion into pasture, grassland,
or native vegetation (i.e., land-uses with usually higher
biomass and soil carbon content compared to cropland)
potentially decrease carbon emissions and thus, mitigate
climate change. There are trade-offs from a policy per-
spective because higher economic growth can also lead to
additional carbon emissions accelerating climate change.
Under high economic growth, other detrimental environ-
mental consequences from agriculture could emerge such
as increased fertilizer (and resulting nitrous oxide emis-
sions) and irrigation use, which have negative effects on
water quality and quantity.
From a producer’s perspective, there will be “winners”

and “losers” depending on the location within and across
countries with distributional consequences, which brings
attention to current and future policies. For example, the
availability of crop insurance in theUnited States currently
protects farmers from adverse weather and pest events.
The expected decline in U.S. maize yields due to extreme
climate change may call into question the feasibility and
affordability of crop insurance (Tack et al., 2018). At the
same time, a shift in cropping patterns to different regions,
which becomemore suitable andmore productive for crop
production, may require long-term planning to dampen
the effects of structural change and rural poverty. Planning
for the development or the redirecting of infrastructure
and logistical channels for changing trade patterns may
be needed.

6 CONCLUSION

There is a large body of literature on the adverse impacts
of climate change on yields and agricultural production.
This article differentiates scenarios by shared socioeco-
nomic pathways using previously published yield data to

determine the effect on prices, land-use, production, and
trade under a baseline without climate change and sce-
narios of RCPs. Our results show that there can be signifi-
cant variations in terms of land-use, trade, and production
in 2050 depending on the macroeconomic environment.
Rice production benefits in the extreme climate change
scenarios presented in this analysis whereas all other com-
modities see a decline in production. Price changes are
most pronounced for maize and soybeans and least for
rice and wheat. Total area for all crops increases in every
scenario and the smallest increase occurs under SSP1. We
also evaluate the food self-sufficiency ratio for our sce-
nario that indicates whether a country or region can ful-
fil all its caloric needs by its own agriculture. Noting that
the ratio is constructed such that the entire world is self
sufficient, there are some countries such as Argentina,
Canada, and the Ukraine that significantly increase their
self-sufficiency ratio because of higher yields. Thus, more
agricultural production occurs in those countries under
climate change due to the production of temperate crops
and location in higher latitudes.
There are several aspects that are not explicitly

addressed in this article. First, the increase in area
harvested due to globally lower yield may result in the
conversion of forests and grassland to cropland. In general,
forest and grassland tend to be richer in biomass and soil
carbon than cropland. The resulting carbon release will
exacerbate climate change leading to a different emission
pathway. The CARD model was developed to assess trade
and production from a partial equilibrium perspective and
is not set up as an integrated assessment model (IAM).
Hence, we cannot iteratively take into account GHG
emissions from farmers’ decision and their effects on
climate change. Second, the reduction in yields will result
in increased irrigation water and fertilizer use with likely
detrimental consequences on environmental quality.
Changes in water usage also have policy implications on
water use and property rights. These water usage changes
and their location call for the integration of water models
into climate change assessments. Third, commodity price
increases negatively affect the welfare of consumers
depending on the geographic distribution of yield changes
and the macroeconomic environment. And last, this
article does not evaluate the impacts of trade restrictions
on food security. The story lines associated with SSP2 and
SSP3 consider regionalized trade and only SSP1 does not
have trade restrictions. Hence, the findings in this article
on food security are driven by population and economic
growth. The CARD model assesses the production, con-
sumption, and trade ofmajor agricultural producers. Thus,
many countries and regions are combined in the category
“Rest of the World,” which makes the evaluation of food
security in those parts limited. A further disaggregation
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of the model would be required to overcome this issue.
This article considers population and economic growths
as the prime drivers for the three SSPs and does not model
various other aspects consistent with the storylines of the
SSPs such as trade and land-use legislation.
Previous research has argued that the absence of trade

restrictions results in a unobstructed shift of the compar-
ative advantage to regions that benefit from higher tem-
peratures. The hypothesized consequences are dampened
effects on commodity prices and adverse welfare changes.
This study analyzes four crops, which cover a significant
caloric intake of global food and feed demand, but it does
not include all crops and fisheries encompassing total
caloric consumption. The four crops in this analysis tend to
be the common denominator which many economic mod-
els include in their analysis. Previous research points out
that intra-country adaptation by farmers will lessen the
effects of climate change. However, the CARDmodel only
accounts for changes at the national level.
Future research is needed to better understand the role

of CO2-fertilization on yields and to integrate the feedback
mechanism from increased land-use and carbon emissions
resulting in higher global temperatures on yields and farm-
ers’ decisionmaking. As pointed out in previous literature,
the possibility of forest carbon credits as an additional rev-
enue source for land owners has the potential to create the
unintended consequence of increasing commodity prices
further. Thus, a careful assessment is necessary to meet
food security and climate goals.
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